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ABSTRACT

Human-initiated land use change is the most significant factor behind the loss of

agricultural and forested areas, thus global climate change. It is important to understand

the reasons behind land use decisions as it is to understand their consequences. Empirical

observations and controlled experimentation are not usually feasible methods for

studying this change. Therefore, researchers have employed complex systems theory (or

complexity theory) to help them understand and model dynamic land use change process

in cities. Cellular automata (CA) theory and agent-based modeling have widely applied in

land use change modelling. CA models can easily model spatial process that is changing

over time, and can handle fine scale dynamics of these spatial processes. Agent-based

models (ABMs) excel at relating the heterogeneous behaviour of agents with different

information, different decision rules, and different situation to the macro behaviour of the

overall system. While both have advantages, they have a number of challenges when

applied to land use change. One of the aims of this dissertation is to develop novel

modelling approaches that integrate geographic information systems (GIS), CA and

ABMs with Bayesian Networks (BNs) for overcoming limitations in the modelling

process by significantly reducing the tedious work in defining parameter values,

transition rules and model structures. As the use of land use models in planning is not

widely accepted and not trusted fully by the urban planners, the other aim is to link land

use models with planning support systems (PSS), especially to use enhanced ABMs in

PSS. Therefore, the proposed modelling approaches were applied to assist in
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understanding the patterns and controls of land use change both spatially and temporarily

for the Metro Vancouver region. They were used to analyze the effects of planning

decisions in accordance with the sustainable development point of view.

Keywords: Agent-based Modelling; Cellular Automata; Bayesian Networks;
Geographic Information Systems and Science; Land Use Change; Sensitivity
Analysis; Planning Support Systems

Subject Terms: Geographic Information Systems and Science; Agent-based
Modelling; Land Use Modelling; Metro Vancouver
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CHAPTER 1
GENERAL INTRODUCTION AND LITERATURE REVIEW

Land use change is one of the most important human activities that creates

significant impacts on the environment at the local, regional, and global scales (Meyer &

Turner, 1994). Among them, expansion of urban areas into existing forested and

agricultural lands is an issue of great concern. Research into the understanding,

representation and modelling of land use change has been a long tradition in planning

(Alberti & Waddell, 2000). In this way, a great number ofland use change models have

been developed to become powerful and reliable tools for urban planners and scientists.

Land use change modelling can be incorporated in planning support systems (PSS),

which gives prospective insights to the consequences of the decisions and development

plans through demonstrating future land use change patterns (Brail & Klosterman, 2001;

Torrens, 2002). Therefore, improving the reliability of land use change models is a

crucial requirement to aid sustainable growth policies and planning so that these models

can be used to support planning decisions towards a sustainable development of urban

regions.

An important step in improving them is to understand strength and weaknesses of

existing land use change models better. In doing so, the research literature on analysis of

land use change can be discussed under two overlapping areas of inquiry; "theories

(theoretical frameworks)" and "models" ofland use change. Theory provides a more



general framework of "connected statements used in the process of explanation" while a

model is "an idealized and structured representation of the real" (Johnston, 2000).

1.1 Theoretical Frameworks of Land Use Change

Chapin and Kaiser (1979) defined theory as "a system of thought which, through

logical constructs, supplies an explanation of a process, behaviour, or other phenomenon

of interest as it exists in reality". Therefore, theories of land use change deal with

understanding and explaining the reasons why cities and urban regions grow and decline.

Simply, it is a set of hypotheses used to understand "what" and "why" of the land use

change process, such as why growth occurs.

Some of the theories adopt the economic way of thinking in which real world

phenomena are analyzed either from a micro-economic or from a macro-economic

perspective. The economics-oriented analyses of land use change share common traits in

which the emphasis placed on the price mechanism (land and transportation costs) as the

principal determinant of the location of human activities in space. They are functionalist!,

quantitative, and sometimes highly mathematical (Briassoulis, 2000)}. The first example

is "central place theory" which is proposed by Christaller (Christaller & Baskin, 1966).

He explained how settlement structures emerge through a competition for space, which

was later modified by Loesch (1954). However, central place theory has limitation since

it is addressing only spatial component of a dynamic phenomenon. To overcome this

limitation, an alternative, diffusion theories, were employed. These diffusion theories

emphasize the time dimension and historical perspective (Pacione, 2001). They analyze

I An analytical perspective in which world is viewed as a set of independent systems. Their collective
actions and relations reflect repeatable and predictable regularities in which form and function can be
assumed to be related.
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how settlements spread across a region. Nonetheless, none of these theories took into

account the political and social driving factors that operate in different scales in order to

analyze the urban systems. In addition, these theories deal more with location in space

rather than with land use. Another concept in systems theories is the human "interaction

in space" (Zipf, 1965) and the related notion of "accessibility" which was reflected

mainly in the variability of transportation costs from some constant point in space

(Korcelli, 1982).

Von Thunen (1966) explained the different locations ofland uses in the city in

terms of the relationships between markets, production, and distance. According to this

theory, the most productive activities will thus compete for the closest land to the market

and activities not productive enough will locate further away which built the foundations

for Alonso's (1964) urban land market theory. The basic criticism of Von Thunen's

theory is the fact that the city is in an isolated state, and it does not take into consideration

the physical constraints in analyzing the land use pattern of the city.

Alonso aims to describe and explain the residential location behaviour of

individual households and the resulting spatial structure of an urban area. The central

concept of this theory is the bid-rent function for each household. The bid rent of a

household is defined as the "maximum rent that can be paid for a unit of land (e.g. per

acre) some distance from the city centre if the household is to maintain a given level of

utility" (Hoover & Giarratani, 1984). However, it provides a static2 description and

explanation of urban land use. In addition, driving forces such as socio-cultural and

political are not accounted for directly. It describes and explains a city that has one

2 They do not describe the cause-effect relationships and are time independent.
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central business district whereas today cities are polycentric (i.e. with no discernible

downtown).

The development of the school of "human ecology" by sociologists of the

Chicago School in the 1920s has had the greatest impact on the analysis of the land use

structure and change of urban regions. It advances the "idea that cities are the outward

manifestation of processes of spatial competition and adaptation by social groups which

correspond to the ecological struggle for environmental adaptation found in nature"

(Cooke, 1983). These theories describe the processes that underline the spatial

configuration of cities. Burgess's concentric zone model of urban land use applied to

Chicago (Burgess, 1925), Hoyt's sector model of land use applied to Sunderland (Hoyt,

1939), and Harris and Ullman's multiple-nuclei model of urban land use (Harris, 1997)

are the most important ones. As these theories are static, they cannot respond easily to the

changes and none of these theories explains why land use change happens, such as the

factors that account for the growth and decline of economic activities, the changes in

preferences of individuals and the constraints on land use and development. On the other

hand, underlying driving factor of these theories is the ability of households to pay for the

price of a particular site in the city.

The need for a theory that is not static, top-down and linear led to the introduction

of complexity theory in land use change analysis. Complexity theory which is the theory

of studying complex systems became an alternative in the literature since it overcomes

some difficulties in traditional theories and models by putting dynamics and bottom-up

approaches. Manson (2001) summarizes the key set of interrelated concepts that define a

complex system, such as relationships between entities, internal structure and

4



surrounding environment, learning and emergent behaviour, and different means by

which complex systems change and grow (self-organization, dissipative, self-organized

critically).

With the complexity theory, the analysis of a system that is being modelled does

not demand a detailed description of all interrelations among the components (Benenson,

1999). Thus, using complexity theory in spatial modelling requires the understanding of

only the most important components of the system to classify their interactions and to

interpret different outcomes. This creates the notion of bottom-up approach] in the

modelling process. In addition, dynamic change at local levels of these complex systems

has global implications, which cannot be explained by top-down models (Batty & Xie,

1997).

Using complexity theory, cities and regions are seen as complex systems as cities

involve a large number of interacting components and they exhibit several of the

signature characteristics of complexity, including fractal dimensionality and self-

similarity across scales, self-organization and emergence (Allen, 1997; Batty & Longley,

1994; Portugali, 2000; Torrens & O'Sullivan, 2000). Like most of the complex systems,

land use processes are non-linear systems; therefore, their dynamics and the rules for

pattern generation and evolution require well-suited tools for their understanding

(Barredo, Kasanko, McCormick, & Lavalle, 2003) which is applying the complexity

theory.

3 The investigation of local processes, construction of models, and extrapolation with spatial data at finer
scales.
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These theories constitute the basis of some of the models of land use change. As

models are used to study and analyze current and future patterns of land use change under

various scenarios in recent literature, successful models depend, among other things, on

the assumptions, specification and the theoretical backgrounds (i.e., theories).

1.2 Models of Land Use Change

Models can be considered as the formal representation of some theory of a system

of interest (Wilson, 1974). More broadly, models can be considered as abstractions,

approximations of reality which are achieved though simplification of complex real

world relations. The models of land use change can be grouped into three; (1) large-scale

urban models (LSUMs), (2) geographic information systems (GIS)-based models, and (3)

complexity theory-based models.

During the 1950s and 1960s, research on urban land use change modelling

attempted to build large scale urban models, which are used to study demographic and

economic measures of land-based activities. These measures describe the population in

terms of income, employment, and the built-space for a given urban area. For example,

LSUMs were developed to analyze land use patterns (Hamburg & Creighton, 1959) and

to analyze how accessibility shapes land use (Hansen, 1959). In addition to these, Lowry

model (Lowry, 1964) is one of the LSUMs. However, LSUMs were criticized during the

early 1970s and 1990s by Lee (1973; 1994) because they are expected to serve too many

purposes at the same time and the information they provided was too coarse to be useful

to the most policy makers. Moreover, they require too much information, and this creates

high costs. They are also lack of theoretical background. Their complexity and large

errors due to rounding errors are among Lee's criticisms as well. In addition to these,
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they do not describe the mechanisms or ordering the cause-effect relationships and they

are time independent. Because of these reasons, they are limited in their abilities to

generate meaningful predictions and fail to deal with the kinds of dynamics that

characterize today's cities like urban sprawl.

The development of GIS more than 40 years ago has opened new horizons for the

management and manipulation of spatial data sets. A GIS is a computer-based system

that provides capabilities to manage, handle, analyze and display georeferenced data

(Longley, 2005).

With the development of GIS, new improvements in spatial data representation,

data collection, data storage, data management, data analysis, and modelling of land use

change models are achieved (Sui, 1998). GIS is used in land use change modelling to

measure spatial identities and exploring spatial relationships by combining locational and

attribute data (Putman, 1991). Moreover, it helped to provide compatible, consistent,

reliable, timely, updated, transferable, and low-cost data sets. However, they have failed

to represent new urban forms and processes (Sui, 1998). In addition, despite the

advantages, there are limitations of GIS in handling and visualizing of temporal data and

integration of spatial and temporal data. Besides, GIS software was designed for

transforming and analyzing data, rather than for rapid iterations needed by dynamic

models. It is also difficult to develop customized applications and operators. They have

large and complex problems since speed of GIS is slow, and have uncertainty due to

human errors, technical limitations and the complexity of nature. Therefore, we need,

besides a computer and some GIS software, understanding of the process itself,
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knowledge and theories on how to formalize the process and the problem as a model, and

the method to solve the problem.

The development of Geographic Information Science (GIScience) which is a field

of information science specializing on the fundamental issues arising from creation,

handling, storage and use of geographic information (Longley, 2005), has created the

new generation of land use models. GIScience provided the spatial modelling processes,

the theories of the mathematical, statistical and computational tools, management of the

geographic databases and the development of the applications in land use change

modelling (Sui, 1998). Consequently, introduction of GIScience, complexity theory and

the changes in computing technology result in replacement of traditional top-down

approaches, which are static and equilibrium-based, by bottom-up and dynamic

approaches in land use change modelling (Maguire, Batty, & Goodchild, 2005).

Complexity theory-based models that have been developed in the literature are cellular

automata (CA) and agent-based models (ABMs).

1.2.1 Cellular Automata

"An automaton is a machine that processes information, proceeding logically,

inexorably performing its next action after applying data received from outside it in light

of instructions programmed within itself' (Levy, 1992). In simple terms, CA is a cellular

entity that has ability to change its state based on cell states, transition rules and

neighbourhood.

In the current literature, the answer to the question "Why CA models are

receiving more attention?" is given by the researchers as the capability for handling
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spatial and temporal dimensions, using bottom-up approach, relying on geospatial data

and capacity to couple with raster-based GIS. Wagner (1997) gives the major advantages

of adopting CA as their power and flexibility as a modelling system, the explicit and

formal treatment of the temporal dimension, and ability to operate on a regular grid

universe. In addition, the other advantages are the application of complexity theory

dealing with spatial phenomenon, being dynamic and fine scaled in resolution, showing

self-organized behaviour, being adaptable and rule based system, and having easy

adaptation with GIS and remote sensing (RS).

CA have been widely applied in land use modelling, focusing on the conversion

of land from nonurban to urban use. Early models were developed by Tobler (1979),

among others. More models are Dynamic Urban Evolution Model (Batty & Xie, 1994,

1997; Batty, Xie, & Sun, 1999), the Research Institute for Knowledge Systems models

(Engelen, White, Uljee, & Drazan, 1995; White & Engelen, 1994, 1997,2000), models

developed by Yeh and Li (1998; 2001; 2003), the Queensland models by Ward, Murray

and Phinn (2000), the SLEUTH model developed by Clarke et al. (Clarke & Gaydos,

1998; Clarke, Hoppen, & Gaydos, 1997; Clarke, Parks, & Crane, 2002; Goldstein,

Candau, & Clarke, 2004; Silva & Clarke, 2005), and models developed by Sembolini

(1997; 2000).

Besides the advantages and wide applications in land use change and urban

growth modelling, some researchers have criticized CA models. The assumptions of the

standard CA model are unrealistic (Couclelis, 1997) because space is homogeneous;

neighbourhoods used are uniform; transitions rules are universal; and system is closed to

outside influences. It has been argued that it is ill suited to the study of urban dynamics
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since CA offer limited configuration of its elements- cell space, cell size, neighbourhood

size and type, and temporal dimension (Torrens & O'Sullivan, 2001). CA models have no

regard to what is happening outside their immediate neighbourhood (Batty, 2000).

Another disadvantage, which is discussed by Childress, Rykiel, Forsythe, Li and Wu

(1996), is the complexity of transition matrix in a CA model as size of state transition

matrix can easily make the model complicated. As some of the modelling processes

require input of huge spatial data, such as land use change and analysis, the outcome of

CA models is easily affected by a series of errors and uncertainties from data sources and

model structures (Yeh & Li, 2006). CA framework is regarded as insufficient in dealing

with mobile objects such as pedestrians, migrating households, or relocating firms, with

the interaction between the local actors that are major determinants of land use change,

and with transportation dynamics in which travel patterns are modelled. As a result,

human decision-making is incorporated in transition rules in order to simulate landscape

transition process based on real behaviour of local actors, and these models are called

ABMs of land use change.

1.2.2 Agent-based Models

Agent-based models are regarded as generalizations of CA in which agents move

around in space, rather than being confined to the cells of a raster environment

(Goodchild, 2005), and agent-based modelling is the process of modelling with agents

(O'Sullivan & Haklay, 2000). ABMs in land use change modelling describe and explain

the evolution of the change in which the agents operate and the interactions among them

which influence the resulting patterns of land use. An agent-based model of land use

change consists of autonomous decision-making entities (i.e., agents), an environment
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through which agents interact, and rules that define the relationship between agents and

their environment (Bousquet & Le Page, 2004; Otter, van der Veen, & de Vriend, 2001).

Agents can be anything like atoms, biological cells, animals, people, or organizations

(Conte, Hegselmann, & Tema, 1997; Epstein & Axtell, 1996; Janssen & Jager, 2000;

Liebrand, Nowak, & Hegselmann, 1988).

Although ABMs are very similar to CA models since they are the tools for the

application of the complexity theory to the real world systems, they differ from CA in

their spatial mobility. CA models are deficient in including individual (humans, animals,

etc.) decisions in the modelling process. ABMs have been widely applied to assist natural

resource managers in assessing and managing dynamic recreation behaviour (Gimblett,

Dumota, & Itami, 1996), and to study land use change processes (Brown, Riolo,

Robinson, North, & Rand, 2005; Brown & Xie, 2006; Deadman, Robinson, Moran, &

Brondizio, 2004; Ligtenberg, Bregt, & van Lammeren, 2001).

The complexity ofthe interactions among the agents gives agent-based models

ability of generating complex and emergent properties. One of the main advantages of

agent-based models is the ability to predict the complex and nonlinear processes (White

& Engelen, 2000). They make use of dynamic models that combine spatial processes and

human decision making (Parker, Manson, Janssen, Hoffmann, & Deadman, 2003).

Furthermore, there is a possibility of modelling top-down influences with agent-based

models (Gilbert & Tema, 2000), which is very important when there are influences of

global processes. They are explanatory in nature, which is important for spatial modelling

since it creates possibilities of experimenting real world situations (Bousquet & Le Page,
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2004). In addition, they can incorporate social processes and non-monetary influences on

decision making (Matthews, Gilbert, Roach, Polhill, & Gotts, 2007).

Although ABMs have some advantageous, they are limited in some aspects. They

require detailed knowledge of behaviour patterns of individuals, which is not possible in

some cases. In terms of computers, they may require considerable coding expertise to

develop as well as considerable computer time to run. In coding process, they require

assumptions about what aspects of behaviour are important and what can be ignored.

Also, the calibration, verification and validation ofABMs are difficult to be

implemented (Brown, Page, Riolo, Zellner, & Rand, 2005; Ligtenberg et aI., 2001).

1.3 Research Problem and Research Questions

The limitations of existing models and theories of land use change led to a

conclusion that land use systems should be approached as complex systems due to their

nonlinear dynamics and many interactions. However, besides many advantages, most of

the existing CA models have some shortcomings, such as inappropriate transition rules,

neighbourhood and cell size definitions, and difficulty in model calibration. Moreover,

much of the work developing cellular urban models has had a tendency to predict urban

sprawl. Models that can simulate land use change but also be operated as an urban

planning tool to build projected growth scenarios and answer 'what-if type questions are

more useful than models that are only predictive. Similar arguments can be postulated for

ABMs. Although they are very suitable to the simulation of land use change process as

they have advantages over traditional models, they have limitations. For example,

relationships between land use drivers are often uncertain to the agent. In addition, agents

have not all the information related to the environment.
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While it is recognized that current models have their limitations in fully

representing the complexity of land use change, there is a need for a method that can

model agent's probabilistic knowledge of uncertain relationships. Bayesian Networks

(BNs) is an alternative approach since they deal with data uncertainty (Jensen, 2001). In

addition, they are designed to model the uncertain knowledge of an expert to deal with

complex systems and data uncertainty. Unlike other methods such as Neural Networks

(Haykin, 1999), they provide information about model variable interactions.

A BN is a graphical model that encodes probabilistic relationships among

variables of interest (Jensen, 2001; Neapolitan, 2003; Pearl, 1988). Because the model

encodes dependencies among all variables, it readily handles situations where some data

entries are missing. BNs can be used to model causal relationships, and hence can be

used to gain understanding about land use change process as a whole. In addition, they

can offer possibilities to develop enhanced land use models that can provide new insights

into more complex geographical problems (Ma, Arentze, Borgers, & Timmermans,

2004). ABMs with BNs have autonomous agents, which have utility structure

(preferences), can learn about the relation between their actions and future states

(probabilities), and try to maximize their expected utilities.

As a result, enhancing land use change models can be used to support planning

process by coupling them with planning support systems (PSS). PSS are computer-based

geo-information tools to explore and manage planners' activities (Geertman & Stillwell,

2004). The components of PSS may include datasets, theoretical constructs and land use

models among others. Results from land use change models can be used by the public,

land use planners, and policy makers to anticipate and plan for the future in a PSS
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framework. Moreover, land use change models can also generate alternative landscape

patterns that can represent different scenarios of future land use change outcomes on the

basis of different land use policies and environmental constraints.

Given all the existing problems and possible solutions, this dissertation is raising

the following research questions:

1. What are the challenges associated with the use ofdifferent CA-based urban

growth model parameters and their impact on the model outcomes? What are

the analysis approaches and measures that can be used to assess the level of

sensitivity ofmodelparameters?

2. What is the alternative to overcome the drawbacks ofGIS-based CA models?

Can BNs improve these models?

3. Can BNs be coupled to integrate human decision making in GIS-based CA

models?

4. Can BNs integrated with CA andABMs capture human interactions and

dynamic behaviour in the land use change process? Is this an enhanced

approach to better represent complexity ofland use change or is there a need

for improvements over that integration?

5. What are the effective methods to validate ABMs?

6. How can the gap between land use change models andplanning be bridged?

What are uses ofABMs in PSS?

1.4 Research Objectives

In this dissertation, land use change process is seen as a dynamic and complex

system, and is studied accordingly. Complexity theory can help to describe and analyze

how human behaviour in spatial land use setting leads to the emergence of land use

patterns. As a result, this dissertation takes complexity approach to land use change
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theory and modelling. Besides, taking a complexity approach to land use change

modelling, Bayesian Networks might improve GIS-based CA and ABMs in inclusion of

human decision-making under uncertainty since they are effective ways of dealing with

data uncertainty. As a result, incorporating GIS, CA, ABMs and BNs eliminate

drawbacks of traditional land use theory and modelling in integrating human behaviour

and space.

If we think about what is the aim behind improving land use models, we conclude

that land use models are intended to be utilized in a land use planning context. However,

the link between modelling and planning is weak. Therefore, this dissertation also

proposes a framework in which enhanced modelling approaches can be used in PSS to

bridge the gap between modelling and planning. The proposed modelling approaches will

provide a means for simulating different land use scenarios to reveal the implications of

different land use policies and to evaluate possible growth scenarios for rapidly urbanized

regions in a PSS. Moreover, they will provide a laboratory in which various types of

spatial human behaviour and the emergence of macro patterns of land use can be studied.

In the light of these, the main objectives of this dissertation are:

1. To enhance existing spatial models by proposing novel modelling approaches

based on complex systems theory and Bayesian Networks;

2. To apply these models to assist in understanding the patterns ofland use and

controls of urban land use change process;

3. To link spatial models and land use planning in generating alternative landscape

patterns based on different land use policies and environmental constraints.
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Consequently, this dissertation aims to propose new modelling approaches to be

used in PSS, which are capable of simulating the future expansion and distribution of

land use in rapidly growing regions. The research therefore proposes hybrid land use

change models that contributes to GIScience and land use science. Specifically, the

proposed model may help in the simulation, visualization and modelling of future land

use change which provides easiness in urban land use policy making. This research will

show that results can improve the understanding of land use change, and thus provide

more information for the better anticipation of servicing, economic opportunities and

infrastructure responses.

1.5 Study Sites and Data Sets

Various study sites were used in each chapter of this dissertation to test the

proposed approaches. In Chapter 2, San Diego region, USA dataset was employed to

assess CA model behaviour. Although any region or city could have been selected as a

study area, San Diego region had advantage on data availability (SANDAG, 2008). A

hypothetical dataset has been created from a dataset available in Idrisi tutorial (Eastman,

2006) to test the proposed model of land use change in Chapter 3. The hypothetical

dataset has been kept complex since the aim was to test the model if it can handle

complete datasets and different land use classes. For the rest of the dissertation, Metro

Vancouver datasets (Metro Vancouver, 2008) were employed in the model simulations

since it is currently an urban region exhibiting a dynamic land use change and urban

growth process. In addition, census data sets from Statistics Canada (Statistics-Canada,

2008) and transportation data sets from Greater Vancouver Transportation Authority

(Translink, 2008) were used.
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1.6 Structure of the Thesis

The thesis starts with an introduction in which literature background, research

questions, and the problem outline were provided. A first major research topic that

follows from the previous discussions is the weaknesses of existing spatial models based

on complex systems theory. Chapter 2 analyses the level of sensitivity ofmodel

parameters since uncertainties embedded in the model outcomes are often ignored or not

adequately addressed. Therefore, uncertainties caused by the CA model structure was

explored through a sensitivity analysis (SA) of a selected GIS-based CA urban growth

model. The research focus was on the impacts of CA neighbourhood size and type in the

model outcomes.

BNs are introduced in Chapter 3 to overcome the limitations of CA models, such

as inappropriate transition rules, uncertainty, limitations in neighbourhood and cell size

definitions, and difficulty in model calibration, which otherwise require much tedious

work in defining parameter values, transition rules and model structures.

In Chapter 4, Influence Diagrams and BNs have been coupled to enhance the

GIS-based CA model of land use. The use of enumeration areas has been used as a cell

neighbourhood and the model has been applied to Metro Vancouver (formerly Greater

Vancouver Regional District), British Columbia, Canada together with the graphical user

interface (GUI).

Chapter 5 builds on a theoretical basis for studying micro level human behaviour

in a spatial land use setting. Human decision-making appears to be the most important

driver of land use changes. The land use system can be considered a highly dynamic,

complex system and should be studied accordingly. This chapter therefore introduces
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agent-based modelling as a method to deal with the complexity of land use changes and

micro level spatial behaviour. The proposed Bayesian Network-based agent system

(BNAS) model simulates the location of heterogeneous agents in the City of Surrey,

which is in Metro Vancouver, and provides an alternative to traditional urban models.

The issue of validation was addressed and a new validation technique was

proposed in Chapter 6. The proposed approach links vector-based GIS and BNs to

enhance existing validation techniques for ABMs that use spatial data with irregular

spatial tessellation.

Chapter 7 enhances the BNAS model by applying the proposed model to real

urban environment with different policy settings. The aim is to show that agent-based

models can be used in Planning Support Systems (PSS) to be used by planning

practitioners and is an improvement to current PSS.

The thesis is concluded by Chapter 8 that summarizes the overall thesis results,

contributions and future research.
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CHAPTER 2
ASSESSING CELLULAR AUTOMATA MODEL
BEHAVIOUR USING A SENSITIVITY ANALYSIS
APPROACH4

2.1 Abstract

Rapid advances in computer and geospatial technology have made it increasingly

possible to design and develop urban models to efficiently simulate spatial growth

patterns. An approach commonly used in geography and urban growth modelling is based

on cellular automata theory and the geographic information systems (GIS) framework.

However, the behaviour of cellular automata (CA) models is affected by uncertainties

arising from the interaction between model elements, structures, and the quality of data

sources used as model input. The uncertainty of CA models has not been sufficiently

addressed in the research literature. The objective of this study is to analyze the

behaviour of a GIS-based CA urban growth model using sensitivity analysis (SA). The

proposed SA approach has both qualitative and quantitative components. These

components were operationalized using the cross-tabulation map, KAPPA index with

coincidence matrices, and spatial metrics. The research focus was on the impacts of CA

neighbourhood size and type on the model outcomes. A total of 432 simulations were

generated and the results suggest that CA neighbourhood size and type configurations

have a significant influence on the CA model output. This study provides insights about

4 A version of this chapter has been published. "Kocabas, V., & Dragicevic, S. (2006). Assessing cellular
automata model behaviour using sensitivity analysis approach. Computers, Environment and Urban
Systems, 30(6), 921-953."
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the limitations of CA model behaviour and contributes to enhancing existing spatial

urban growth modelling procedures.

2.2 Introduction

The expansion of urban areas into existing forested and agricultural lands is a

local and global planning issue of great concern. As urban areas expand, the need for

housing and other amenities intensify. Municipalities endeavour to keep up with these

demands by balancing multiple development and conservation goals, and depend heavily

on the descriptive and predictive capabilities of urban models. Improving the reliability

of urban growth models is therefore a crucial requirement to aid sustainable growth

policies and planning.

Complex systems theory has been widely used to model cities and their evolution.

Cities are characterized by a large number of interacting components and have several

key signatures such as fractal dimensionality, self-similarity, self-organization and

emergence making them suitable to be modelled as complex systems (Allen, 1997; Batty

& Longley, 1994; Portugali, 2000; Torrens & O'Sullivan, 2000). The evolution of cities,

or urban growth, is a complex spatial process and hence a general perspective can be

adopted for its analysis to derive a framework for effective planning and decision

making. For more than a decade, research focus has been on using cellular automata

theory to create spatial modelling approaches for analyzing the spatial complexity and

self-organizing properties of urban growth processes. The concept of cellular automata

was initially proposed by John Von Neumann during the 1950s (Batty, 1997). The

subsequent "Game of Life" application developed by John Conway during the 1970s

contributed to the popularity of cellular automaton (CA) design. The Game of Life
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application consisted of a typical grid of cells (alive or dead) where the possibility of the

cell state was determined by simple transition rules (Batty & Xie, 1994).

CA has been linked to the work of spatial diffusion (Heagerstrand, 1967) and

segregation (Schelling, 1971) modelling approaches, but Waldo Tobler (1979) was the

first to defined CA as geographical model. Later, Couc1elis (1985) used discrete systems

theory to propose an alternative formulation of the cellular spaces. White and Engelen

(1993; 1997) modelled urban growth with a constrained CA model in which cell states

represented land-uses, and the transition rules expressed the potential of a change from

one state to another as a function of existing land use. Clarke and Gaydos (1998)

proposed the SLEUTH model to simulate the historical urban growth for San Francisco

and the Washington! Baltimore region. Li and Yeh (2000) applied a CA model based on

land suitability by incorporating local, regional and global constraints that affect the

modelling dynamics. In recent times, there has been a renewed interest in advancing CA

to improve its capacity to model and simulate urban growth (Batty, 1998; O'Sullivan &

Torrens, 2000). Wu and Webster (1998) applied multi-criteria evaluation into CA

simulation to account for non-deterministic transition rules. Torrens (2001) integrated CA

and multi-agent approaches to support the exploration of what-if scenarios for urban

planning and management. Further, a neural network structure was suggested to

overcome the limitations of defining parameter values (Yeh & Li, 2003).

A reason for the increasing attention given to CA models is the ease with which

they can now be integrated and programmed in raster-based geographic information

system (GIS) environments. In addition, the ability to change spatial resolutions in the

GIS makes the integration useful for exploring a variety of bottom-up modelling
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strategies. For urban growth studies, this bottom-up approach is useful since simple local

rules can be used to evolve complex global patterns (Wolfram, 1984). Specifically, one

can represent the spatial complexity and dynamics of urban growth by selecting various

configurations of the basic elements of the CA model design - cell space, cell size,

neighbourhood size and type, transition rules and temporal increments (Torrens &

O'Sullivan, 2000; White & Engelen, 2000; Yeh & Li, 2001). The research literature

reports on different configurations of CA elements used to model urban growth

processes. Experiments with the use of different cell dimensions have been explored in

some cellular urban models (Barredo, Kasanko, McCormick, & Lavalle, 2003; Jenerette

& Wu, 2001; White & Engelen, 2000) while a variety of neighbourhood sizes and types

have been used in most of the applications. However, the simulation results can be

affected by different configurations of neighbourhood size, type and spatial resolution.

During the calibration process, a systematic analysis of the effects of varying the

elements of the CA model design has not been sufficiently addressed in the literature to

date. Hence, the objective of this study is to analyze the behaviour of a GIS-based CA

urban growth model using sensitivity analysis (SA). The SA approach measured changes

in the model outcome relative to changes in the model elements. The proposed SA was

accomplished by systematically varying two elements, namely the neighbourhood size

and type, and then assessing the differences in model output. In comparing the outputs

(simulated maps), a combination of different SA methods such as cross-classification

(cross-tabulation) map, KAPPA index with coincidence matrices, and different spatial

metrics were used to provide quantitative and qualitative descriptions. The consistency of

the outcomes, the location differences of land-uses with change of elements, and
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sensitivity of the CA model were also assessed. The paper is organized into two parts; the

first part gives the SA approach for the CA model experiments, and the second part

outlines the results and conclusions.

2.3 Sensitivity Analysis

SA explores the input-output information relationship of a model and identifies

the sources of variation influencing model outputs (Saltelli, Chan, & Scott, 2000). The

changes in model output relative to changes in one or more of the input parameter values

are measured. Generally, many SA approaches consists of using a wide range of

techniques including linear regression, measures of importance, Monte Carlo analysis,

and correlation measures (Saltelli et aI., 2000). There are two classes of SA techniques 

univariate and multivariate. The univariate SA assumes the model outcome is analyzed

with respect to the variation of one parameter at a time while the other parameters of the

system remain constant. The multivariate SA is concerned with systematically varying

multiple input parameters and determining the impacts on the analyzed outcome.

Sensitivity analysis is a required stage of modelling practice because it determines

the reliability of the model and aid in assessing uncertainties in the model results. It is

also considered a data resource optimization process, especially since data gathering is a

significant and expensive component of GIS-based modelling. Further, SA is used to

assess model dependencies and their impacts on model input parameters and outcomes

(Crosetto, Tarantola, & Saltelli, 2000). For spatial modelling applications, SA is often

used to understand model behaviour and to assess the coherence between the model and

the real world. However, in CA applications there exists no systematic study of CA

model behaviour using SA principles. Some recent studies have addressed the issue of
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errors and uncertainties related to CA models (Yeh & Li, 2003) while others have

provided an analysis of CA model behaviour with respect to changing the model

components (Clarke, 2003). The appropriate choice of the transition rules is considered as

a key component ofCA models (Childress, Rykiel, Forsythe, Li, & Wu, 1996). White,

Engelen and Uljee (1997) performed sensitivity analysis on the transition rules of a CA

model and compared the model results and simulation outputs visually and with the use

of the KAPPA index. This approach represents a calibration procedure since the model

and simulation outputs were compared with the actual data.

In the current literature, only variations of cell sizes from a scale perspective are

examined (Dietzel & Clarke, 2004; Jenerette & Wu, 2001). Berling-Wolff and Wu (2004)

used a multi-scale approach for model calibration and validation in projecting future

urban growth of Phoenix, USA. Spatial resolution effects on model outputs were

analyzed with the error matrix, goodness-of-fit, and landscape metrics. The multiple

resolution results were compared with empirical data and the findings indicate that model

accuracy decreases with increasing spatial resolution. Menard and Marceau (2005) also

investigated the sensitivity of spatial scale on CA model outcomes in regard to the spatial

resolution and common CA neighbourhood configuration. Liu and Andersson (2004)

explored the effects of temporal dynamics on the behaviour of a CA-based urban growth

model. Also, Chen and Mynett (2003) examined the effects of cell size and

neighbourhood type on an ecological model. Four scenarios were developed using two

different neighbourhood types, and the results analyzed with multiple ecological

indicators such as population density and number of patches. The resulting map patterns

were analyzed in the context of prey-predator modelling. In all of these studies,
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neighbourhood size was not systematically analyzed. There is a need to carefully

examine the effects of neighbourhood size and type on urban growth CA model outputs.

2.3.1 Sensitivity Analysis Approach for Cellular Automata Modelling

The design for this study uses univariate sensitivity analysis with the assumption

that the basic CA elements are independent. This univariate approach is advantageous, as

it requires a lower computational demand for the reduced number of model runs. The

proposed SA method integrates the qualitative and quantitative approaches of cross

classification map, KAPPA index with coincidence matrices, and different spatial

metrics. The effective SA was accomplished by varying the CA basic elements, more

specifically neighbourhood size and type, one at a time. This allows assessment of the

individual contributions of each CA element. The model outputs were then compared

with each other using multiple quantitative and qualitative measures to achieve

convergence of accuracy in the map comparisons.

The qualitative component of the approach used a visual comparison of the CA

model outcomes. Cross-classification maps were created using GIS overlay procedures to

enable visual comparison of the obtained CA simulation maps. By analyzing land-use

classes in two CA model outputs the differences between all combinations of land-use

classes are shown in the cross-classification maps. The advantage is reflected in its

capability to easily highlight locational differences between the two simulation outcome

maps that are being compared.

The quantitative component of the approach relied on the coincidence matrix with

KAPPA index together with various spatial metrics for the comparisons. The KAPPA
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Index is computed with the coincidence matrix to compare the results of changing CA

element values. For the analysis, the degree of similarity between two maps ranges

between -1 and +1 (Cohen, 1960; Lillesand & Kiefer, 1994). A KAPPA index of 1

indicates perfect agreement between two maps. Negative values occur less frequently and

indicate a weak agreement between maps. The possible ranges of KAPPA are

characterized into three categories: strong agreement (1- 0.80), moderate agreement

(0.79-0.40) and poor agreement (0.39-0) (Congalton & Green, 1999; Landis & Koch,

1977). Laurence and Carstensen (1987) analyzed the differences between KAPPA index

and chi-square in measuring the similarities of raster-based maps and concluded that

KAPPA index can be considered as a useful statistics for comparing GIS-based maps.

Our proposed SA approach uses the KAPPA index as one measure to analyze the degree

of similarity between outputs when varying different CA element configurations.

However, there are limitations to using the KAPPA index and coincidence matrix for real

dataset of cities (Barredo et aI., 2003; Straatman, White, & Engelen, 2004; White et aI.,

1997). This is because they not quantify the patterns or map classes that represent

geographic features, thereby making even a small difference of land-use types between

two maps to be shown as an inconsistency. In order to minimize these limitations, this

study implements a multi-method strategy that integrates coincidence matrices, KAPPA

index, and spatial metrics to support the qualitative and quantitative components of the

proposed SA approach.

Spatial metrics have their foundations in landscape ecology where metrics

originating from information measure theory and fractal geometry are used to quantify

the structure and pattern of a landscape (Mandelbrot, 1983; McGarigal & Marks, 1994;
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O'Neill et aI., 1988). For the spatial metrics, the urban environment is considered as the

landscape represented by a series of patches (a group of contiguous cells of the same type

or land-use class) that can be analyzed through the structural analysis of patch

distributions. Spatial metrics are used for comparative purposes to quantify the

dissimilarities between various land-use classes in the urban environment. The

quantitative infonnation derived from spatial metrics can also be utilized in other urban

modelling activities such as model calibration, validation, analysis, interpretation, and

presentation of the model results (Herold, Couclelis, & Clarke, 2005). There is also

evidence that spatial metrics have distinct advantages when used in heterogeneous urban

areas analysis (Herold, Scepan, & Clarke, 2002; Zeng & Wu, 2005). The proposed SA

approach uses spatial metrics to compare the structure and pattern of land-use classes of

the CA model outputs. The combination of patch-based (class area, number ofpatch,

mean patch size, patch size standard deviation, coefficient of variation of patch size) and

edge-based spatial metrics (total edge, fractal dimension) are used to improve the

characterization of the patches/land-use structure and classes variability.

Class area is a measure of landscape composition indicating how much of the

landscape is composed of a particular patch type (McGarigal & Marks, 1994). In addition

to its direct interpretive value, class area is used in the computations for other spatial

metrics. The class area metric compares the change in area of each class by varying the

radius from the centre of the urban area. It is also used to calculate the surface of overall

change for each class type. Number ofpatches (NOP) is the total number of fragmented

patches that belong to a specific land-use class. Mean patch size (MPS) is the mean

value of total patch sizes. Patch size standard deviation (PSSD) is the root mean squared
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error (deviation from the mean) in patch size. It is equal to 0 when all patches in the class

are of the same size. Total edge (TE) is the total length of patches that belong to that

land-use class. Coefficient ofvariation (CV) ofpatch size is defined as the ratio of

standard deviation of patch size divided by the mean patch size. The larger the CV, the

larger is the variability of standard deviation relative to the mean. Fractal dimension (FD)

gives the complexity of the shape and the fragmentation of a land-use class patches by a

perimeter-area proportion (Herold, Goldstein, & Clarke, 2003; Herold et aI., 2002).

Fractal dimension has been used to test urban CA models (Batty, 1997; White & Engelen,

1993; Wu, 1998) and is considered as a useful measure due to its relevance with urban

complexity (White & Engelen, 2000). In the proposed SA approach, a derived version of

FD called the Area Weighted Mean Patch Fractal Dimension (AWMPFD) is used. It

gives a measure of class patch fragmentation when compared to the regular fractal

dimension and eliminates overestimation of the smaller patches due to cell size (Milne,

1991). Hence, the derived FD evaluates patch complexity independently of the patch size.

The AWMPFD varies between 1 and 2; a larger value for FD means a more compact

land-use class.

2.4 Simulation Framework

2.4.1 Study Area and the CA Model

The San Diego region, USA was selected as a study area because of its urban

complexity and data availability although any region or city could have been the study

area. Digital map data for the study area was obtained from San Diego's Regional

Planning Agency public Internet site (SANDAG, 2004). The vector map was rasterized to
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a manageable spatial resolution and contains nine classes: housing, commercial, public,

industrial, recreational, water, transportation network, agriculture, and vacant land.

It was necessary to analyze different urban land-use classes as patches that change

over time and so housing and commercial areas were chosen as the most dynamic. Land

uses types such as agricultural and public areas that would impose more constraints on

urban growth patterns were classified as other land-use classes. Nonetheless, these land

use classes are considered to be changed to housing throughout the simulation. Water

areas and roads represent fixed land-use types and were assumed not to expand or change

position over time. The simulation was configured so that the urban class can grow in any

direction without limitations except for roads and water areas, where urban growth is

assumed to be impossible.

The constrained CA-based simulation model originally developed by White et al.

(1997), and later extended by White and Engelen (2000) was adopted for the research

design. Although a binary model would reduce the analysis process and seems

appropriate for the study aim, it would not reflect actual land-use types and patterns since

urban growth is a complex spatial phenomenon. Specific characteristics of the selected

CA model are now discussed.

2.4.1.1 Transition rules of the CA model

The transition rules are calculated as a vector of transition potentials for each cell

at each simulation using Equation 2-1. Cells are converted to a land-use class with the

highest potential.
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(1-1)

where Ph) is the transition potential from cell state h to state}; v is the stochastic

disturbance term; a} is the accessibility of cell to the infrastructure network; sJ is the

suitability of the cell state for}; N is the neighbourhood effect on cell; H j is the inertia

parameter. Once the potential Ph) is calculated, the cell is converted to the land-use class

of the highest potential.

In this study, the transition potential vector parameters were simplified to better

represent the effects of neighbourhood type and size on the model outcomes. They were

adjusted such that all parameters, except neighbourhood effect N were kept constant.

Any change in the neighbourhood parameter directly affects the transition potential and

hence the model outcomes. The stochastic disturbance term v was set to 1 (v = 1) to

reduce the model complexity. In the White et al. (1997) study, sensitivity analysis with

different levels of stochasticity was conducted and the model outcomes analyzed. In our

study the stochastic variations between model runs were eliminated and identical

simulation results were obtained with the same configuration of the CA elements.

The accessibility of a cell to the infrastructure network a} was set to 1 meaning

that the transportation network was not taken in account. The suitability term, S IJ was set

to 1 and gives all cells an equal suitability for changing to the land-use state j. The

neighbourhood effect N of a cell was calculated as follows:
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N=(1+ Imkd *Iid )

k,i,d

(2-2)

I
d

={I, if the state of cell is equal to k
I 0, otherwise

where m/uJ is the weighting parameter applied to the cells with state k in distance zone d;

lid is the Dirac delta function; i is the index of cells within the distance zone d.

Defining the weighting parameters is an important step and in this study the

parameters were calibrated for the year 1995 land use data of the study site by

comparison of simulation results with actual land-uses for the year 2000. Weighting

parameters were derived for the CA model for predictive simulations. The values of the

obtained weighting parameters were kept constant in all simulations to ensure that only

neighbourhood sizes and types were the model elements that change. In addition to the

weighting parameters, neighbourhood effect is also influenced by the distance zone d

which applies the distance decay effect used by (White & Engelen, 2000). For simplicity

reasons, only two distance zones were chosen to describe the inner and outer parts of the

neighbourhood. Different land-use types have different weights according to their

location (inner or outer) in the neighbourhood and thus their effects on the central cell are

different. In Equation 2-2, the inner and outer neighbourhoods are multiplied by suitable

weighting parameters to obtain the changing neighbourhood effect N, which depends on

distance d. Giving weights for these two zones ensures that future land-uses are affected

differently by inner and outer zones.
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The inertia parameter H j was set to 0 to permit that any land-use can change to

different land-uses. Keeping all the parameters constant, except neighbourhood effect,

our model reduces computational demands but preserves the complexity of the land-use

change process.

Simulations based on the CA model were performed by the Cellular Automata

extension for ESRI's ArcView GIS software (Heuegger, 2002). The GIS-based CA

simulations of urban growth in the San Diego Region were used to obtain different model

outcomes while varying different CA elements, specifically the neighbourhood size and

type. In order to analyze the spatial metrics results, radius zones were created to divide

the study area into sub-areas with an increasing 5km radius from the centre of the urban

core. Spatial metrics are calculated for each sub-area and the spatial analysis of landscape

patches were done using the PATCH ANALYST 3.1 ArcView Extension (Elkie,

Remprel, & Carr, 1999).

2.4.2 Varying the CA Elements

In CA models, the transition of the cell is based on the neighbourhood

representing the influence area of that cell. Determining the areas of influence on the

state of the cell is important for accurate urban land-use change modelling. Hence,

neighbourhood size and type were varied to examine and measure the sensitivity of the

CA model to these elements. The model outputs were then compared with each other

using the proposed quantitative and qualitative measures. Figure 2-1 shows a graphical

representation of the comparison scenarios that have been followed in this study.
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2.4.2.1 Neighbourhood type

The commonly used neighbourhoods for two-dimensional raster-based CA

models are: Von Neumann, rectangular (Moore), and circular neighbourhood. The Von

Neumann neighbourhood consists of four cells, one cell above and below, one right and

left from each cell. The Moore neighbourhood extends the Von Neumann neighbourhood

by including the diagonal cells. In this study, the rectangular and circular neighbourhood

types were used to evaluate the effects of neighbourhood type on simulation results.

Figure 2-la shows the comparison scenarios (between the neighbourhood types) for

analyzing the sensitivity on neighbourhood type. The impacts of these neighbourhood

types on the CA model outcome were addressed for 50m, 100m, 150m, and 250m spatial

resolutions (Figure 2-lc).

2.4.2.2 Neighbourhood size

The literature has reported on both smaller and larger neighbourhood sizes

applied to urban growth models. A small neighbourhood size (Moore neighbourhood of

total 9 cells) was used in the work of Clarke and Gaydos (1998) and Wu (1998). White

and Engelen (1993; 1997) used large circular neighbourhood size (6 cell radius) in many

of their studies. Barredo et al. (2003) also applied larger circular neighbourhood sizes (8

cell radius). In these studies, the reason for choosing a particular neighbourhood size or

type was not elaborated.

This study analyzed the effects of neighbourhood size change on model outcomes

in two parts (Figure 2-1 b). In the first part, simple neighbourhood sizes (without inner

and outer neighbourhoods) were used and the effects of these neighbourhood sizes were
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analyzed. In the simple neighbourhood configuration, neighbourhood size is defined from

2 cells to 10 cells. As a result, 9 neighbourhood sizes were used to investigate the effects

of neighbourhood size by using simple neighbourhood configurations. In the second part,

CA neighbourhood was defined using the inner and outer zones (complex

neighbourhoods) on which the transition of cell state depends. In the complex

neighbourhood configuration, by keeping the inner neighbourhood size to a minimum of

one cell and outer size to a maximum of 10 cells, all combinations of inner and outer

neighbourhood sizes were used to define 45 different sizes. As a result, both simple and

complex neighbourhood sizes cover sufficiently small surfaces to permit local

interactions for the CA model.

A total of 54 neighbourhood sizes (simple and complex neighbourhood

configurations) were used to analyze the effects of neighbourhood size on the CA model

results (Table 2-1). The rectangular and circular neighbourhood types were defined based

on both simple and complex neighbourhood sizes. For example, neighbourhood size R-2

is rectangular neighbourhood with 2 cells from central cell. Moreover, size R-I-2 consists

of rectangular neighbourhood with 1 cell from the central cell for the inner and 2 cells for

the outer neighbourhood. Size R-9-10 consists of 9 cells from the central cell for the inner

and 10 cells for the outer neighbourhood. The impacts of these 54 neighbourhood sizes

on the model outcomes were addressed.

2.5 Results

The GIS-based urban CA simulations of the San Diego Bay area were produced

for temporal intervals of 10-years using a one-year time step. A total of 432 simulation

maps, 8208 cross-tabulation maps and class area spatial metric graphs were generated.
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The results were obtained by varying the neighbourhood type and size at different spatial

resolutions and the outcomes were compared using the integrated multi-method

sensitivity analysis approach.

The cross-tabulation maps were generated at all spatial resolutions for both types

of neighbourhoods to compare simulation outcomes of all pair-wise comparisons of

neighbourhood sizes. The KAPPA index values were calculated for all spatial resolutions

and for both types of neighbourhoods to compare the simulation outcomes.

Table 2-1 Sizes of neighbourhoods

Inner Outer
Inner Outer

NEIGH. Neighbour- Neighbour
TOTAL Neighbour- Neighbour- TOTAL

#OFCELLS NEIGH. SIZE hood hood # OF CELLS
SIZE hood hood

in neighbour-hood [total # of Itotal # of in neighbour-
[total # of cells] Itotal # of cells) cells] cells] hood

R-2 25 C-2 13

R-J 49 C-J 25

R-4 81 C-4 41

R-S 121 CoS 61

R-6 169 C-6 85

R-7 225 C-7 113

R-8 289 C-8 145

R-9 361 C-9 181

R-IO 441 C-IO 221

R-I-2 9 16 25 C-I-2 5 8 13

R-I-J 9 40 49 C-I-J 5 20 25

R-I-4 9 72 81 C-I-4 5 36 41

R-I-S 9 112 121 C-I-S 5 56 61

R-I-6 9 160 169 C-I-6 5 80 85

R-I-7 9 216 225 C-I-7 5 108 113

R-I-8 9 280 289 C-I-8 5 140 145

R-I-9 9 352 361 C-I-9 5 176 181

R-I-IO 9 432 441 C-l-IO 5 216 221

R-2-J 25 24 49 C-2-3 13 12 25

R-2-4 25 56 81 C-2-4 13 28 41

R-2-S 25 96 121 C-2-S 13 48 61

R-2-6 25 144 169 C-2-6 13 72 85

R-2-7 25 200 225 C-2-7 13 100 113

R-2-8 25 264 289 C-2-8 13 132 145

R-2-9 25 336 361 C-2-9 13 168 181

R-2-IO 25 416 441 C-2-IO 13 208 221

R-J-4 49 32 81 C-J-4 25 16 41

R-3-S 49 72 121 C-3-5 25 36 61

R-3-6 49 120 169 C-J-6 25 60 85

R-3-7 49 176 225 C-J-7 25 88 113
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R-l-8 49 240 289 C-l-8 25 120 145

R-l-9 49 312 361 C-l-9 25 156 181

R-l-IO 49 392 441 C-l-IO 25 196 221

R-4-S 81 40 121 C-4-S 41 20 61

R-4-6 81 88 169 C-4-6 41 44 85

R-4-7 81 144 225 C-4-7 41 72 113

R-4-8 81 208 289 C-4-8 41 104 145

R-4-9 81 280 361 C-4-9 41 140 181

R-4-10 81 360 441 C-4-IO 41 180 221

R-S-6 121 48 169 C-S-6 61 24 85

R-S-7 121 104 225 C-S-7 61 52 113

R-S-8 121 168 289 C-S-8 61 84 145

R-S-9 121 240 361 C·S-9 61 120 181

R-S-IO 121 320 441 C-S-IO 61 160 221

R-6-7 169 56 225 C-6-7 85 28 113

R-6-8 169 120 289 C-6-8 85 60 145

R-6-9 169 192 361 C-6-9 85 96 181

R-6-10 169 272 441 C-6-1O 85 136 22J

R-7-8 225 64 289 C-7-8 113 32 145

R-7-9 225 136 361 C-7-9 113 68 181

R-7-10 225 216 441 C-7-10 113 108 221

R-8-9 289 72 361 C-8-9 145 36 181

R-8-10 289 152 441 C-S-IO 145 76 221

R-9-10 361 80 441 C-9-10 181 40 221

The class area graphs represent the relationship between the difference !:i (km2
) in

class area metrics obtained for two simulation results and the distances d (km) for each

radius zone from the centre of the urban area. Calculations are given for housing and

commercial land-use types. The class area graphs are plotted for all spatial resolutions for

all types and sizes of neighbourhoods in order to compare the CA model simulation

outcomes. Radius zones were created to divide the study area into sub-areas with the

increasing radius of 5 km from the centre of the urban area to facilitate the spatial metrics

analysis.

In order to compare the structure of land-use classes obtained by the CA model

simulations, other spatial metrics, number of patches (NOP), mean patch size (MPS),

patch size standard deviation (PSSD), coefficient of variation (CV), total edge (TE) and
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fractal dimension (AWMPFD) were calculated at all spatial resolutions for both types of

neighbourhoods.

The results section is divided into 2 parts: sensitivity analysis using simple

neighbourhoods, and sensitivity analysis using complex neighbourhoods (Figure 2-1).

The findings were analyzed under the text headings of sensitivity on neighbourhood size

change, neighbourhood type change and spatial resolution change. For simplicity, only

selected results highlighting the important findings are presented in each part.

2.5.1 Sensitivity Analysis with Simple Neighbourhoods

2.5.1.1 Sensitivity on neighbourhood size change

Figure 2-2 illustrates the generation of cross-tabulation maps for 100m resolution.

In Figure 2-2a to 2-2c simulation resultant maps for size C-2, size C-3, and size C-IO are

shown. Figure 2-2d and 2-2e depicts the cross-tabulation maps derived to compare the

simulations generated for the neighbourhood of size C-2 against size C-3 (Figure 2-2d)

and the neighbourhood of size C-2 against size C-IO (Figure 2-2e) using the circular

neighbourhood only. The cross-tabulation maps clearly show spatial differences in model

outcomes when neighbourhood size changes. With the increasing neighbourhood size, the

differences between the results tend to become visually apparent. This means that when

the difference between neighbourhood sizes is smaller, similar patterns are obtained;

however, when the difference is larger, dissimilar patterns are generated in the model

outputs.

These results are supported by the KAPPA index values. The general observation

indicates that KAPPA index values decrease with the increase in the difference between
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neighbourhood sizes (Table 2-2). For example, it is 0.91 when comparing circular

neighbourhood size C-2 against size C-3 whereas it decreases to 0.66 for size C-2 against

size C-1 0 at 100 m spatial resolution.
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Figure 2-2 Simulation resultant maps for (a) size C-2; (b) size C-3; (c) size C-IO; and cross tabulation
maps (d) size C-2 Ys. size C-3; (e) size C-2 ys. size C-l 0; for circular neighbourhood at
100m spatial resolution

a

b

c

d

e
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Table 2-2 KAPPA index results for circular simple neighbourhood at 100m spatial resolution

CIRC RECT

CIRC CIRC

C·2 C-J C--l c·~ C-<. C-' C-ll C-. C-tO R-2 R-J R--l R-~ R-<. R-' R-" R-' R-IO

C-2 n ')1 0.85 0.80 0.77 0.74 (J,n 0,69 0.66 C-2 o9J
C-J O,9J 0.87 UKl 0.78 0,76 0,71 n.70 C·J 0.91
C--l

0,9;\ o R9 0.&4 n.Rl lI.77 0.74 C--l
(l.X')

C-~ 0 1)5 0.8') 1I.Af, n 81 0.77 C·~ ('.liS

C-<. 1I.9J 0.9f.1 U.1I4 0.811
C-<i 0.87

C-' C-'
--

n 'J/; U.8? f).X~ O.SS

c-. O.l)l 0.S7 C-8 11.85

c-. 0.94
(·9

082
C-IO C-HI !l,XI

When class area graphs are analyzed, the differences (M between class areas of

land-use types are sensitive to the neighbourhood size change. The difference (~) tends to

increase with the increase of the difference between neighbourhood sizes. Figure 2-3

shows the class area graphs for circular neighbourhood at spatial resolution of 100m.

Although the difference (L1) is less than 10 km2 for size C-2 against size C-3, it increases

to 25 km2 for size C-2 against size C-l O.

The findings of the spatial metrics analysis also concur that neighbourhood size

have an effect on the CA model outcomes. Table 2-3 shows the spatial metrics values for

the model outcomes employed circular neighbourhood at 100m spatial resolution. The

total number of patches (NOP) and total edge (TE) values decrease with decreasing

neighbourhood size. For example, NOP decrease from 51 to 12 and TE decrease from

243.92 km to 93.93 kIn for cornrnercialland-use type.
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Figure 2-3 Class area spatial metric graphs for circular neighbourhood at spatial resolution ofl OOm
and for size (a) C-2 vs. C-3; (b) C-2 vs. C-IO
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Table 2-3 Results for spatial metrics for all simple neighbourhoods at all spatial resolutions

NEIGH. NUMBER OF TOTAL COEFOF FRACTAL
SIZE PATCHES (NOP) EDG£(TE) VARiATION (CV) DIMENSION

rkml (AWMPFD)

R C R C R C R C
501\1
HOUSING LAND-l.'SE

RlC-2 132.00 81.00 1232.80 920.90 3.60 2.91 1.25 1.23

RlC-3 78.00 50.00 914.87 694.07 2.87 252 1.23 1.21

RlC-4 5600 40.00 758.42 611.22 2.43 3.25 1.21 1.22

RlC-S 46.00 39.00 666.4 7 553.19 2.44 3.50 1.21 1.22

RlC-6 40.00 35.00 63066 518.91 3.23 3.50 1.22 1.22

RlC-7 38.00 40.00 594.07 501.81 3.20 401 1.22 1.22

RlC-S 38.00 48.00 563.21 483.59 3.53 438 1.22 1.22

RlC-9 36.00 40.00 535.84 467.05 3.52 4.04 1.22 1.22

RlC-IO 37.00 4300 51923 453.84 3.62 435 1.22 1.23

COMMERCIAL LAND-USE

RlC-2 18000 112.00 434.02 332.98 1.32 1.07 1.20 1.19

RlC-3 110.00 68.00 32463 260.48 1.02 091 I 18 1.18

RlC-4 87.00 4300 286.62 226.29 0.99 077 I 18 1.18

RlC-S 61.00 36.00 251.24 20136 0.87 095 I 18 I. I8

RlC-6 50.00 28.00 236.87 184.22 0.90 088 1.18 1.18

R/C-7 4300 27.00 221.44 176.57 093 0.97 1.18 1.18

RlC-S 37.00 22.00 206.18 172.75 0.94 0.86 I 18 1.18

RlC-9 32.00 21.00 196.19 169.59 092 0.97 I 18 I 18

RIC-I 0 29.00 20.00 18402 16616 0.92 091 I 18 I 19

100M
HOUSING LANS-USE

RlC-2 48.00 38.00 769.30 669.20 4. I I 405 \.24 1.24

RlC-3 39.00 58.00 67058 581.86 4.12 5.46 1.24 1.24

RlC-4 4300 42.00 603.59 559.16 4.23 4.86 1.23 1.24

RlC-S 5900 34.00 573.81 53419 5.55 4.39 1.24 1.24

RlC-6 49.00 31.00 564.56 521.81 5.21 433 1.24 1.24

RlC-7 41.00 33.00 555.77 495.28 4.86 4.63 1.24 1.24

R/C-S 38.00 23.00 542.26 491.59 478 386 1.24 1.25
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RlC-9 32.00 26.00 527.05 501 12 4.33 4.06 124 1.25

RlC-IO 3300 3100 514.77 498.51 4.49 4.46 124 125

COMMERCIAL LAND-USE

RlC-2 83.00 5100 302.10 24392 I 16 106 1.19 118

RlC-3 49.00 29.00 23738 189.14 108 I II 1.18 118

RlC-4 29.00 22.00 199.92 174.69 0.95 I 19 I 18 1 19

RlC-5 28.00 22.00 185.05 165.23 1 13 1.51 1.18 120

RlC-6 2100 15.00 176.31 15379 109 1.38 119 120

RlC-7 2100 13.00 17104 14373 1.36 167 120 1.21

RlC-8 25.00 2200 167.54 133.90 164 2.57 120 121

RlC-9 18.00 16.00 159.11 116.04 1.54 1.78 1.21 1.17

RlC-IO 14.00 12.00 15248 93.93 1.33 2.10 1.20 I 19

150M
HOUSING LAND-USE

RlC-2 30.00 42.00 691.34 64880 4.11 4.87 126 125

RlC-3 41.00 27.00 642.74 60071 4.80 4.12 125 125

RlC-4 27.00 21.00 616.33 556.11 3.97 4.28 125 126

RlC-5 26.00 25.00 597.62 53661 4.63 4.83 1.26 1.26

RlC-6 2100 17.00 563.18 52859 4.23 3.99 126 127

RlC-7 2300 16.00 554.73 53686 4.54 3.85 126 127

RlC-8 32.00 15.00 549.35 518.22 4.77 3.73 125 126

RlC-9 2200 22.00 529.55 517.43 4.53 4.57 1.26 1.26

RlC-IO 19.00 14.00 527.35 510.42 4.21 3.60 126 1.26

COMMERCIAL LAND-USE

RlC-2 4600 29.00 246.88 19256 0.97 120 1.19 1.19

RlC-3 2900 15.00 192.30 172.48 1.23 167 1.19 122

RlC-4 13.00 7.00 17379 149.90 III 1 17 121 1.23

RlC-5 15.00 9.00 172.62 130.51 1.71 161 122 122

RlC-6 9.00 9.00 157.35 11605 141 1.18 123 1.18

RlC-7 8.00 6.00 147.01 8752 129 0.80 1.22 1 16

RlC-8 5.00 6.00 136.94 8408 108 1.10 123 1.17

RlC-9 6.00 7.00 124.70 8088 1.16 1.40 121 1.16

RIC-I 0 9.00 4.00 117.50 68.92 118 104 1.18 116

250M
HOUSING LAND-USE

RlC-2 10.00 12.00 588.03 55196 3.00 3.31 1.26 126

RlC-3 10.00 7.00 551.55 5 I536 2.99 2.44 1.26 125

RlC-4 13.00 7.00 54117 50141 3.44 2.45 125 125

RlC-5 6.00 8.00 5 I558 51387 2.24 2.63 125 125

RlC-6 7.00 8.00 495.22 530.22 2.45 2.63 1.25 1.25

RlC-7 6.00 8.00 502.08 53065 2.23 2.64 1.25 125

RlC-8 8.00 8.00 515.61 537.46 2.63 2.63 1.25 1.25

RlC-9 8.00 8.00 519.45 53468 2.63 2.64 1.25 1.25

RlC-IO 8.00 7.00 536.30 526.58 2.64 2.44 125 125

COMMERCIAL LAND-USE

RlC-2 15.00 12.00 200.51 178.23 104 127 120 1.21

RlC-3 12.00 5.00 176.36 132.13 126 0.82 121 120

RlC-4 6.00 600 150.88 113.68 0.83 0.57 1.21 117

RlC-5 500 5.00 128.70 82.55 0.80 0.92 120 I 15

RlC-6 6.00 4.00 117.57 6988 0.65 I 12 1.17 I 15

RlC-7 500 100 10807 39.19 0.19 000 1.17 I 14

RlC-8 3.00 100 84.40 5453 0.25 000 1 16 I 17

RlC-9 4.00 100 75.37 51.52 0.77 000 1.15 116

RlC-IO 3.00 1.00 6265 51.47 1.36 000 1.17 I 16
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2.5.1.2 Sensitivity on neighbourhood type change

When effects of different neighbourhood types on model outcomes are examined,

the results demonstrate that the CA model outcomes are sensitive to the changes in

neighbour types. Figure 2-4 illustrates the cross-tabulation maps for circular against

rectangular neighbourhood simulations of 100m spatial resolution. Different

neighbourhood types generate similar results for size C-2 (Figure 2-4a) whereas they

generate dissimilarities with the increasing neighbourhood size (e.g. size C-l 0 (Figure 2-

4b)). KAPPA index values also tend to decrease from 0.93 to 0.81 when comparing

circular against rectangular neighbourhood at a spatial resolution of IOOm. This implies

that using different types of neighbourhood can result in discordance of the obtained

outputs.

Figure 2-4 Cross-classification maps for spatial resolution 100m for rectangular vs. circular
neighbourhood for size (a) C-2; (b) C-IO

a b
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The trend in the spatial metrics values is also the same. Figure 2-5 shows the class

area graphs for the comparisons of circular against rectangular neighbourhoods for size

C-2 (Figure 2-5a) and size C-l 0 (Figure 2-5b) at a spatial resolution of 100m. Although

circular and rectangular neighbourhood outcomes generate similar class areas for smaller

neighbourhood sizes (i.e. size C-2), the differences increase for larger neighbourhood

sizes (e.g. size C-l 0). The difference (~) is less than 5 km2 for size I whereas it is around

25 km2 for commercial land-uses of different neighbourhood type outcomes. When other

spatial metrics values are compared for different neighbourhood types, the results show

that model outcomes generate different spatial metrics values (Table 2-3).

Figure 2-5 Class area spatial metric graphs for rectangular against circular neighbourhood at spatial
resolution of 100m and for size (a) C-2; (b) C-IO
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Sensitivity under condition of constant neighbourhood surface

The significant differences explained above are caused by changing only the

neighbourhood type since different neighbourhood types cover different surfaces on the

cell space. For example, rectangular neighbourhood size R-4 has 81 cells whereas the

circular C-4 has 41 cells in total (Table 2-1). Circular neighbourhood is acting locally
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because it always has fewer cells in total than the rectangular one. Large differences in

the total number of cells in the neighbourhood result in different outcomes when

changing only the neighbourhood type. Therefore, a complementary analysis was

conducted by keeping the neighbourhood surface area constant but changing the

neighbourhood type to reveal that neighbourhood type makes a difference in CA

modelling simulations. To illustrate the obtained concepts, the results of size R-7 and size

C-lO were compared with each other by using the proposed sensitivity analysis methods.

As a result, a total of approximately 221 cells are kept constant through rectangular and

circular neighbourhood simulations.

Cross-tabulation results comparing the size R-7 against size C-1 0 at all spatial

resolutions suggest moderate level of agreement. The KAPPA index values range

between 0.74 and 0.84 for different spatial resolutions. These results show that in spite of

keeping the total number of cells constant through different neighbourhood types, the

model is still sensitive to the changes in neighbourhood type.

Class area graphs and spatial metric values also support the findings from cross

tabulation maps and KAPPA index values. The results demonstrate discordances between

the class areas of rectangular and circular neighbourhood type simulations. In addition,

decrease in the spatial resolution cause an increase in the differences (~) between class

areas in the simulation maps. When comparing the structural patterns of the model

outcomes, the number and the size of the created patches are different. For example, NOP

for housing land-use type is 23 for rectangular neighbourhood type and 14 for circular at

150m spatial resolution. TE values of these simulations are also different than each other.

The fractal dimension values do not show major changes for different neighbourhood
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types. Moreover, it does not change significantly for all spatial resolutions and remain

between 1.24 and 1.28 for housing land-use type, and between 1.17 and 1.20 for

commercial land-use type.

2.5.1.3 Sensitivity on spatial resolution changes

The results strongly support the notion that differences between the model

outcomes become apparent with the decrease of spatial resolution. This is clear in the

cross-tabulation maps of circular neighbourhood size C-2 against size C-3 at all spatial

resolutions (Figure 2-6). Cross-tabulation maps at coarser spatial resolutions (e.g. Figure

2-6c) have more discordances than the ones at finer spatial resolutions (e.g. Figure 2-6a).

However, changing spatial resolution does not affect KAPPA index values; they show

consistency through all spatial resolutions (Table 2-2).

Class area graphs show the sensitivity of model outcomes to spatial resolution.

The difference (~) tends to increase with the decrease of spatial resolution (Figure 2-7).

In the coarser resolutions, it is around 25 km2 even though it is around 5 km2 for finer

spatial resolutions. Moreover, spatial metrics results are different for different spatial

resolutions (Table 2-3). The values for NOP and MPS decrease with the decrease in

spatial resolution. The FD results do not show significant changes across all the spatial

resolutions examined.
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Figure 2-6 Cross-classification maps for circular neighbourhood type and size C2 vs. C-3 at spatial
resolution of (a) 50m; (b) 150m; (c) 250m

a b

c
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Figure 2-7 Class area spatial metric graphs for circular neighbourhood type and size C2 vs. C-3 at
spatial resolution of(a) 50m; (b) 150m; (c) 250m
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Sensitivity under condition of constant neighbourhood surface

The experimental results suggest that the CA model outcomes are sensitive to

spatial resolution changes and so a complementary analysis was conducted to test that the

differences obtained at different spatial resolutions were directly influenced by the

change in spatial resolution, the absolute neighbourhood surface (the neighbourhood

surface is the same at all spatial resolutions) were kept constant. Two neighbourhood

surfaces were used, small (size R-7 for 50m; size R-2 for 150m) and large (size R-I0 for

50m; size R-3 for 150m). Small neighbourhood surface is 562500 m2 and large is

1102500 m2
. This is the only configuration that was found to satisfy the condition that

neighbourhood has the same surface over different spatial resolutions. When the cross-
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tabulation maps comparing the simulations done for the small absolute neighbourhood

against the large one using rectangular neighbourhood only for 50m and 150m spatial

resolutions were analyzed, the findings suggest that the model generates different spatial

patterns as spatial resolution decreases. The model is therefore sensitive to change in

spatial resolution. In contrast to the cross-tabulation maps, KAPPA value is 0.92 and 0.90

for 50m and 150m spatial resolutions, respectively.

The class area metrics calculations also support the cross-tabulation map results.

The values of ~ are in the range of 5 km2 and 20 km2 for 50m and 150m spatial

resolutions, respectively. Therefore, changes in spatial resolution affect the land-use

class structures in the model outcomes. For example, for commercial land-use type and

for small to large rectangular neighbourhood size, the number of created patches

decreases from 43 to 29 and from 46 to 29; total edge values decrease from 22 1.44 km to

184.02 km and from 246.88 to 192.3 for spatial resolution of 50m and 150m respectively.

Moreover, the coefficient of variation values are an average of 0.92 for small and large

neighbourhood sizes of 50m respectively whereas they are 0.97 and 1.22 for 150m spatial

resolution. Fractal dimension has an average value of 1.18 for both small and large

neighbourhoods of 50m and 150m spatial resolutions.

2.5.2 Sensitivity Analysis with Complex Neighbourhoods

2.5.2.1 Sensitivity on neighbourhood size change

The results show that neighbourhood size has an impact on the urban morphology

produced by the model. The impacts vary for model outputs with increasing differences

between the neighbourhood sizes. In the case of small difference between neighbourhood

sizes (e.g., size C-1-2 against size C-I-3), the impact on the generated pattern ofland-use
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is also smaller. When the difference between neighbourhood sizes (e.g., size C-I-2

against size C-l-l 0) is large, the difference in the model outputs become highly

significant and the obtained land-use pattern is divergent. Figure 2-8 illustrates these

results for the cross-tabulation maps comparing different neighbourhood sizes: size R/C

1-2 against size R/C-2-4 (Figure 2- 8a, e), size R/C-3-6 (Figure 2-8b, f), size R/C-4-8

(Figure 2- 8c, g), and size R/C-5-1 0 (Figure 2-8d, h) for rectangular (Figure 2-8a-d) and

circular (Figure 2-8e-h) neighbourhood types, all at a spatial resolution of 150m. Visual

inspection shows clear dissimilarities in the generated land-use patterns with the linear

increase of neighbourhood sizes. This suggests that when the difference between

neighbourhood sizes is smaller (size R/C-1-2 against size R/C-2-4) similar patterns of

urban growth are produced regardless of the type of the neighbourhood (comparison of

Figure 2-8a and ge). However, when the difference between neighbourhood sizes

increases (size R/C-I-2 against size R/C-5-1 0) the cross-tabulation maps show a higher

dissimilarity in the generated land-use patterns of different neighbourhood types

(comparison of Figure 2-8d and 8h).
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Figure 2-8 Cross-classification maps created for spatial resolution of 150m for rectangular
neighbourhood for (a) size R-I-2 vs. size R-2-4; (b) size R-I-2 vs. size R-3-6; (c) size R-I
2 vs. size R-4-8; (d) size R-I-2 vs. size R-5-IO; and for circular neighbourhood for size
(e) C-I-2 vs. size C-2-4; (I) size C-I-2 vs. size C-3-6; (g) size C-I-2 vs. size C-4-8; (h) size
C-I-2 vs. size C-5-10
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For reasons of simplicity, KAPPA values are presented for only selected

neighbourhood sizes (size RJC-1-2, size RJC-2-3, size RJC-3-4, size RJC-4-8, and size

RJC-9-10) in Table 2-4. When comparing the simulation results for different

neighbourhood sizes, the results indicate that changing neighbourhood size affects the

model outcome. The KAPPA value is an average of 0.89 when comparing the map of

size R-1-2 against size R-2-3 for the rectangular neighbourhood, whereas it is an average

of 0.70 for size R-I-2 against size R-9-10 for all spatial resolutions which suggests a

decrease from strong agreement to moderate agreement.

Table 2-4 KAPPA index results for all spatial resolutions

Size RJC-2-3 Size RJC-3-4 Size RJC-4-8 Size RJC-9-1 0

R C R C R C R C

50m Size RiC-I-2 090 0.87 0.84 0.8] 0.79 0.76 070 0.36

100m Size RiC-I-2 0.89 0.87 0.84 0.80 0.79 0.69 0.71 0.5

150m Size RiC-)-2 0.88 0.86 082 0.80 077 0.72 0.69 0.38

250m Size RiC-I-2 0.87 0.83 0.80 0.78 0.78 0.78 0.71 0.36

When the class area graphs are examined, the results show that increasing

neighbourhood size gives a larger ~ value. Figure 2-9 illustrates the class area graphs for

a rectangular neighbourhood and various neighbourhood sizes for a spatial resolution of

100m. The difference ~ is smaller, less than 15 km2
, for small differences between

neighbourhood sizes e.g., size R-I-2 against size R-I-3 (Figure 2-9a) or size R-2-3

against size R-2-4 (Figure 2-9c) for both land-use types. However, when there is an

increase in the difference between the neighbourhood sizes, the value for ~ increases to
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increase in the difference between the neighbourhood sizes, the value for !1 increases to

35 km2 as shown in Figure 2-9b for size R-1-2 against size R-I-IO or Fig. 9d for size R-

2-3 against size R-2-1 0 for both land-use types. The housing land-use types generate

larger differences in !1 values than the commercial land-use types.

Figure 2-9 Class area spatial metric graphs for rectangular neighbourhood at spatial resolution of
100m and for (a) size R-I-2 vs. size R-I-3; (b) size R-I-2 vs. size R-I-10; (c) size R-2-3
vs. size R-2-4; (d) size R-2-3 vs. size R-2-10
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The values for number of patches (NOP) and total edge (TE) decrease when the

neighbourhood sizes increase. This suggests that the number and size of the polygons

generated in the simulations for the same type of land-use are different for each

neighbourhood size. For example, for housing land-use type the number of created
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patches decrease from 195 to 36 for rectangular neighbourhood size R-1-2 to size R-9-1 0

at 50m spatial resolution. For the commercial land-use type, the NOP varies from 315 to

40.

Sensitivity on inner and outer neighbourhood sizes

When different sizes of the inner and outer neighbourhoods are used by keeping

the total size of the neighbourhood (inner and outer) constant, different patterns are

obtained from the cross-tabulation maps. Figure 2-10 depicts the cross-tabulation maps

comparing the simulations done for the neighbourhood of size R-2-3 against size R-2-4

(Figure 2-10a) and size R-2-3 against size R-2-7 (Figure 2-10b) using the rectangular

neighbourhood and 100m spatial resolution only. The cross-tabulation maps suggest that

there are spatial differences in model outputs when difference between inner and outer

neighbourhoods increases.
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Figure 2-10 Cross-classification maps created for spatial resolution of 100m for rectangular
neighbourhood for (a) size R-2-3 \'s. size R-2-4; (b) size R-2-3 \'s. size R-2-7

a b

N

w1- E

s

1'1

2.5.2.2 Sensitivity on neighbourhood type change

Figure 2-11 represents the cross-tabu [ation maps of circular against rectangular

neighbourhood simulations at spatial resolution of 100m for the neighbourhoods of size

RJC-I-2 (Figure 2-11a), size RJC-2-4 (Figure 2-11b), size RJC-3-6 (Figure 2-1Ic), and

size RJC-4-8 (Figure 2-11d). The neighbourhood types generate similar resultant maps

for size RJC-I-2, but increasing the neighbourhood size (such as size RJC-4-8) produces

more discordance in the cross-tabulation maps for the same spatial resolution. This

suggests that varying neighbourhood type affects the consistency of the simulated CA

model outputs.
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Figure 2-11 Cmss-c1assification maps for spatial resolution JOOm for rectangular vs. circular
neighbourhood for (a) size R/C-J-2; (b) size RlC-2-4; (c) size R/C-3-6; (d) size R/C-4-8
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In comparing the rectangular and circular neighbourhoods for all spatial

resolutions while keeping the neighbourhood size constant, the KAPPA index values

decrease from an average of 0.92 for neighbourhood size R/C-1-2 to 0.77 for

neighbourhood size R/C-5- J0, and to 0.45 for neighbourhood size R/C-9-1 O. Lower

KAPPA values are associated with larger neighbourhood sizes.
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The trend in the class areas graphs is the same when compared with the cross-

tabulation maps and KAPPA index values. Figure 2-12 presents the class area graphs for

the comparisons of rectangular against circular neighbourhoods for size R/C-1-2 (Figure

2-12a) and size R/C-5-10 (Figure 2-12b) for spatial resolution of 100m, and for spatial

resolution of 150m (Figure 2-12c and 12d) respectively. Moreover, the circular

neighbourhood type is more sensitive than the rectangular neighbourhood at coarser

spatial resolutions, such as 250m. As such, the differences f:. reach the value of20km2 for

size C-1-2, and exceed the value of 50km2 for comparisons obtained for size C-5-1 0 at

250m spatial resolution.

Figure 2-12 Class area spatial metric graphs for rectangular vs. circular neighbourhood types for (a)
neighbourhood size RlC-1-2; (b) neighbourhood size RlC-5-10, at 100m spatial
resolution, and for (c) neighbourhood size RlC-I-2; (d) neighbourhood size R-C-5-IO, at
150m spatial resolution

-0- t.:.)'.'1.1 ,,~.• i..
....... )'m

b

"

"

-0- c.C'.!ULr,.... _
..... to!,:;. J.la

-0- .,t:·)l"l~'·

... " .:'1',

.,

64

d " .) ~,

!':" ••lrll!·-



In addition, when the results of other spatial metrics are examined, the rectangular

neighbourhood generate in general more patches than the circular one. For the housing

land-use type and size RlC-1-2 neighbourhood at the spatial resolution of Sam the NOP

value is 195 and the value for TE is 1504.04 km for rectangular neighbourhood; 117 and

1214.40 km respectively for circular neighbourhood type. Moreover, smaller numbers of

polygons is created as neighbourhood size increases when using circular neighbourhood

for the same land-use type.

The coefficient ofvariation (CV) indicates the level of dispersion of patches

(polygons) generated for the same land-use type. The housing land-use type provides

higher values ofCV, such as a maximum value of9.00 for rectangular and maximum

value of 8.36 for circular neighbourhood types at Sam resolution. The commercial land

use type gives maximum CV value of 1.83 and 1.42 for rectangular and circular

neighbourhood types respectively. Therefore, housing land-use type exhibits greater

dispersion of simulated patches than commercial land-use type.

The fractal dimension (FD) values do not show major differences for all spatial

resolutions and changes in neighbourhood types and sizes and remain maximum value of

between 1.23 and 1.29 for housing land-use type and value of between 1.19 and 1.23 for

commercial land-use. This suggests that similar complexity of the shape and the type of

fragmentations of the patterns of land-use class patches is generated for all types of

simulations regardless of the neighbourhood type or size or spatial resolution used.

2.5.2.3 Sensitivity on spatial resolution changes

The sensitivity on spatial resolution changes is also investigated for complex

neighbourhoods. The cross-tabulation maps for the same neighbourhood sizes at 100m,
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150m, and 250m spatial resolutions are shown in Figure 2-13a to 13f respectively. The

cross-tabulation maps clearly suggest that there are spatial differences in model outputs

when spatial resolution decreases. With decreasing spatial resolution, the differences

between the results from different neighbourhood sizes tend to become visually apparent

for neighbourhood size R-1-2 against size R-9-10 (e.g. Figure 2-13b and 13t). From 50m

to 250m spatial resolutions, the model generates coarser spatial patterns for housing and

commercial land-uses. "When the commercial land-use type is compared to the

simulations obtained for neighbourhood size R-1-2 and size R-1-3 for 100m and 250m

spatial resolutions, the generated area patterns indicate a higher level of similarity for

finer resolutions and discordances for the coarser resolutions on the cross tabulation

maps. This is visible from Figure 2-13a and 13e.

The KAPPA index values show consistent and similar values when spatial

resolution is changed while the neighbourhood size and type are kept the same (Table 2

4). For example, the KAPPA value is 0.90 for rectangular neighbourhood size R-1-2

against size R-2-3 at 50m spatial resolution, and it is 0.87 for the same neighbourhood

sizes at 250 m spatial resolution. The simulated model outcomes indicate a similar trend

in KAPPA values for circular neighbourhood across all spatial resolutions. The KAPPA

values obtained for neighbourhoods of size R/C-I-2 against size R/C-3-4 is 0.84 for the

rectangular neighbourhood whereas it is 0.80 for the circular neighbourhood at 100m

resolution. Circular neighbourhoods are more sensitive to larger sizes; KAPPA value is

0.71 for rectangular neighbourhood size R-I-2 against size R-9-10, and 0.35 for circular

neighbourhood of the same sizes at 100m resolution.
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Figure 2-13 Cross-classification maps for rectangular neighbourhood type and (a) size R-1-2 Ys. size
R-I-3 at 100m spatial resolution; (b) size R-I-2 ys. size R-9-IO at 100m spatial
resolution; (c) size R-I-2 ys. size R-I-3 at 150m spatial resolution; (d) size R-I-2 ys. size
R-9-1O at 150m spatial resolution; (e) size R-I-2 Ys. size R-I-3 at 250m spatial
resolution; (0 size R-1-2 ys. size R-9-IO at 250m spatial resolution
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For all spatial resolutions, the spatial metric results shows that the number of

patches created for both land-use types decreases when the spatial resolution reduces

from 50m to 250m. For example, NOP for rectangular neighbourhood type varies from
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284 to 7 for housing land-use type. Similarly, Nap varies from 238 to 2 for spatial

resolutions of 50m to 250m for circular neighbourhood type. The same can be said for the

total edge values obtained for the polygons for the same land-use classes. Hence, the CA

simulations that used finer neighbourhood sizes generated more patches than others.

Figure 2-14 shows a 3D summary graph for all findings of this study. The average

values ofNap were plotted per total neighbourhood radius and spatial resolutions. It is

evident that the Nap values decrease with a decrease of spatial resolution and

neighbourhood radius. Consequently, using resolutions such as 100m and 150m as well

as neighbourhood radius such as 4 cells and 5 cells from the central cell in urban CA

modelling give the most consistent output results among all simulations.

Figure 2-14 3D plot of different neighbourhood radius and spatial resolution against number of
patches (NOP)
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2.6 Discussion and Conclusion

Cellular automata models have inherent challenges associated with the use of

different model elements and their impact on the model outcomes. Determining the level

of sensitivity of model parameters is important since uncertainties embedded in the model

outcomes are often either ignored or not adequately addressed. This study examined the

impact of model elements on the generated model outputs using a multi-method approach

that integrated visual comparison, the coincidence matrix with KAPPA index, and a

variety of spatial metrics. The results indicate that there are significant impacts of

changing CA elements, specifically neighbourhood size and type, on the simulation

outcomes. Moreover, it was found that the CA model is sensitive to the use of different

spatial resolutions.

The results show that CA model responses are different depending on the spatial

resolution, neighbourhood size and type. Visual inspection of the cross-classification

maps at all spatial resolutions for rectangular and circular neighbourhood types leads to

the conclusion that different neighbourhood types generate different simulated patterns

for the same neighbourhood sizes.

The general visual pattern obtained from the cross-tabulation maps indicates that

decreasing the spatial resolution results in different patterns in the cross-tabulation maps

for the same neighbourhood sizes. Also, the differences of the simulation outcomes

become greater when the difference between the neighbourhood sizes increase. When

comparing the simulation outcomes for two different neighbourhood types - circular and

rectangular, the differences increase as neighbourhood sizes increase. The general trend

is that the circular neighbourhood type is more sensitive at lower spatial resolutions.
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The observations obtained from the KAPPA index values indicate that changing

spatial resolution does not produce significant changes in KAPPA values. Moreover, a

larger difference between neighbourhood sizes results in a lower KAPPA index. When

comparing the KAPPA index values for two different neighbourhood types (circular and

rectangular) while keeping the neighbourhood size constant, the KAPPA values decrease

with increasing neighbourhood sizes.

The general pattern obtained from the class area graphs follows the same trends as

the results from the qualitative component analysis. An increase in the difference

between the neighbourhood sizes results in an increase of the differences (~) between the

obtained class-areas of land-use types in the simulation outcomes. The CA model

generates smaller surfaces for commercial than for residential land-use type, which is

expected regarding the initial maps. The decrease of spatial resolution and the increase of

the difference between neighbourhood sizes used in comparisons lead to the increase in

the obtained differences (~) in the class areas. The variability in the differences (~) can

also be observed in the various zones from the chosen centre of the urban settings.

The general observation from the spatial metrics values shows that both

neighbourhood sizes and types have a strong impact on CA model outcomes. In changing

neighbourhood size and type for any cases, different numbers of patches were obtained

for all simulations. Moreover, the spatial metric values reinforce the earlier conclusions

that changing spatial resolution affects the generated CA model simulation outcomes.

All the obtained simulation results from the cross-tabulation, KAPPA index, and

different spatial metrics corroborate the assertion that the simulated CA model outputs

are sensitive to changes in the CA model elements. Furthermore, the discordances
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between land-use classes in the model outputs are related to the change of spatial

resolution, neighbourhood size and type.

In summary, the results indicates that the CA model is sensitive to

1. changes in spatial resolution when neighbourhood size and type are kept constant;

2. changes in spatial resolution when neighbourhood size is kept constant but

neighbourhood type is being changed;

3. changes of neighbourhood size when spatial resolution and the neighbourhood

type are kept constant;

4. changes of neighbourhood type when spatial resolution is kept constant but the

neighbourhood size is being changed.

The selection of proper configurations of elements in urban CA model designs is

critical. In any problem-solving situation using CA models, the choices of CA elements

and how they affect the interpretation of the generated outputs should be examined more

carefully. Moreover, the proposed sensitivity analysis approach that combines qualitative

and quantitative measures should be incorporated as a compulsory component of

calibration and validation procedures. In order to eliminate or minimize unintended

effects, it is important to find optimal neighbourhood type, size and spatial resolution

prior to the implementation of the CA model. More meaningful decisions in the land-use

management and urban planning process can be obtained by understanding the impact of

the variation of the CA model elements on the output results. The approach implemented

in this study represents an exploratory method of sensitivity analysis that can be used in a

general context to examine and assess CA model errors and uncertainties. The use of
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comprehensive sensitivity analysis in CA modelling should be a mandatory process to

improve the accuracy, precision and relevance of the modelling output scenarios.
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Chapter Links and Transitions

The aim of Chapter 2 was to find weaknesses of CA-based land use/urban growth

models. The results indicated that it is necessary to enhance CA model in order to make

them suitable for modeling urban processes. Therefore, the next chapter proposes a novel

way of enhancing CA models with the use of Bayesian Networks.
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CHAPTER 3
COUPLING BAYESIAN NETWORKS WITH GIS-BASED
CELLULAR AUTOMATA FOR MODELING LAND USE
CHANGE56

3.1 Abstract

Complex systems theory and Cellular Automata (CA) are widely used in

geospatial modelling. However, existing models have been limited by challenges such as

handling of multiple datasets, parameter definition and the calibration procedures in the

modelling process. Bayesian network (BN) formalisms provide an alternative method to

address the drawbacks of these existing models. This study proposes a hybrid model that

integrates BNs, CA and geographic information systems (GIS) to model land use change.

The transition rules of the CA model are generated from a graphical formalism where the

key land use drivers are represented by nodes and the dependencies between them are

expressed by conditional probabilities extracted from historical spatial datasets. The

results indicate that the proposed model is able to realistically simulate and forecast

spatio-temporal process of land use change. Further, it forms the basis for new synergies

in CA model design that can lead to improved model outcomes.

5 A version of this chapter has been published. "Kocabas, Y., & Dragicevic, S. (2006). Coupling Bayesian
Networks with GIS-based cellular automata for modelling land use change. Lecture Notes in Computer
Science, 4197, 217-233"

6 Figures and tables provided in this chapter with kind permission of Springer Science and Business Media
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3.2 Introduction

Geographic Information Systems (GIS) are well established as tools for the

storage, handling, analyzing, and visualizing of spatial data (Goodchild, 2003; Longley,

2005). Despite these advantages, GIS is not well developed for handling the temporal

component of data (Dragicevic & Marceau, 2000). The current GIS have a limited

capacity to handle short time step iterations needed for modeling dynamic spatial

phenomena. There is, therefore, an urgent need to understand the spatio-temporal process

itself, how to formalize the process and the problem as a geographic model, and the

method to solve the problem within GIS frameworks.

The development of GIS based procedures that can handle the dynamics of

geographic phenomena through the integration of complex systems theory is an important

area of GIScience research. Complexity theory has been used extensively to model land

use change processes together with cities and their evolution. Land use change and urban

growth are characterized by a large number of interacting components and have several

key signatures such as fractal dimensionality, self-similarity, self-organization and

emergence that make them suitable to be modeled as complex systems (Allen, 1997;

Batty & Longley, 1994; Portugali, 2000). For more than two decades, complex systems

theory and cellular automata (CA) have been used to handle the dynamics, complexity,

and self-organizing properties of land use change processes. The spatial complexity and

dynamics of land use change is represented by selecting various configurations of the

basic elements of the CA model design - cell space, cell size, neighborhood size and type,

transition rules and temporal increments (Torrens & O'Sullivan, 2000; White & Engelen,

2000; Yeh & Li, 2001). Transition rules are the most important element of the CA as they
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control the behavior of the cells and their evolution into the future states. Recently, there

has been a concerted effort to improve the transition rules (Batty, 1998; O'Sullivan &

Torrens, 2000) or combine other approaches such as multi-criteria evaluation, principal

component analysis and neural networks among others (Li & Yeh, 2002; Wu & Webster,

1998; Yeh & Li, 2003) to advance GIS-based CA.

Bayesian Networks (BNs) provides an alternative approach based on artificial

intelligence that can overcome some of the challenges of CA models. In the late 1970s

and 1980s, rule-based approaches were common in artificial intelligence (AI). Although

neural networks were popularized later, they have failed when sufficient data are not

available for data learning. In the late 1980s, BNs were seen as an efficient way to deal

with data uncertainty (Charniak, 1991; Heckerman, Mamdani, & Wellman, 1995). The

early applications of BN were in medical diagnosis and genetics, but recently their use

have expanded to areas such as environmental studies (Little et aI., 2004) and geographic

information systems (Stassopoulou, Petrou, & Kittler, 1998).

The Bayesian Networks are considered as probabilistic network-graphical models

that use probability and graph theory in their implementation (Pearl, 1988). The

advantage of probabilistic networks is that they provide explicit representations of

dependencies or independencies between variables without scientific numeric or

functional details (Buntine, 1996). As a probabilistic network, the BN representation was

originally designed to model the uncertain knowledge of an expert to deal with complex

systems and data uncertainty. In BN models, simple parts (such as land use drivers) of the

complex system (such as land use change process) are constructed using graph theory.

The parts are then combined to each other using probability theory (Jordan & Sejnowski,
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2001). BNs are used for probabilistic inference and based on Bayes' Theorem, which is a

mathematical formula to calculate probabilities among several variables that are causally

related (Bayes, Price, Canton, Deming, & Molina, 1963).

The objective of this study is to improve existing CA models by proposing a

hybrid GIS-based Bayesian network cellular automata model. The theoretical framework

for this study is the integration of cellular automata with Bayesian networks since the

formulation of cellular automata transition rules should depend on how driving factors of

land use change are perceived. Thus, land use change is seen as the result of the interplay

between land use drivers that mimics the complexity of a spatial process. Sensitivity

analysis was used to test the model for changes occurring in the model outcomes when

the number of nodes and land use classes are changed.

3.3 The BN-CA Model

Cellular automata are discrete spatial models (White & Engelen, 2000). They

consist of an array of cells, each of which has cell states. The state of a cell at consecutive

time t+1 is a function of its state, its neighborhood, and set of transition rules at an initial

time t. Using this function, transition rules are applied to each cell to determine what state

it should change to during a time transition. This step is repeated over the whole cell

array. The cell state can be mathematically represented as:

S; (t +1) = feN; (t), s; (t), T) (3-1)

where S;{t) and S;{t+ 1) are the states of cell i at the initial and consecutive time t and t+ 1

respectively; N;{t) is the neighborhood state of cell i at time t; T are the transition rules. In

general, the transition rules are in the form of <IF, THEN, ELSE> statements. For
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example, IF an event occurs in the neighborhood of a cell, THEN some-other-event

occurs to the cell (Batty, 1997).

In land use change modeling, these rules represent how change occurs in the real

world. Since there is no standard procedure or method for defining transition rules, they

are reformulated in the spatial modeling literature using probabilistic expressions,

accessibility algorithms, logistic regression, linguistic variables, multi-criteria evaluation

methods, and neural network structure among others. However, when processes and

changes in the urban area are difficult to describe (e.g. large number of factors affecting

land use change), then most of these methods fail to adequately capture the land use

change process. Neural Networks (NN) (Yeh & Li, 2003) have been used to improve the

capability of CA models to deal with multiple land uses. With the NN-CA models, the

parameters required for the simulation are determined by a training procedure and no

transition rules are required. However, they are black-box models when incorporated in

the CA structure. Explicit knowledge about the modeled land use change process is not

provided. In addition, the optimal structure for the numbers of network layers and

neurons is still unclear for a specific application (Zhou & Civco, 1996). Hence, there is a

need to make the design and implementation of existing CA models more explicit.

The alternative method of Bayesian Networks is proposed to simulate land use

change in cellular automata spatial models. A Bayesian network is the pair (G, P) where

G is a Directed Acyclic Graph (DAG) where nodes represent variables, arcs between

nodes represent probabilistic dependencies, and P is a multivariate probability

distribution defined on variables that correspond to the nodes of G. A graph is called

81



directed if the graph links have directions. A directed graph is acyclic if the graph

contains no directed cycles.

The elements of BN are (Pearl, 1988):

1. Variables: A set of variables and a set of directed edges between variables,

2. States: Each set contains a finite set of mutually exclusive states,

3. Structure: The variables coupled with the directed edges form a DAG,

4. CPT: Each variable A with parents Bl, B2 Bn has a Conditional Probability

Table (CPT) which includes P (A IBl, B2 Bn).

If directed edges (arcs) in the DAG are assumed to represent causality, then BNs

are sometimes called causal networks. However, when building BN models, users and

experts do not need to see the links as causal relationships. Rather they should ensure that

links correspond to qualitative relationships. In order to explain the basic BN ideas,

consider the example in Figure 3-1. The circles are nodes and they are the variables. They

represent the most important factors about the particular phenomenon. They are linked so

that a change in one will result in a chain reaction of impacts on all the linked variables in

the direction of the links, assuming that the links represent causality. Each variable is

probabilistically independent of its non-parents given its parents. Therefore, the absence

of a direct link between A and G means that the influence ofA on G results from other

variables (e.g. C, D, E). The design of the network such as deciding which factors link to

each other is based on how the phenomenon being modeled is perceived. For simplicity,

assume that all the nodes are binary variables that take a value of either true (T) or false

(F). While the states of the variables can be discrete, they can also be real valued, integer

valued, or multivariate (Neapolitan, 2003). For each node, there is a conditional
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probability function that relates this node to its parents. For instance, the probabilistic

relationship between D and its parent C is the conditional probability distribution ofD

given C. This is expressed in the conditional probability table shown in Figure 3-1. In the

table, Poo means probability ofD being false given C is false, that

is P(D = false IC = false) . Therefore, the important characteristic of Bayesian Networks is

their explicit representation of the conditional dependence and independence between

variables (Varis, 1998).

Figure 3-1 A simple Bayesian network structure containing seven variables
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The probability of every possible event as defined by the values of all the

variables is called the joint probability distribution. It has been shown (Pearl, 1988) that

the joint probability distribution induced by the DAG can be factorized into the

conditional distribution ofeach variable with respect to its parents (Equation 3-3):
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n

P(X\ ... X n )= n P(X;lpa;)
I

where pa; is the set of direct parents for variable Xi' Therefore, the probability

distribution represented by the example network from Figure 3-1 is:

(3-2)

P(A,B, ...,G) =P(A)P(B)P(C1 A,B)P(DI C)P(EI C)P(FI D,E)P(GI C, D, E) (3-3)

3.3.1 Model Framework

In the proposed model, the transition rules T in the Equation 3-1 are equal to (G,

P) and the cell states are defined as:

SJt + 1) = !(S;(t), T(G, P)) (3-4)

which implied that the cell state at time t+1 depends on the current cell state and

transition rules defined by G and P. The proposed model eliminates the use of

neighborhood type and size in the transition rules since it is proved that CA model

outcomes are sensitive to the changing neighborhood size and type (Kocabas &

Dragicevic, 2006). In the next section, the details of the model building process will be

elaborated.

3.3.2 Building the BN-CA Model

3.3.2.1 Defining Input Raster GIS Layers and Bayesian Network Nodes

Multiple GIS layers provide the data input to this model and they represent the

key land use drivers that affect the land use change. The GIS operations such as
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reclassification, distance calculations, suitability evaluation, buffering, and overlay are

used to derive suitable areas and constraints as input layers. These input GIS layers are

defined as nodes in the BN structure. In addition to land use driver nodes, future land use

state is defined as a node in the BN structure. Consequently, probabilities of each future

land use state conditional on land use drivers are calculated. The values of the nodes are

represented as discrete or continuous or both.

3.3.2.2 Structuring the Bayesian Network.

Once the variables and their values are identified, the next step is to identify the

structure ofthe BN and how the nodes are connected together. The structure should

capture the relationships between variables. Nodes should be linked such that if one

affects or causes the other, there should be an arc between them. The direction of the arc

represents the causation.

The experts can construct the structure and quantify probabilities in the network

by using their knowledge. Nevertheless, some researchers (Sanguesa & Burrell, 2000)

have argued that instead of trusting experts, the BN should be constructed from the

observed data in a learning process. This provides a better way to interpret the existing

(observed) data in an accurate manner and to better understand the phenomenon that is

being modeled. In land use change modeling, this gives an indication of what variables

are the main factors in the land use change process.

Learning in BN depends on whether the network structure is known and whether

the variables are all observable (Buntine, 1994; Heckerman, Geiger, & Chickering,

1995). In this study, the BN structure is extracted using the data at two temporal

snapshots of the study site to find the factors underlying the land use change process.
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Figure 3-2 depicts how the BN sub-model is conceptualized in terms of observed data

and predicted data. The data of the site are observed but the BN structure is not known. In

this case, given the set of variables, the links must be found and then parameters as the

values in the Conditional Probability Table (CPT) must be estimated using the observed

data (data at time t and t+f1t of the site).

The K2 algorithm (Cooper & Herskovit~, 1992) which uses Bayesian scoring

method was used in this study to learn the BN structure from two observed land use

datasets. The K2 algorithm provides an efficient way to structure learning from complete

observable data (Cheng, Greiner, Kelly, Bell, & Uu, 2002). The algorithm starts with a

network with no links; then for each node, it incrementally adds parents whose addition

increases the score of the resulting structure until the addition of parents does not increase

the score.

3.3.2.3 Estimating Conditional Probability Table (CPT) in the BN Structure

In the process of BN structure learning, there are several possible ways to obtain

estimates for the conditional probabilities in the CPT. It is possible to use subjective

probabilities, usually encoded from expert knowledge when the data available for a

particular variable are limited or non-existent. The alternative to subjective probabilities

is learning, which is achieved by calculating the conditional probability table values

using estimation techniques such as Maximum Likelihood Estimation (MLE) and

Bayesian estimation.

In this study, since the network structure was learned from observed data in the

previous step, the structure is known and complete data are available to derive the
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probabilities. This is the most studied case of learning BN in the research literature. MLE

estimation was applied to compute the probabilities.

3.3.2.4 Inference - Predicting Future Land Use.

The last step in building the BN sub-model of the BN-CA hybrid model is the

prediction done by inference. The computation of a probability of interest given a model

is called probabilistic inference (Heckerman, 1999). In this step, observed variable states

are entered as evidence in the BN to calculate the revised probabilities of interest given

the evidence. In this study, the Junction Tree Algorithm was used to calculate the

inference in the BN (Jensen, Lauritzen, & Olesen, 1990). As shown in Figure 3-2, the

observed data at time t+~t are entered into the BN as evidences and the probabilities of

each land use state at time t+nM are obtained using BN learning and inference

algorithms.

For each cell, the BN inference is used to obtain the probabilities of each

predicted land use state. Then, the transition rule ofthe CA changes each cell's land use

state to one with the highest potential. Each cell is subject to inference and transition rule

in each iteration.
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Figure 3-2 GIS based BN-CA model: conceptual framework
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3.4 Model Implementation and Simulation Results

3.4.1 Study Site

A hypothetical study site was created at 25m spatial resolution with 900x1363

cells. The two hypothetical snapshots of this site with the temporal interval of 10 years

(M=10years, n=2) were used in the simulations of the proposed model. Figure 3-3 depicts

the new residential development that was created along the undeveloped land. In these

land use maps, there are ten common land use classes, namely residential, industrial,

commercial, office, schools, recreation, green areas, agriculture, undeveloped land and

others (such as water bodies, roads).
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3.4.2 Data Preparation

In the hybrid model, the first step is to identify the key variables-land use drivers

that affect the land use change process since changes in the types of land use are induced

by these drivers. A total often spatial variables were identified as key factors that affect

future land use change. These variables are: distance to education facilities, distance to

existing transportation network, distance to commercial centers, distance to employment

centers, distance to recreational facilities, distance to green areas, constraints (water

areas, steep sloped, flood areas), land use policies, land ownership and current land use

(Table 3-1). These layers as variables were obtained by using raster GIS analyses. The

Euclidean distances in the ArcGIS software were used to calculate the distance variables

and to classify them into three main classes: 'good', 'medium' and 'low' accessibility to

the land use driver being considered.
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Figure 3-3 Hypothetical site with land use classes at time t and t+!O years
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Table 3-1 Input variables of the proposed model

Land use drivers/variables Raster GIS calculations
Distance to education Euclidean distance from every cell to the nearest schools,

universities, colleges.
Distance to existing Euclidean distance from every cell to the nearest street network
transportation network
Distance to commercial Euclidean distance from every cell to the nearest commercial areas,
centers such as shopping malls
Distance to employment Euclidean distance from every cell to the nearest office spaces and
centers business areas
Distance to recreational Euclidean distance from every cell to the nearest recreational
facilities attractions, such as tourist attraction sites, stadiums, etc
Distance to green areas Euclidean distance from every cell to the nearest green areas, such as

residential parks, hillsides, etc
Constraints Physical and policy constraints to the development such as

conservation areas, flood plains, steep slopes, etc
Land use policies Govemment policy and plans on future land use
Land ownership Public land ownership (land owned by schools, states, forest service,

etc) and private land ownership
Current land use Current land use

3.4.3 Simulations

The proposed BN-CA model was applied to the hypothetical study site with a

spatial resolution of 25m and temporal resolution of lO years. The study site data at time t

and t+ J0 years were input to the model and the land use map at t+ 20 years was predicted

(~t=1O years, n=2 iterations that were generated). The algorithm of the proposed model

was coded in the Matlab software using some of the functions of the Bayes Net Toolbox

(Murphy, 2001). The proposed BN-CA model uses a loose coupling architecture with the

ArcGIS and Matlab software.

All the variables, namely land use drivers were incorporated into the BN as nodes.

In addition to those, as a last node, predicted land use was defined in the BN structure to

obtain the probabilities of each future land use state conditional on the others. The

distance variables have three states (good, medium, and low accessibility), constraints
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and ownership have two states (public and private ownerships), and policy and land use

variables have ten states representing the land use classes.

Bayesian Networks employ two important operations: explanation and prediction.

The explanation part was accomplished by a BN learning procedure in which the

structure of the network was constructed and values of the CPT were estimated from the

observed data at initial time t and consecutive time t+ 10 years. Although all cells could

be used for structure and parameter learning, 1000 cells from the raster GIS layers at time

t were chosen randomly for the learning algorithms. When the number of cells required

for learning increases, the sample complexity increases and creates computational

complexity. In addition, the performance of the learning improves with increasing the

number of observed cells. The result of the structure learning procedure is shown in

Figure 3-4, which explains the underlying processes and interactions in the study site.

Distance to existing transportation network affects other distance variables, except green

areas. In addition, distance to employment centers, land use policies and current land use

directly affects the future land use change.
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Figure 3-4 Learned BN structure

~---.... /----"'"
( DIstance to~ (constraints )

~~ '-- /1

~

Distance to

\ SChOO~

(6ist~n~
\ commer~ial
"-- centres- -

OwnerShip)

Distan;~~
road;- )

'-----'

f-/
/

/

~urrent land us

'-----

istance to
recreational

centres ..-/--- ----

/ ----.
(Predicted land')
\ use /

"----. ----

Prediction was employed by the probabilistic inference and cellular automata

transition rules. With the inference algorithm, the probabilities of each future land use

state were calculated. Then, transition rule decides the change from one land use state to

another depending on the highest probability. Figure 3-5 illustrates the land use states

predicted for 20 years, at t+ 20 generated by the proposed model. The results imply that

the predicted land use generated by the model show similar growth to the current land use

change trend where new residential areas appeared on the undeveloped land.
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Figure 3-5 Predicted land use generated by the proposed hybrid model at time 1+20 years with using
eleven nodes
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Sensitivity Analysis is useful in spatial modeling to identify what parts of the

model are critical and which ones are less likely to be important to the results (Kocabas &

Dragicevic, 2006; Menard & Marceau, 2005). The proposed model's sensitivity was

tested by running the model with different configurations. There are two sensitivity areas

of the model: node sensitivity and classification sensitivity.

In testing the node sensitivity of the model, different number of nodes was

incorporated into the BN sub-model. As a result, different simulation results were

obtained. For example, Figure 3-6 shows the predicted land use map when seven nodes

(only six distance nodes and future land use node) were employed. It can be seen from
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the figure that the resultant map has only seven land use classes and the model did not

generate residential growth. In addition, large school areas were generated by the model.

This shows that model is very sensitive to the number of nodes; as a result, the most

important nodes should be determined and used in the model. It should also be noted that

as the number of nodes increases, the joint probability distribution grows exponentially

and creates computational complexity in the calculation of probabilities.

Figure 3-6 Predicted land use at time t+20 years when seven nodes are used in the model
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Figure 3-7 Predicted land use at time t+20 years with: a) three and b) fourteen land use classes
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Apart from the node sensitivity, there is also classification sensitivity on how land

usc categorization and classification affect the land use change models (Dietzel & Clarke,

2006). In this study, simulations were performed with a variety of land use classes; from

three to fourteen, and the outcomes of the model with different land use classes were

analyzed. Figure 3-7 depicts two of the outcomes, using three land use classes (Figure 3-
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7a) and using fourteen classes (Figure 3-7b). Visual comparison of these maps and the

simulation obtained for ten classes (Figure 3-5) illustrates that land use classification

affects the residential growth since the generated directions and shapes are different.

In addition to the land use classification sensitivity examination, the model's

sensitivity to the number of distance classes was investigated. Initial simulation was

employed with three and five class distance layers (Figure 3-5 and 8 respectively). The

simulation outcomes were compared and it can be seen that the generated pattern is

different. Figure 3-8 depicts that large residential areas are created at the expense of

green areas in the inner core of the urban area.

The results of sensitivity analysis emphasize the importance of the node selection

and the land use classification in the modeling process. The GIS based BN-CA model is

sensitive to the changes in the number of nodes, the number of distance classes, and the

number of land use classes.
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Figure 3-8 Predicted land use at time t+20 years when five class distance layers were used
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3.6 Conclusion

This study developed a novel hybrid model that incorporated Bayesian Networks,

Cellular Automata and GIS to predict dynamic land use changes in an urban

environment. The developed model addressed some drawbacks of existing GIS-based CA

models. First, the developed model is a dynamic GIS model that uses spatial complexity

theory. Second, it makes explicit the information about the process of land use change.

Third, the transition rule definition is relatively simple. Fourth, the model is explanatory

and predictive which makes it useful for land use change modeling. Fifth, the model

handles datasets with a large number of variables and relationships. In most probabilistic

models, each variable in the model directly affects the outcome of the model. However,
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in the real world it is possible that one variable can affect the outcome directly or

indirectly through several variables. This relationship between variables can be

represented with Bayesian Networks. This characteristic ofBNs is important in land use

change modeling as it is difficult to define model parameters and transition rules when

many variables affect the change. Finally, the model allows ease in calibration due to the

learning procedure. Causal relationships are learned from available data by using

Bayesian Networks.

In the developed model, the CA transition rules are represented by a specific

Bayesian Network. Land use drivers are represented by nodes and dependencies between

them are represented by conditional probabilities. After the probabilities of the future

land use state given the other variables states are calculated, the decision whether the

current cell state will be converted or not to the other state is made. The developed model

was applied to a hypothetical study site. The results showed that Bayesian networks are

suitable for deriving the complex relationships between land use drivers that cause land

use change. Moreover, the developed model is capable of producing various scenarios of

land use change. With different scenarios through the inclusion of planning policies in the

BN structure, it can be used to make predictions in response to policy changes. Further,

when some of the variables change (e.g. new roads, new commercial centers), the model

can be updated by recalculating the probabilities instead of re-running the model. This

emphasizes the ability of the GIS-based BN-CA model to represent and respond to

changing configurations.

Sensitivity analysis allowed model testing and the evaluation of the changes

occurring in the model outcomes when the number of nodes and land use classes were
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changed. The results of the sensitivity analysis indicate that the model is sensitive to the

changes in the number of nodes and land use classes. Due to the use of hypothetical

datasets, validation of the proposed model is not accomplished. This implies that detailed

calibration and validation procedures have to be established in GIS-based BN-CA model

applications, and this forms the basis of ongoing research in the development of hybrid

GIS BN-CA models.
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Chapter Links and Transitions

In Chapter 3, a new CA-based land use change model was proposed as an

enhancement over the limitations of existing CA models. A hypothetical site was used as

a study area as the aim was only to test the model. However, since the model was at the

preliminary stage, it was extended with better capabilities in Chapter 4. Different than

previous chapter, neighborhood was employed; influence diagrams were added to

Bayesian Networks; the model was applied to a real dataset (Metro Vancouver); different

land use scenarios were implemented; and graphical user interface (GUI) was designed.

103



CHAPTER 4
ENHANCING A GIS CELLULAR AUTOMATA MODEL OF
LAND USE CHANGE: BAYESIAN NETWORKS,
INFLUENCE DIAGRAMS AND CAUSALITy7

4.1 Abstract

Cellular Automata (CA) models at present do not adequately take into account the

relationship and interactions between variables. However, land use change is influenced

by multiple variables and their relationships. The objective of this study is to develop a

novel CA model within a geographic information system (GIS) that consists of Bayesian

Network (BN) and Influence Diagram (ID) sub-models. Further, the proposed model is

intended to simplify the definition ofparameter values, transition rules and model

structure. Multiple GIS layers provide inputs and the CA defines the transition rules by

running the two sub-models. In the BN sub-model, land use drivers are encoded with

conditional probabilities extracted from historical data to represent inter-dependencies

between the drivers. Using the ID sub-model, the decision ofchanging from one land use

state to another is made based on utility theory. The model was applied to the Metro

Vancouver, Canada for simulating future land use changes in from 2001 to 2031. The

results indicate that the model is capable to detect spatio-temporal drivers and generate

various scenarios of land use change making it a useful tool for exploring complex

planning scenarios.

7 A version of this chapter has been published. "Kocabas, V., & Dragicevic, S. (2007). Enhancing a GIS
cellular automata model of land use change: Bayesian networks, influence diagrams and causality.
Transactions in GIS, 11(5),679-700"
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4.2 Introduction

For more than two decades, spatial cellular automata (CA) models have been used

to examine the spatial complexity and self-organizing characteristics of urban growth

processes. CA is a dynamic bottom-up modeling technique that generates global patterns

from local cells using four principle elements; cell space (lattice), cell states,

neighbourhoods, and transition rules (Batty, 2005). The standard CA structure has been

modified over time by customizations of its core elements thereby making it suitable for

urban and regional land use modelling.

Enhancements to CA models were achieved by incorporating components such as

stochasticity (Maria de Almeida et aI., 2003), probability theory (Arai, Masuda, &

Tanaka, 2005; Jenerette & Wu, 200 I), logistic regression (Arai & Akiyama, 2004; Liu &

Andersson, 2004; Verburg, de Nijs, Ritsema van Eck, Visser, & de Jong, 2004) and

neural networks (NN) (Yeh & Li, 2003), among others. Most of these improved CA

models take into account the factors individually, not the relationship between them. Due

to the emergent characteristics of cities (Allen, 1997; Benenson & Torrens, 2004;

Portugali, Benenson, & Orner, 1997), they cannot be understood without reference to

relationships between factors that affect land use change. Factors, however, are usually

correlated and it is possible that one variable can affect another directly or indirectly

through several variables in the urban system.

When there is no sufficient knowledge about the system or lack of data, then

expert knowledge is used to derive transition rules in the modelling process.

Nevertheless, existing models do not provide easy ways of incorporating expert

knowledge. In the case ofNN in CA models, data for the training of the network has to
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be set, and then the network trains itself to detennine those input variables that are the

most important. Hence, the NN does not explicitly identify which variable contributes to

the model output resulting in the possibility that a number of unimportant variables may

be used. Moreover, interpreting the weights in the NN is not straightforward. As a result,

NN models do not provide any infonnation about variable interactions and hence they

can be labelled as "black-box" models.

Bayesian Networks (BNs) provide an alternative approach to existing models in

order to overcome some of the challenges mentioned previously. BNs are considered to

be probabilistic network-graphical models that use probability and graph theories in their

implementation (Pearl, 1988). In BN models, simple parts of the complex system are

constructed with the aid of graph theory principles; the parts are then linked to each other

using probability theory (Jordan & Sejnowski, 2001). In the case of land use change, land

use drivers are the variables in the BN structure and the land use change process is

modelled using graph and probability theories. BNs allow all the model parameters to

have a clear semantic interpretation and the conditional probabilities are intuitively

understandable unlike the weights in the neural networks. Hence, BN models are not

"black-box" models.

The advantages of BNs over existing methods in the analysis of complex systems

and relationship between the variables have made them attractive tools for spatial

modelling research. Henriksen et al. (2007) applied BNs in public participatory

modelling of groundwater contamination management. Divergent stakeholder values,

interests and beliefs are modelled and negotiated with the use ofBNs. Little et al. (2004)

used BNs in a spatially-explicit model of vessel fishing behaviour to evaluate
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management options for the common coral trout fishery on the Great Barrier Reef (GBR),

Australia. Also, BNs have been compared with neural networks and decision tree

methods in predicting agricultural land use on the basis of information from the Scottish

Agricultural Census (Aalders & Aitkenhead, 2006). Their findings indicate that these

methodologies can predict land use even with imperfect data.

In addition to the applications of Bayesian Networks, there are also studies,

which have applied Bayesian methods to CA modelling. Maria de Almeida et al. (2005)

utilized weights of evidence methods that employs Bayesian conditional probabilities to

calculate the transition probabilities in their CA-based land use change model. However,

this model does not represent the relationships between factors in a specific Bayesian

Network structure.

Influence Diagrams (IDs) are used instead of Bayesian Networks in some

problems, which require decisions to be made. Ma et al. (2005) applied IDs to a multi

agent model of land use decisions. BNs and IDs were used to model habitat and

population viability under land management alternatives (Marcot, Holthausen, Raphael,

Rowland, & Wisdom, 2001) and to model non-point source pollution (Domer, Shi, &

Swayne, 2007).

O'Sullivan (2001) used graph theory coupled with a CA model in which cell

neighbourhoods are represented by a graph structure. However, this study takes another

direction and defines the factors that affect land use change and the relationships between

them using graph, probability and utility theories (Kocabas & Dragicevic, 2006).

In response to the problems outlined above, this research focuses on four

objectives. First, a novel Bayesian Network-Influence Diagram based cellular automata
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(BNID-CA) model is proposed to overcome the limitations of existing CA models. The

new hybrid model combines the GIS-based cellular automata model and artificial

intelligence approaches through two sub-models: Bayesian Network (BN) and Influence

Diagram (lD). Thus, future land use change was modelled through generating specific

Bayesian Network based on a graphical representation where land use drivers are

represented by nodes and the dependencies between them are represented by conditional

probabilities. Then, a specific Influence Diagram executes the decision making process,

whether to change the current land use state to another state. Second, a graphical user

interface is designed to facilitate the model testing and analysis of the simulation results

that can be used by policy makers and urban planners. Third, real world datasets are used

to generate the future land use change of the Metro Vancouver, British Columbia,

Canada. Fourth, the model outcomes of the Metro Vancouver predictions are analyzed

using cross-tabulation map with chi-square and Kappa index, class area graphs and

spatial metrics to compare the results of different land use policy scenarios.

4.3 Bayesian Networks

In the late 1980s, Artificial Intelligence researchers discovered that Bayesian

Networks offered an efficient way to deal with data uncertainty (Heckerman, Mamdani,

& Wellman, 1995; Pearl, 1988). BNs are based on Bayes' Theorem (Equation 4-1),

expressed with a mathematical formula to calculate conditional probabilities among

several variables:

peA IB) = PCB IA)P(A)
PCB)
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and where E = [(Vi' VI) IVi' V j E V, i '¢ j] for directed graph. Each (vi, vj) is called an arc,

directed from vi to vj, meaning vi is a parent ofvj. A graph is called directed if the links

in the graphs have directions. A directed graph is acyclic if graph contains no directed

cycles. A Bayesian Network over V is a pair (O,P) where G is a directed acyclic graph

(DAG) with a node for each variable Vi E V and P is a multivariate probability

distribution defined for each variable vi in V (Equation 4-2). In this study, node and

variable are used interchangeably since each variable in V corresponds to a node in BN. P

is defined as follows:

(4-2)

where nevi) denotes the parents of viE V in G.

Figure 4-la shows a simple BN example to illustrate the basic elements of the BN

structure. There are four basic elements characteristic of all BNs (Pearl, 1988):

1. A set of nodes representing variables Vi: Example BN has five nodes A, B, C, D,

E. They represent the most important factors of a particular phenomenon that is

being modelled.

2. Each node with a set of mutually exclusive states: Example nodes have binary

states either true or false for simplicity. While the states of the variables can be

discrete, they can also real valued, integer valued or multivariate (Neapolitan,

2003).
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3. A set of directed links representing causal8 relationships between nodes: A change

in one variable will result in a chain reaction of impacts on all the linked

variables, assuming that the links represent causality.

4. A set of probabilities P(V; IJr(v;)) , one for each node vi, specifying the chance

that a node will be in a particular state given the state of its parents. These

probabilities are stored in Conditional Probability Tables (CPT) and quantify the

strength of the dependencies between variables which are connected in the BN

structure (Bromley, Jackson, Clymer, Giacomello, & Jensen, 2005). For example,

the probabilistic relationship between D and its parent C is the conditional

probability distribution of D given C. This is expressed in the conditional

probability table in Figure 4-1. In the table, POO means probability of D being

false given C is false, that is P(D = false IC = false) .

A BN satisfies the Markov condition which states that any node is

probabilistically independent from its non-descendents given its parents (Neapolitan,

2003). Therefore, the absence of a direct link between A and E means that the influence

of A on E is resulted by other variables (e.g. C and D). This means A does not have a

direct influence on E but has indirect influence through other variables such as C and D.

The design of the network that includes which factors link to each other is based on the

problem context and conceptualization.

The probability of every possible event as defined by the values of all the

variables is factorized into joint probability distribution:

n

P(V\ ...Vn ) =ITp(v; IJr(v;)
;=\

8 Causality will be explained in Section 4.3.1.

110

(4-3)



using the Markov condition in BNs. The probabilities of interest given evidence can be

calculated from a joint probability distribution which is called probabilities inference.

The evidence is in the form of "A=a" which states "A is in state a". Additional discussion

on BNs can be found in Pearl (1988) and Jensen (2001), among others.

- - - - - -/ -1- - - - -
CPT of D 0

C F T
F Pnn Pf)1

T P11) PH

Figure 4-1 Simple (a) Bayesian Network structure with five nodes corresponding variables (A, B, C,
D, E) and Conditional Probability Table (CPT) of node D; (b) Influence Diagram
structure with the Decision Node (Dc) and the Utility Node (U).
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4.3.1 Causality and Bayesian Networks

Causality or causation is defined as the time-ordered relationship between one

event (called cause) and another event (called effect) which is the consequence of the first

(Pearl, 2000). If the arcs (links) in BNs are interpreted as indicating the time-ordered

cause-effect relationships, then Bayesian networks can represent causality (Druzdzel &
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Simon, 1993; Lauritzen & Spiegelhalter, 1988; Pearl, 1988). Sometimes, causal relations

are obvious such as when a fire alarm causes people to leave a building. For urban

systems, changes in land use types are induced by drivers of change. Understanding land

use change drivers and their interaction with other drivers is of central importance in

forecasting land use change. In this study, BN represents land use drivers and how they

affect land use change. Thus, the BN structure (i.e., causal DAG) can be used to represent

causality in that context.

With the assumption that BN represents causality, the causal Markov condition

can be applied to bridge causality and conditional independence. The causal Markov

condition is satisfied when: 1) there are no hidden nodes; 2) there is no selection bias; 3)

there are no feedback loops. A variable is independent of all its non-effects (i.e. non

descendants) given its direct causes (i.e. parents). When constructing a BN using

identified causal influences, the probability distribution of the variables must satisfy the

causal Markov condition.

4.3.2 Influence Diagrams

An Influence Diagram (ID) is a BN extended with utility nodes and decision

nodes (Howard & Matheson, 1983). Figure 4-1b represents an example ofInfluence

Diagrams. The Utility (U) of the decision process depends on the outcome of the Random

Event (E) and the Decision Alternative (Dc) chosen. Decision and Utility Nodes does not

have CPTs. However, like other nodes they have states. Decision Node states represent

the various decision alternatives and Utility Node states represent the utility of each

possible outcome ofthe decisions. For example, Utility Node (U) is associated with a set

of Utilities U(7T; (U)) which specifies utility outcomes for U's parents. The utility of the
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outcome is the value of the outcome to the decision maker in decision making problems

(Neapolitan, 2003). These utilities are usually in the form of dollars, costs or benefits of

each outcome.

The Influence Diagrams represent a decision problem and the solution to this

problem is to find a decision that maximizes the value of the consequences. Thus, for

each decision the utilities of its outcome are multiplied with the probabilities that these

outcomes will occur. This is called the Expected Utility (EV) of decision di and given by;

;=n

EU(d;) = LU(7l";(U) IdJP(7l";(U))
;=1

where 7l"i(V) is the values for the parents of the Utility Node U and P(7l";(U)) is the

(4-4)

probability of 7l";(U). The decision choice which has the highest EU is determined to solve

the Influence Diagram given as follows:

EU(D) =max(EU(d;))

4.4 Model Framework

(4-5)

The proposed BNID-CA model is structured as a GIS-based cellular automata

consisting of two sub-models: Bayesian Network and Influence Diagram. The Bayesian

Network component calculates the probabilities of each future land use state given the

defined land use drivers. The Influence Diagram component finds the best decision to

change between land uses based on the highest utility.
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In CA modelling, the land use state of a cell i at consecutive time t+1 is

determined by the state of the cell at time t, neighbourhood state of the cell at time t and

the transition rules:

Sij (t + 1) = f(Nij (t),Sij (t),T) (4-6)

where Sij (t) and Sij (t+ 1) are the land use states of the cell at location ij; N ij (t) is the

neighbourhood status of the cell at location ij; T is the transition function with a set of

rules.

In the BNID-CA model, different CA transition rules are applied to each cell to

determine what state it will change to during the time of transition. The CA cell array

. f S (t) = 1 d S (t) = 0 II ficonsIsts 0 urban 1J an non urban 1J ce s. The ust rule states that a cell

changes its state if it is non-urban which means that urban cells will stay as urban

throughout the simulation. That is,

. {then run the Bayesian Networkif S(t)=O
I) otherwise Set + 1) =1

Subsequently, if the cell is non-urban, the CA runs the Bayesian Network to

obtain the probabilities of the cell states at time t+ 1 given the evidence.

4.4.1 Bayesian Network Sub-model

In the running process of the Bayesian Network, four steps have been

distinguished and followed. As a first step, land use drivers that affect the land use

change are defined as the nodes in the BN structure. In addition, future land use is also

defined as a node in the BN structure so that probabilities of each future land use state
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conditional on the land use drivers can be calculated. Then, multiple GIS operations, such

as reclassification of land uses, distance calculations from strategic land uses, and

suitability mapping were used to prepare the input layers of the proposed model.

Once the variables and their values are identified, the next step is to identify the

structure of the BN. Although the network structure and the CPTs can be subjective

(using expert knowledge), designing the network structure and encoding the relationships

is usually a difficult task. Therefore, some algorithms have been used to find the best

network structure that fits the observed data and this process is called learning. Learning

in BN depends on whether the structure of the network is known and whether the

variables are all observable (Table 4-1). The two time series data of the site is known but

the BN structure is not known. In this case, given the set of variables, the links between

them must be found and then parameters (the values in the CPT) must be estimated using

the observed data (data at time t and Hllt ofthe site).

In this study, the K2 algorithm (Cooper & Herskovits, 1992) based on a Bayesian

Scoring method was used to learn the BN structure from the observed two land use

datasets since it is found to be an efficient algorithm for structure learning from complete

observable data (Cheng, Greiner, Kelly, Bell, & Liu, 2002). The K2 algorithm finds the

best network structure by recursively selecting the best set of parents for each node

independently (Scuderi & Clifton, 2004). A major drawback of the K2 algorithm is the

reliance on the order of the nodes. Therefore, it is important to choose the order carefully.

Multiple exploratory simulations with randomly chosen order were performed to extract a

consistent order of the nodes.
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Table 4-1 Four possible cases in learning of Bayesian Networks

Case Structure Observed Data

I Known Complete

Structure ofthe network is specified by Data and prior information does not

the expert/user contain any missing values

All variables are observable

2 Unknown Complete

Structure ofthe network is not specified Data and prior information does not

by the expert/user which requires contain any missing values

structure learning All variables are observable

3 Known Incomplete

Structure ofthe network is specified by Data andprior information does contain

the expert/user missing values

Not all variables are observable

4 Unknown Incomplete

Structure ofthe network is not specified Data andprior information does contain

by the expert/user which requires missing values

structure learning Not all variables are observable

Once the network structure is chosen, CPT parameters are estimated. As in

structure learning ofBN, there are several possible ways of obtaining estimates for the

conditional probabilities in the CPT. It is possible to use subjective probabilities, usually

encoded from expert knowledge when the data available for a particular variable are

limited or even non-existent. However, the number of parameters that must be

determined grows exponentially with the number of parents of the node. For example, if

the node has n parents which have m number of states, then mn probabilities must be

specified. This could be problematic if the parameters are being obtained from expert

knowledge. Therefore, learning these parameters from observed data can ease the process

and give a level of objective probabilities rather than fully subjective probabilities. In this
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study, the probabilities were derived from observed data using Maximum Likelihood

Estimation (Table 4-1, case 1).

Finally, in the last step, the probabilistic inference is employed. Observed variable

states are entered as evidences to calculate the revised probabilities of interest given the

evidence. The observed data at time Hl1t is entered to the BN as evidences and the

probabilities of each land use state at time t+nl1t are obtained. There are several

algorithms which have been developed to perform inference in BNs (Lauritzen &

Spiegelhalter, 1988; Pearl, 1988). In this study, the Junction Tree algorithm (Jensen,

2001) was employed. The algorithm first groups the nodes which are fully connected,

then connects them to form a junction graph (tree). Using a message passing method, it

collects probabilities from children nodes and updates the probabilities at parents.

Afterwards, distributes updated information to the children nodes so that new

probabilities are calculated.

After the probabilities are calculated by the Bayesian Network sub-model, CA

runs the second transition rule:

{
then Set + 1) = 0

if P(S((t+l)=lle)<P(Si(t+l)=Ole) .. .
Y Y otherwIse contmue to the Influence DIagram

This transition rule states that ifprobability of the cell state being urban given the

evidence e is less than the probability of the cell state being non-urban given evidence e,

then state of the cell at time t+1 is non-urban, otherwise continue to the simulation with

Influence Diagram.
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P(urban) = 1-p
P(non-urban) =p

4.4.2 Influence Diagram Sub-model

In CA modelling, the decision of changing one land use state to another is usually

made by choosing the land state that has the highest probability of occurring. Another

way is to introduce decision problem solving method through Influence Diagrams. A

Decision Node and a Utility Node were added to the Bayesian Network structure in this

step. Figure 4-2 represents the Influence Diagram of the proposed model. The Decision

Node (Dc) represents the decision of whether or not to change the current non-urban state

of a cell to an urban state. The Utility Node (U) measures the utilities of the outcomes of

these two decision states based on the predicted land use state.

Figure 4-2 Influence Diagram of the proposed model

Dc
1

r d" change currenlland use 5t,,!eIdz: not Change currenI land use slale

U(urban/d,) =q

U(non-urbanld/) = 0

U(urbanld,) = 0

U(non-urbanld2) =1-q

This study defines three growth scenarios and a utility function for each scenario

in predicting the future land use change (Figure 4-3). The utilities of each outcome

depends on the cost of changing the land use state (Cij), slope of the cell (Sij), distance of

the cell to the built-up areas (Bij), and whether the cell is in the green zone (Gij). The

Compact Growth Scenario (Scenario A) assumes that new urban areas will be around the
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existing urban areas, creating higher concentration of urban areas. The Environmental

Growth Scenario (Scenario B) focuses on protecting areas of natural significance and

amenity including parks, recreational and agricultural areas from future urban

development. The Current Trend Scenario (Scenario C) does not take into account the

policies whereas it only considers the physical constraints.

Figure 4-3 Utility function

a
\).3·

04

o ....
x

b----_ ~

)

1

(x- a)2
1- 21-

\b--a
UtilitY'

1 2(b-X)
10 b-a

{B
* C·' *S

I). I) lJ
X= C *S.

Ij IJ

n *B *C*S
JIj IJ Ij Ij

xS;a

a+ b
a~x5:-

2

a+b
--o:::xo:::b

2

x?b

for ScenarioA

for ScenarioB

for ScenarioC

Utilities and then expected utilities are calculated for each cell and for each

scenario. The decision which has the highest expected utility is chosen by the CA for

each scenario. Then the cell state is converted according to the decision for each scenario.

Finally, the model outputs three predicted land use maps corresponding to the three

growth scenarios.

4.5 Results

The algorithm of the proposed model was coded in Matlab (Mathworks, 2007) by

using some of the functions of the Bayes Net Toolbox (Murphy, 2001). The proposed

BNID-CA model adopts a loose coupling architecture using the ArcGIS (ESRI, 2007)
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and Matlab software. The input geospatial data layers were managed in ArcGIS, and then

imported into Matlab as image files. The following sections describe the simulation

results carried out using the developed graphical user interface (GUI) of the proposed

model.

4.5.1 Study Site

The proposed BNID-CA model was applied to the Metro Vancouver which is the

third largest urban region in Canada (Figure 4-4). It is a partnership of21 municipalities

and one electoral area that stretches from the border of the United States to Lions Bay,

and from Bowen Island to Langley Township. Metro Vancouver has a population of

almost two million people based on the 2001 census data (Statistics-Canada, 2007), and

projections suggest the population could grow to nearly three million over the next few

decades (Metro Vancouver, 2007). The proposed model simulates land use change in the

Metro Vancouver for 30 years using five-year time step and various dynamics of growth

will be analyzed.

4.5.2 Data Management

A total of nine land use drivers were identified as the key variables for the

proposed model. These variables are proximity to existing street networks, employment

centres, town centres, built-up areas and sky-train stations, population density in the

neighbourhood, average income in the neighbourhood, average dwelling value in the

neighbourhood, and average rent in the neighbourhood. Other than these, variables such

as green zones, slope and cost were used in the calculation of utilities. Table 4-2 explains

all the variables, gives the base map they were derived from, and the source of the base
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maps. All the variables were obtained by GIS analyses at 25 m spatial resolution. The

distance variables were calculated using the Euclidean distance function in ArcGIS. After

the distances were calculated, they were categorized into two classes as 'high' and 'low'

accessibility (Table 4-3). Land use, green zone and cost maps were derived from 1996

and 2001 land use maps. Information on slope was generated from DEM of the region

(GeoBase, 2007).
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Figure 4-4 Study Area
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In the existing CA models, the neighbourhood is a specific number of cells which

are adjacent. As the neighbourhood is the area which has an influence on the central cell,

the standard choice of a CA neighbourhood is replaced by fixing the neighbourhood to

each cell's corresponding enumeration area (EA). An EA is the smallest spatial unit

defined for the year 1996 census (Statistics-Canada, 2007). EAs represent the influence

area better since the data on demographic, economic and social living conditions are

collected at that spatial unit and are homogeneous. Thus, only neighbours of cell i that are

in its corresponding enumeration area can affect the state of cell i in the CA modelling

procedure. Figure 4-5 shows how EAs were used as CA cell neighbourhood. Each cell's
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neighbourhood consists of cells that fall in its corresponding EA. For example, cell i's

neighbourhood is EAl (light grey) whereas cellj's is EA2 (dark grey).

The dissemination area (DA) replaced the enumeration area in year 2001 census

(Statistics-Canada, 2007). Therefore, population density, average income, dwelling value

and rent values in the EAs for 1996 and in the DAs for 2001 of each cell in the GIS data

layers were calculated. They were classified into two classes as 'high' and 'low' values

(Table 4-3).
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Table 4-2 Input GIS layers of the proposed model

Land use
Base map from

Source of the
drivers/variables

Description which input
base map

layers derived
Proximity to existing Euclidean distance from

Land use maps METRO
street network every cell to the nearest

( 1996,200 I) VANCOUVER
(TRANS) street network

Proximity to
Euclidean distance from
every cell to the nearest Land use maps METRO

employment centers
office spaces and business ( 1996,200 I) VANCOUVER

(EMP)
areas

Euclidean distance from
Proximity to town every cell to the nearest Land use maps METRO
centers (TOWN) commercial areas, such as (1996,200 I) VANCOUVER

shopping malls

Proximity to built-up
Euclidean distance from

Land use maps METRO
every cell to the nearest

areas (BUILT)
urban areas

( 1996,200 I ) VANCOUVER

Proximity to sky-train
Euclidean distance from
every cell to the nearest Sky-train stations Translink

stations (SKY)
sky-train stations

Population density Population density in the Census data
Statistics Canada

(POP) neighborhood of the cells ( 1996,200 I )
Average income values in

Census data
Income (INC) the neighborhood of the

(1996,200 I)
Statistics Canada

cells
Average dwelling values in

Census data
Dwelling value (DWE) the neighborhood of the

(1996,200 I)
Statistics Canada

cells

Rent (RENT)
Average rent values in the Census data

Statistics Canada
neighborhood of the cells (1996,2001)

Current land use (LU) Land use
Land use maps METRO

(1996,200 I) VANCOUVER

Green zones
Green zones areas defined Land use maps METRO
by the Metro Vancouver (1996,200 I) VANCOUVER

Slope Slope of each cell DEM Geobase

Cost
Cost of changing land use Land use maps METRO

state on each ce II ( 1996,200 I) VANCOUVER
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Table 4-3 Classification of input variables

Land use Classification
drivers/variabIes Low High

Accessibility to existing 0-500 m >500 m
street network (TRANS)

Accessibility to 0-1 km >1 km
employment centers

(EMP)
Accessibility to town 0-3 km >3 km

centers (TOWN)

Proximity to built-up areas 0-500 m >500 m
(BUlLT)

Accessibility to sky-train 0-3 km >3 km
stations (SKY)

Population density (POP) 0-20 p/ha >20 p/ha

Income (INC) 0-30000 CAD >30000 CAD

Dwelling value (OWE) 0-1 00000 CAD > 100000 CAD

Rent (RENT) 0-600 CAD >600 CAD

Land use Classification

Current land use (LU) Urban Non-urban
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Figure 4-5 Enumeration Areas as cell i's and j's neighbourhood

Enumeration areas

EAl

GIS Raster Data Layer

4.5.3 Simulations

o Cell i's neighbourhood

_~---" CeIlj's neighbourhood

All land use drivers were incorporated into the BN sub-model as nodes. In

addition to those, as a last node, future land use was defined in the BN structure to obtain

the probabilities of each future land use state conditional on the others. All the variables

have two states: high and low as explained in Table 4-3.

Bayesian Network sub-model employs two important operations: explanation and

prediction. The explanation part was accomplished by the BN learning procedure in

which the structure of the network was constructed and values of CPT were estimated

from the observed data for years 1996 and 2001. Although all cells could be used for

structure and parameter learning, 2500 cells were chosen randomly to be used by the

learning algorithms to provide stochasticity for the model. The result of the BN structure

learning procedure together with Influence Diagram is shown in Figure 4-6 which

explains the underlying processes and interactions between land use drivers in the study
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site. Proximity to employment centres (EMP), population density (POP) in the

neighbourhood and proximity to built-up areas (BUILT) directly affects the future land

use change. Distance to sky train stations (SKY) and town centres (TOWN) affect the

population density. This is usually the case in urban areas as areas close to public transit

stations and town centers have a higher population density. Moreover, population density

affects accessibi lity to street network since dense areas have more accessibility to

transportation network in Metro Vancouver.

With the Inference Algorithm, the probabilities of each future land use state were

calculated. Then, CA employs the Influence Diagram in which expected utilities were

calculated and a decision was made. CA changes one land use state to another depending

on the outcome of the Influence Diagram. Figure 4-7 provides the existing 1996 and 2001

and predicted land use for 2011, 2021 and 2031 generated by the proposed model for

each growth scenario. Compact Growth Scenario (Scenario A) generates more urban area

growth in 30 years compared to other scenarios. Less urban growth is seen in the

Environmental Growth Scenario (Scenario B) as it employs environmental constraints on

urban area growth and keeps protecting the green areas and valuable agricultural lands.
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Figure 4-6 Learned BN structure with the Influence Diagram

TRANS: proximity to existing street network

EMP: proximity to employment centers

TOWN: proximity to town centers

BUILT: proximity to built-up areas

SKY: proximity to sky-train stations

LU: future land use
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POP: population density

INC: income

OWE: dwelling value

RENT: rent

0: Decision Node

U: Utility Node
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4.5.4 The BNID-CA Model Graphical User Interface (GUI)

The BNID-CA model has been developed through a Graphical User Interface

(GUI) which allows the configuration, simulation, visualization and analysis of the model

outcomes in the same environment thereby providing simplicity and flexibility (Figure 4

8 and 9). The GUI was created using the Matlab graphical user interface development

environment. It integrates all the components described in the methodology section to the

user. It has two parts: the first part configures and runs the simulations of the BNID-CA

model and the second part displays the simulation results as well as provides analysis of

the results.

4.5.4.1 Part I - Simulation

Figure 4-8 represents the screenshot of the first part of the GUI developed for the

model. In the Bayesian Network node configuration menu, the user inputs the number of

nodes, which nodes will be included in the simulation and how many states these nodes

have. This section of the GUI allows the model to be run with different nodes, which will

provide the what-if type simulations.

The Bayesian Network structure configuration menu consists of two options. In

the first option, user can input previously defined network structure file. The model

constructs the structure from this file and displays it on the screen. The second option is

to make the network learn the structure from observed data. This observed data could be

in the form of either observed data matrix (text file) or a group of image files. The Model

reads the text file or the image files, then creates a cell array called case file, which is

used for network structure learning. The user has an option of introducing stochasticity to
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the simulation by defining a sample size for learning so that the model randomly selects

that amount of cells and runs the learning algoritlun using these cells. Otherwise, the

model runs the stmcture learning algorithm for all cells.

After the structure of the network was inputted into the model, GUI mns the

parameter learning algoritlun to estimate conditional probability table parameters in the

BN structure. The last step before the prediction of future land use states is defining the

physical constraints, cost, slope, policy constraints and proximity to built-up layers

together with the evidence dataset.

The simulation is run from 'Run the Model' function. In this step, model reads the

image files and then converts them to a cell array so that the values of the nodes are

entered to the BN structure as evidences and then the inference algorithm is used to

predict the probabilities of the future land use node values. At the end of the simulation,

the predicted land use maps for each scenario are created and saved as image files. Then,

the model opens the second part of the GUI in which the model results can be analyzed.
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Figure 4-8 Screens hot of the model GUI: Model configuration and simulation
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4.5.4.2 Part II - Analysis

When the second part of the GUT opens (Figure 4-9), the initial land use map for

the year 1996 and the predicted future land use map for CUlTent Trend Scenario, are

displayed on the screen. Users can also choose other land use maps to be visualized and

analyzed. Display colour for the maps can also be changed. After displaying the maps,

analysis options are available to the user for comparing the two maps displayed on the

screen. The analysis methods developed in the GUI are cross-tabulation, kappa index,

class area graphs and spatial metrics. Cross-tabulation map compares the difference

between two maps graphically together with chi-square and Kappa index. Class area

graph plots class areas of each land use state in each map that is being analyzed. Spatial

metrics, namely number of patches (NOP), mean patch size (MPS), patch size standard

deviation (PSSD), coefficient of variation (CY), and total edge (TE) are displayed as
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tables in the Matlab environment. All the results of the analysis can be saved as image

and tabular files (with *,jpg and *.xls extensions).

Figure 4-9 Screenshot of the model cur: Visualization and Analysis
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4.5.5 Analysis of the Results

Figure 4-9 also depicts the analysis results of the proposed model. Predicted

future land use generated with Current Trend Scenario was compared with the initial

land use data for the year 200 I. The cross-tabulation map demonstrates that the new

urban development occurs around the existing urban areas. In addition, most of the
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growth in Metro Vancouver is occurring in the southwest, City of Richmond and in the

southeast regions, City of Langley. There will be 94,744 ha decrease in the non-urban

land use by 2031 which is illustrated by class area graphs. Table 4-4 provides the spatial

metrics values for existing and predicted land use. The decrease in the number ofpatches

means that predicted land use for the year 2031 is more compact than the existing land

use. The MSP and PSD values are higher for the predicted land use, which also implies

that the generated land use patches are bigger than the existing land use patches.

Therefore, spatial metrics results indicate that the model generated compact patterns of

urban growth under the Compact Growth Scenario.

Table 4-4 Spatial metrics results

Area (ha) NOP MSP(ha) PSD(ha) CV TE (kIn)

Existing

Non- 333812.50 1288.00 259.17 8916.88 34.41 3864.00
urban

Urban 69137.50 503.00 137.44 845.81 6.15 3688.75

Predicted

Non- 239068.75 268.00 892.06 13675.00 15.33 1460.675
urban

Urban 163881.25 91.00 1797.19 5145.81 2.86 1302.375

Few new urban corridors were predicted by the model towards the north of the

study region and along the shores. One is along the Howe Sound affected by growtH of

city of Whistler which is a ski resort area and the second one is around Indian Arm.

Moreover, most of the undeveloped lands in dynamic cities of the study region, such as

Surrey, Maple Ridge and Langley were converted to urban land use in the year 2031.
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Current Trend Scenario do not generate much growth in City of North and West

Vancouver as it is constrained by the physical factors such as high slopes and dense

forests. Current Trend Scenario also does not allocate more urban areas in the Lower

Mainland since it is already developed and undeveloped areas are protected natural areas.

4.6 Conclusion

In this study, a hybrid model incorporating cellular automata, GIS, Bayesian

Networks and Influence Diagrams was developed and implemented to simulate land use

changes. The developed model provides at least five benefits: (l) It is dynamic and takes

spatial complexity into consideration; (2) It is not a black-box model as all the model

parameters have a clear semantic interpretation with conditional probabilities being

intuitively understandable unlike weights in neural networks; (3) It allows easy definition

of transition rules - with the structural and parameter learning, the model gives the

relationship between variables, which variable affect others and the magnitude of their

conditional probability. Hence, prior experience on the study area is not necessary when

constructing the transition rules. The selection of input variables determines the BN

model structure. Moreover, the relationships between variables can be understood by

visualizing graphs; (4) It uses a unique approach to choose the CA neighbourhood.

Enumeration areas are the smallest census spatial units and are defined as the cell

neighbourhood. Only neighbours of a cell that are in its corresponding enumeration area

can affect the state of that cell; (5) It is explanatory and predictive - with BN learning, the

relationship between variables can be obtained to explain how land use drivers affect land

use change. The BN inference facilitates predictive future land use states.
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One of the limitations of modelling future events is linked to the test of the

model validity, as the simulated future is difficult to verify and often necessary data is not

available. The stochastic degree and complexity of land use process make the prediction

oftheir future urban developments particularly complicated, especially in the long term

(Allen, 1997; Barredo, Demicheli, Lavalle, Kasanko, & McCormick, 2004). As

sometimes, it is not possible to compare the model outcomes with real situations since

they are affected by events that are not predictable. Moreover, it is more likely that the

relationships between variables will not remain the same in the future as land use change

is a dynamic, complex and non-linear process. Limits of simulation and prediction exist

in all spatial models (Batty & Torrens, 2005). Models therefore can only be evaluated

subject to several kinds of uncertainty such as theoretical, empirical, parametric, temporal

(Manson, 2007). Further, other studies have demonstrated the applicability of the CA

models to real situations (Engelen, White, & De Nijs, 2003). The proposed BNID-CA

approach provides an enhancement to existing CA models of land use change.

The results indicate that Bayesian Networks together with Influence Diagrams are

suitable for representing complex spatial relationships between the multiple drivers that

affect land use change. Moreover, the proposed model introduces causal relationship

between model variables and introduces decision making into CA modelling. The results

also support the notion that enumeration area can be used as a cell neighbourhood to

predict land use changes.

Incorporating several scenarios makes the BNID-CA model more suitable for land

use change modelling. Different scenarios through the incorporation of different utility

functions were employed in the BNID structure to predict the effects of changing policies
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and scenarios. In addition, the BNID-CA model can adapt changes of urban environment

(e.g. new roads and new commercial centres) by recalculating the probabilities in the BN.

This emphasizes the flexibility of the BNID-CA model to represent and respond to

changing configurations. The proposed BNID-CA model can easily be adopted for any

other study area.

Usually simulation involves the tedious work of data input, output and transfer

between different software modules. The developed GUI provides ease of use and also

combines simulation, visualization and analysis in the same computing environment. It is

easy to create multiple scenarios and compare the results in the GUI. In conclusion, the

BNID-CA model is easy to apply and does not require expert knowledge of modeling and

programming.
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Chapter Links and Transitions

Proposed BNID-CA model has limitations in dealing with human decision

making. Therefore, agent-based modeling approach has been introduced with the

integration of Bayesian Networks, GIS and CA. Chapter 5 introduces new ways of

managing irregular spatial units, and census data problems for simulating urban land use

change. In addition, new ways of defining agent rules in ABMs is introduced to

overcome these problems in existing ABMs.
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CHAPTERS
GEOSPATIAL AGENT-BASED MODEL: INTEGRATING
BAYESIAN NETWORKS FOR URBAN LAND USE AND
POPULATION CHANGE9

5.1 Abstract

Land use change models that are based on complexity theory such as Cellular

Automata (CA) and Agent-based Models (ABMs) have increasingly been used to

examine various aspects of evolving urban systems. The objective of this study is to

develop a hybrid model that addresses the limitations of current models by incorporating

human behaviour into urban land use change models. The developed Bayesian Network-

based agent system (BNAS) model integrates geographic information systems (GIS),

ABMs, Bayesian Networks (BN), and CA operating on an irregular spatial tessellation.

Multiple BN representations are used to provide a novel integration of human decision

making into the land use change model. Model implementation was performed using

historical data, and the BNAS model was used to simulate 30 years of future population

and land use change developments in the City of Surrey, British Columbia, Canada. The

results indicated that the BNAS model outcomes provide insights that can be used by

urban and land use planners in decision support and policy making for planning

developments.

9 A version of this chapter will be submitted for publication in Environmental Modelling and Software
under the co-authorship of Dr. Suzana Dragicevic.
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5.2 Introduction

Cellular Automata (CA) models of land use change and urban growth have been

in continuous development for more than two decades (Batty & Xie, 1994; Clarke,

Hoppen, & Gaydos, 1997; Couc1elis, 1985; Li & Liu, 2006; White & Engelen, 1997,

2000; Yeh & Li, 2002). Despite their popularity, these models have been criticized for

their simplicity, restricted spatial configurations, and inability to explicitly deal with

human decision making (Ligtenberg, Bregt, & van Lammeren, 2001; Parker, Manson,

Janssen, Hoffmann, & Deadman, 2003). In land use issues, changes are the result of the

decisions and activities of many single actors. Hence, interactions between local

individual actors and their environment must be considered in order to effectively model

the land use change process (Loibl & Toetzer, 2003).

Agent-based models (ABMs) are well suited for land use change modelling since

they can capture human interactions and dynamic behaviour in the land use change

processes (Rodrigues, Grueau, Raper, & Neves, 1998). They are complex, dynamic, and

disaggregate models that can represent individual decision making processes (Miller,

Douglas Hunt, Abraham, & Salvini, 2004). They model the complex system relationships

as dynamically interacting heterogeneous agents resulting in non-linear path dependent

dynamics in the land use change models (Brown, Page, Riolo, Zellner, & Rand, 2005).

Consequently, ABMs have been widely applied to study land use change processes

(Brown, Riolo, Robinson, North, & Rand, 2005; Brown & Xie, 2006; Ligtenberg et aI.,

2001; Parker et aI., 2003). In these approaches, human decision-making and interactions

were incorporated as transition rules to simulate landscape transition process based on the

real behaviour of local actors. For example, Manson (2006) proposed and tested genetic
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programming as a tool for representing human decision making in land use change

process. In Evans, Sun and Kelly (2006), human subjects were enquired to make stylized

decisions through interaction with a homogenous land suitability surface and with a

heterogeneous suitability surface. These experimental results were compared with

simulation output from an agent-based model. Bennett and Tang (2006) focused on

representing agent learning and adaptation by genetic algorithms. Moreover, Jepsen et al.

(2006) developed and validated an agent model of farmers in Vietnam.

Nevertheless, existing ABMs have three limitations regarding the rule definition.

The first limitation is how to define the behavioural rules of agents. The ABM design

consists of autonomous decision making entities called agents, an environment in which

the agents interact, and behaviour rules that define the relationship between the agents

and their environment (Ferber, 1998). In general, the behaviour rules have the form of 'if

then' functions. These functions are conditional, meaning that if a specific situation is

observed then a specific action is implemented. However, due to the enormous number of

alternatives from which an agent has to decide and the complexity of internal

relationships between variables, rule definition becomes a challenge in the ABM building

process. Most ABMs in current literature are rule-based (Gimblett, Durnota, & Itami,

1996; Torrens, 2006). One of the major problems of rule-based agent models is that they

are not able to treat uncertainty of the land use change process coherently as the

dependence between variables changes with the change in other variables. For example,

random utility theory like multinomiallogit models (MNL) has been employed to define

the ABM rules (Miller et aI., 2004; Torrens & Nara, 2007; Waddell, 2002). In these

models, all variables have a direct effect on the modelling phenomenon. For real world
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situations, variables affect each other indirectly through multiple secondary interactions.

Fuzzy logic has also been used in ABMs to define the decision rules of agents (Graniero

& Robinson, 2006). However, fuzzy logic approaches may not be suitable for some

decision making problems as they do not provide learning from data (i.e. inference from

observed data). In order to overcome the rule definition challenge, another approach is to

use neural networks (NN) to improve rule definition (Collins & Jefferson, 1992; Gilbert

& Terna, 2000; Jefferson et aI., 1992). However, NN do not make available any

knowledge about the relationship between variables (Mas, Puig, Palacio, & Sosa-Lopez,

2004).

Clearly, ABMs have shortcomings on how agents evaluate the decision

alternatives and how agents make decisions throughout the simulation, i.e., rules of

ABMs. Bayesian l'J"etworks (BNs) can provide an improved approach for rule definition

in ABMs by keeping track of decision-making interactions during simulations. This is

due to the fact that BNs ease many of the theoretical and computational difficulties of

rule-based agent systems by utilizing graphical structures for representing and managing

probabilistic knowledge (Jensen, 2001). In addition, they have a clear semantic

interpretation on model variables with conditional probabilities being intuitively

understandable unlike weights in neural networks. They model the relationship between

variables, and examine which variables affect others indirectly through multiple

secondary interactions. Besides, BNs have causal reasoning capabilities thereby

providing knowledge on the decision-making processes ofthe agents. Causal reasoning

deals with reasoning about actions, explanations, and preferences. It is encoded through
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probabilities allowing for inference and optimal decision-making. Hence, BN minimizes

uncertainty of knowledge of the system or model structure.

ABMs describe decisions and behaviour of single autonomous actors in general.

In ABMs of land use change, agents represent actors such as households, firms, and land

owners to model their locational decisions or their behaviour in urban setting. ABMs

require detailed knowledge of the behaviour patterns of actors, which is not feasible all

the time. Therefore, the calibration becomes a challenge in ABMs, which makes the

implementation and development of the model and interpretation of the simulation

outputs difficult. In addition, the validation and verification stages of ABMs are difficult

to implement (Brown, Page et aI., 2005). Thus, the second limitation of ABMs is related

to acquiring data about the behaviour of actors. Furthermore, during the model building

process, assumptions must be made about what aspects of the behaviour to retain and

what to ignore. BNs can improve ABMs in calibration since the causal relationships

among the variables can be learned from real data to extract the relevant information.

This essentially facilitates the calibration of the behaviour of agents against real data.

The third limitation of ABMs is the spatial structure ofthe environment on which

they are implemented. The spatial environment represents natural or urban landscape

containing features such as land parcels, roads, buildings, forests, and agriculture. Many

ABMs have been developed using the raster cell-based environment (An, Linderman, Qi,

Shortridge, & Liu, 2005; Batty, 2005; Ligtenberg et aI., 200 I; Loibl & Toetzer, 2003).

However, urban landscapes are not well represented with a regular grid of cells given

their irregular spatial structure. The notions of using irregular cells and spatial

tessellations in geographic information systems (GIS) were proposed by Tobler (1984) as
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they are more appropriate. Irregular spatial structure has been addressed in CA models

with use of graph theory (O'Sullivan, 2001), Voronoi diagrams (Shi & Pang, 2000) or

cadastral lots as irregular cells (Stevens & Dragicevic, 2007). Some ABMs have also

used irregular spatial structure and vector-based environment for simulating residential

dynamics in the Yaffo area in Tel Aviv (Benenson, 2004), modelling urban segregation

(Torrens & Benenson, 2005) and gentrification (Torrens & Nara, 2007). Dibble &

Feldman (2004) developed the GeoGraph model where three dimensional graphs are used

to enhance agent movements and interactions in the environment. However, these

approaches do not make use of census spatial data which gives detailed information about

demographics, and the economic and social living conditions of people as this study

proposes. In addition, they do not employ graph theory in agent decision making; rather it

is implemented as a notion of spatial environment.

This research focuses on two main objectives in response to the problems outlined

above. The first is to develop a hybrid model that explicitly incorporates human

behaviour into land use change models. The second is to enhance existing ABMs by

defining agent behaviour rules with BNs, employing IDs to improve agents' decision

alternative evaluation and decision making, and using irregular spatial tessellation on

which proposed model operates. The developed Bayesian Network-based agent system

(BNAS) model makes use of GIS, BNs, ABMs, and CA to represent land use change

such that households' and firms' locational decisions (Le., their behaviour in land use

change process) are modelled through the relationship between their urban environment

and their social and economic characteristics. The model was implemented using the data
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for the City of Surrey, British Columbia, Canada, which is undergoing dramatic change

in terms of land use and population.

5.3 Bayesian Networks and Spatial Modelling

BNs are probabilistic graphical models based on artificial intelligence (Korb &

Nicholson, 2004). They combine graph and probability theories to represent probabilistic

relationships among variables of the system. More detailed information on BNs can be

found in Pearl (1988), Jensen (2001) and Neapolitan (2003).

BNs have been coupled with decision trees in a transportation model to model

travel mode choices of individuals (Janssens et aI., 2006). Bayesian conditional

probabilities were used for CA-based land use change model to calculate transition

probabilities (Maria de Almeida et aI., 2005). However, this model does not represent the

relationships between model variables in the specific BN structure. The BN-CA model

has been developed by Kocabas and Dragicevic (2006) to model urban land use change.

Moreover, Kocabas and Dragicevic (2007) enhanced the BN-CA model by integrating

Influence Diagrams (IDs) to model future land use changes in Vancouver, Canada.

Several studies did link BNs for agent-based modelling. Ma, Arentze, Borgers and

Timmermans (2004) applied influence diagrams (IDs) to a multi-agent model ofland use

decisions for land suitability analysis. BNs and IDs were also used in ABMs to model

urban land market sales (Lei, Pijanowski, Alexandridis, & Olson, 2005).

The main reasons of using BNs in ABMs rely in:
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(l) capability to handle incomplete data sets: They model dependencies among

all variables since when one of the inputs is not observed, most of the existing land use

change models will yield an inaccurate prediction.

(2) employing causal relationships:. Their strength is the causal reasoning about

actions, explanations and preferences which are very important in ABMs as agents

explore their environment during the simulations.

(3) giving a model ofthe environment rather than a model ofthe reasoning

process (like in neural networks): Thus, they overcome the limitations of neural

networks.

(4)facilitating the combination ofprior knowledge and data (considering the

Bayesian statistical techniques): This causal prior knowledge is encoded through

probabilities, which in tum this allows for inference and optimal decision-making.

(5) ability to link variables ofany kind, such as economic, social, or physical

variables (Bromley, Jackson, Clymer, Giacomello, & Jensen, 2005): This is a key

characteristic ofBNs and one which makes them suitable for land use change modelling.

(6) giving an efficient approach to avoid the over-fitting ofdata unlike neural

networks: Since all available data can be used for training in BNs (Heckerman &

Wellman, 1995).

This study extend the existing work ofBN-CA model (Kocabas & Dragicevic,

2007) by proposing an ABM that uses BN and IDs. The BNAS model is a hybrid model

that (l) employs an agent leaming process through BN leaming algorithms, (2) uses

small spatial modelling units, such as census units, in which agents choose to live, (3)
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utilizes real data in an urban environment for model validation, and (4) simulates the

future population density and urban land use.

In ABMs, it is a challenge to acquire data about the real behaviour (i.e. land use

decisions) of actors in land use change process. In addition, it is widely accepted that

multiple factors are likely to influence significantly locational decisions of actors in urban

settings. The trade-offs between model complexity and variable parsimony becomes an

important issue. In this regard, BNs provide detailed knowledge of land use behaviour

and important variables by employing special learning algorithms. In this study, BNs and

ABMs are coupled to design the agents' decision-making on location. During the model

simulations, agents observe their environment, make decisions, and do actions

accordingly based on this new information. By using BNs, agents also change their

behaviour according to the changing conditions, which mimic the real behaviour of

humans.

In ABMs, action selection and learning from the experience are two of the main

challenges (Maes, 1994). IDs combine both BNs and utility theory in order to provide a

solution to deal with the problem of action selection (Howard & Matheson, 1983). In this

study, BNs, with the aid of IDs, were used to create the decision-making processes in

locational preferences of an agent.

Agent learning from experience is also an important stage in ABMs because it

provides dynamic development of new behaviours and a long-term improvement in agent

performance. The learning process of agents, such as adaptation to new conditions, is not

adequately elaborated in current literature. In this study, agent learning is implemented
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using BN learning algorithms where agents learn from their previous actions. The

following section outlines the details of the proposed BNAS model.

5.4 BNAS Model

Hybrid models combine the best elements of each spatial modelling technique in

ways that are most appropriate in answering specific research questions (Lambin,

Rounsevell, & Geist, 2000).

In this study BNAS model was developed as a computational model for

simulating actions and interactions of autonomous individuals in an urban area. It is an

agent-based model but not a mutli-agent system since the aim is not to design and

understand the artificial agents, rather to study artificial societies of autonomous spatial

agents. The individual agents are presumed to be acting in what they perceive as their

own interests. Agents choose locations which maximizes their utility. This is called their

"preference". In the model, certain characteristics are chosen for agents despite many

other could be incorporated like ethnicity and detailed demographic characteristics. Thus,

there is limited land use drivers used in this study although more could be employed.

Terms like agent's preference and behaviour are used in regard to computational issues

since the software routines are coded to "behave" and "prefer" during the simulations.

However, these do not show all the real world households behaviours or preferences. The

aim with ABMs is to model emergence from micro level behaviour to macro level.

The BNAS model is based on two main models and three sub-models combining

vector-based GIS-CA model and BN-based ABMs. The CA model runs the transition

rules, provides input-output relationship between models, and outputs the model results.
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The BN-based agent-based model runs the BN and ID sub-models and constmcts agents

in the agent sub-model. Figure 5-1 presents a functional view of the model, of which the

details are explained in the next sub-sections,

Figure 5-10 Hybrid model Oowchart
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5.4.1 Vector-based GIS-CA Model

The vector-based GIS-CA model runs the sub-models and transition rules

inherited in each sub-model, provides the input-output relationship between models, and

outputs the model results. It prepares the modelling environment (ENV) in a vector GIS

data format consisting of census spatial units changing over time. Then, it gathers the

necessary information for sub-models by running selected GIS operations. In addition, it

runs the sub-models and updates the environment at the end of each model iteration.

Finally, it outputs the resultant map at the end of the simulation for exploration and

visualization purposes.

5.4.2 Bayesian Network-based Agent-based Model

The BN-based agent-based model runs the BN and ID sub-models and constructs

agents in the agent sub-model. The BN sub-model runs the BN structure, learning and

inference algorithms. It finds relationships between current socioeconomic characteristics

of households/firms and current locational characteristics of where they reside. The BN

inference algorithm calculates the probability ofchoosing a particular location ofan

agent. Then, the ID sub-model makes the decision whether to stay at that particular

location or not. This information becomes the input for new agents that represent

households/firms and subsequently make decisions accordingly. These decisions lead to

future population distribution patterns in an urban area and thus provide insights to future

land use change. The following sections explain the detailed steps of ABM.
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5.4.2.1 Bayesian network sub-model

A Bayesian Network (N) is a pair (G,p) where G is a directed acyclic graph with

a node for each variable Vi E V and P is a multivariate probability distribution defined for

each variable Vi in V (Eq. 5-1 and 5-2). A graph is called directed if the links in the

graphs have directions. A directed graph is acyclic if the graph contains no directed

cycles. In this study, node and variable are used interchangeably since each variable in V

corresponds to a node in a BN,

G= (V, E) (5-1)

h V = (v 11 < i < n n > 0) d f d d E = [(v v) I v v. E Vi*- J']were I - - , enotes set 0 no es Vi an I' J I' J '

denotes edges for directed graph

P = {P(Vi 17l"(vJ) I Vi E V}

where 7l"(vJ denotes the parents of Vi E V in G

(5-2)

The construction of a BN requires four basic elements to be established. First, a

set of nodes corresponding to variables in the BN represents the most important factors of

a particular phenomenon that is being modelled. In this study, these variables are called

land use drivers and constitute the set Vi E V; thus, the nodes in BN. Second, each node

has a set of mutually exclusive states, which are the states of the land use drivers, Third, a

set of directed links represents causal relationships between the nodes. Fourth, each node

has a set of probabilities, specifying the chance that a node will be in a particular state

given the state of its parents. For example, there is a conditional probability associated
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with choosing a specific location of an agent given the values of the land use drivers of

the location and the socioeconomic properties of the agent. These probabilities are stored

in Conditional Probability Tables (CPT) and quantify the strength of dependencies

between connected variables in the BN structure (Bromley et aI., 2005). This study uses

different BNs (NA) for each agent type (A) because of their different preferences.

Individual agents are members of different agent groups (i.e. high income household

group).

Once the variables as nodes and their corresponding values (states) are identified,

the next step is to construct the BN structures. Although the network structure and the

CPTs may be subjective, such as using expert knowledge, designing the network

structure and encoding the relationships is usually a challenging modelling task. Hence,

some learning algorithms must be used to find the best network structure that fits the

observed data. In learning process, the links between a given set of variables is found,

and then parameters for the CPT must be estimated using the observed data. In this study,

the K2 algorithm (Cooper & Herskovits, 1992) based on a Bayesian scoring method was

used to learn the BN structure from the observed (historical) data. The K2 algorithm is an

efficient algorithm for structure learning from complete observable data (Cheng, Greiner,

Kelly, Bell, & Liu, 2002). It searches the space of all DAGs exhaustively and finds the

best network structure by recursively selecting the best set of parents for each node

independently (Cooper & Herskovits, 1992; Scuderi & Clifton, 2004).

Once the network structure is chosen, the CPT parameters are estimated. As in the

structure learning of BN, there are several possible ways of generating estimates for the

conditional probabilities in the CPT. In this study, the probabilities were derived from
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historical data using the Maximum Likelihood Estimation approach. Since learning these

parameters from observed data can make the process easier, and provide some level of

objective probabilities rather than completely subjective probabilities. After this step, the

BNs for different agent types are ready to be used in the agent sub-model.

5.4.2.2 Influence diagram and agent sub-models

The agent sub-model structures the agents for the simulation. The number of

agents and their types are used as input to the model, and the vector-based GIS-CA model

activates the agent sub-model algorithm. In the agent sub-model, agents perform

observations at time t, then select and execute actions between time t and t+LIt. The

outcome of these actions is reflected at time t+LIt.

Different numbers of agents enter the simulation at each iteration (or time step).

Agents enter the environment one-by-one and select a random place (I) in the

environment at each iteration. The BN (NA) and its nodes represent the agent's beliefs

about the environment. The nodes in NA represent the variables in the model. Figure 5-2

represents the BN- ID of the model. The last node in the BN structure is 'choosing a

particular location (ve)'. An agent implements the BN inference for I. The probability of

choosing I given the evidence is calculated during the inference process. The variable

values of I at time t (agent's observations) are entered to the BN as evidence,

E1 =[{VI' V2 ' ...Vi _ l } IVi E V}], and the probability of choosing I, P(Vc IEt ) , at t+~t are

obtained. Multiple algorithms exist to perform inference in BN (Lauritzen &

Spiegelhalter, 1988; Pearl, 1988). This study used the junction tree algorithm (Jensen,
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<11' stay at this location
d2 search for another location

2001). After calculating the probability, the CA model runs the influence diagram (lD)

sub-model.

Figure 5-11 Hybrid model BN-ID structure
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The utility node (UA) represents the desirability of choosing I, while the decision

node (Dc) expresses the final decision of the agent. The decision is to stay (d1) or search

for another location (d2)' UA is associated with a set of utilities u(vc} which specifies

utility outcomes for probability of choosing I. For each decision, the utilities of its

outcome are multiplied by the probabilities that these outcomes will occur. This is termed

the Expected Utility (EV) of decision 0 and given by the equation:

]=n

EU(d) =LU(vc Id)P(vc )

]=1
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After executing the ID, the agent is required to take an action according to the

principle of maximum expected utility, and hence it chooses the decision alternative that

produces the highest utility (Eq. 5-4).

EU(D) = max(EU(dj )) (5-4)

Consequently, an agent can have any of the two states. An agent is either

'unsettled' (i.e. searching for a location) or 'settled' (i.e. has found a location). Ifthe

decision is to leave the location, the agent looks for a specified radius (neighbourhood of

that particular location) for other locations. Neighbourhood of a spatial unit consist of

other spatial units that reside inside the certain radius from that unit. This creates limited

vision of agents called "agent's visibility" which prevents them from searching the entire

environment. Hence, the agents do not evaluate all possible location alternatives, but

rather, use a sequential choice of local optimizations which mimics human choice

behaviour. Therefore, this study assumes bounded rationality (Gigerenzer & Selten,

2001) in agent's decision making. If the agent is not settled in one of those neighbours, it

decides to leave the environment.

When an agent becomes settled, its location attribute is updated and the

population density of that location increases. The vector-based CA model updates the

current state of the environment (ENVr -7 ENVr+L1t), such as the density information, so

that one agent affects the others present. Hence, agents are influenced by nearby agents

that exist in the neighbourhood. The final result of the simulation is population values

and densities per census spatial unit. After obtaining the resultant population density map,

the model generates a land use map by classifying densities ranging from high to low
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residential (urban) areas. Next, the CA model uses the classified map as input to the next

iteration. New agents entering the environment in the next iteration have to adapt to these

changing conditions. This adaptation is implemented by BN learning algorithms. The BN

learning algorithm runs after each iteration and learns new behaviours and beliefs of the

agents. This requires different BNs for agents at each iteration, and each BN depends on

the behaviours of agents at the previous iteration.

5.5 Model Implementation

5.5.1 Study Area

The Metro Vancouver has experienced rapid land use change dynamics in the last

decade, and is the third largest urban region in Canada. Recent studies have predicted that

rapid population growth will lead to around three million inhabitants in 2031 (Statistics

Canada, 2008). Within the Metro Vancouver, the City of Surrey was chosen as a study

area for the model application in order to manage the model complexity and

computational processing time. Moreover, it is one of the cities in the Metro Vancouver

that is very dynamic in terms of land use change and population growth, which makes it

perfect study area to test the BNAS model.

5.5.2 Finding Drivers of Land Use Change

The context of the land use drivers influence land use decisions. As such, there is

a need to isolate the core land use drivers for use in modelling land use change. In this

study, BNs provide an easy means to generate these drivers. The potential land use

drivers were defined, and then the BN structure learning algorithms were executed with

different configurations of drivers. By comparing the different BN structures, the
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important drivers affecting one or more variables in the structure were chosen. These

drivers were then used as inputs to the BNAS model for designing the agent behaviour.

The drivers were:

1. Accessibility drivers: Distance to major road and skytrain stations were used as

factors that affect the accessibility of the location. Being close to the skytrain line

does not mean a high degree of accessibility. Hence, accessibility to skytrain

stations was used as an accessibility indicator. Distances to town and employment

centres are also factors, and were calculated using a cost distance function.

2. Population density driver: Population density in the neighbourhood was also

considered as a factor.

3. Environmental quality driver: This reflected the quality ofthe natural

environment of the neighbourhood of a particular location. These quality factors

include green spaces and scenic views of the landscape such as mountains, the

ocean and rivers. This factor was calculated as accessibility to those natural areas.

4. Economic characteristic driver: This reflects the economic characteristics of the

location, such as land and dwelling rental values.

5. Dwelling property driver: The type of dwelling, the number of rooms, and

whether they were rented or owned were considered.

5.5.3 Data Integration

After having identified the land use change drivers, the next step is to prepare the

model inputs. Spatially disaggregated census data is required for agent based modelling

(Parker, Berger, & Manson, 2001) since individuals behaviour at micro level is modelled.

The Canadian census data is the primary data source for socioeconomic data in Canada

(Statistics-Canada, 2008) to provide a statistical portrait and to link socioeconomics with

land use changes at micro level. These spatial census units represent the most
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homogenous information on demographics, economics and social living conditions for

the urban population. Therefore, BNAS model uses Canadian census data.

However, there are two challenges involved with the use ofthe Canadian census

data source. The first challenge is the discrepancy between the census spatial data files in

1996 and 2001. Consistent areal units through time are necessary to reliably model the

land use changes. Enumeration Areas (EA) were the primary minimum spatial units for

the 1996 census data, while Dissemination Area (DA) replaced the EA in 2001. The

challenge is that the EA and DA do not coincide (Figure 5-3). Figure 5-3a illustrates the

incomparable geometry of these spatial units.

The second challenge is the representation of population by the census spatial

units. Census data does not provide information on where the population is concentrated

or how it is distributed over the census spatial unit (Dorling, 1993; Wu, Wang, & Qiu,

2008). For example, a census spatial unit can contain different land uses, such as

residential areas and parks. The Census data provide a single population value for each

spatial unit. Usually, the population is concentrated in the residential areas, and parks do

not have a population value (Figure 5-3a and b).

In order to overcome these two challenges, this study used a data enhancement

procedure to find a common spatial unit called the proposed census spatial unit (PCSU)

for 1996 and 2001. Detailed population distributions in the PCSU were then calculated.

First, the EAs, DAs, and land use polygons of 1996 and 2001 were spatially intersected

producing a common spatial unit. During the intersection process, all the attribute values

in the EAs, DAs, and land use polygons were retained. In addition, the area of each

PCSU was calculated. Second, population values were assigned to the PCSUs for 1996
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and 2001. The transformation of data from one set of spatial units to another is called

areal interpolation (Lam, 1983). The dasymetric method, originally developed by Wright
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Figure 5-12 Different spatial units covering the same area in Metro Vancouver a) EA and DA B) land
use polygons
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(1936), is used in areal interpolation of population (Holt, Lo, & Hadler, 2004; Mermis,

2003).This study has employed the dasymetric method to redistribute the population

values to the new PCSU units. The modified formula to calculate the land use-based

population was derived from dasymetric method (Wright, 1936) and has the following

form:

AWpcsu
NP = P1iA(OrDA) *--~"---

A WEA(orIJA)
(5)

where NP is the new land use based population; P'oA(orDA) is the population in EA or DA

unit; AWpcsu is the multiplication of the area and weight ofPCSU; AW"A(OrDA) is the sum

of all AWpcsu which fall in EA or DA unit. The area of each PCSU was multiplied by its

weight and corresponding EA (or DA) population. The result was then divided by the

aggregated weight and EA (or DA) population multiplication for the corresponding EA

(or DA). The weights are important in this calculation since the land use dataset has

different residential classes based on density. High rise residential areas have more

population than rural residential areas. Assigning weights to the land use residential

classes captures the different population distribution in the census spatial units (BAs or

DAs). Hence, dense areas have a larger weight than rural residential areas. Figure 5-4

compares the population maps based on the existing census spatial units and adjusted

population with proposed spatial units.

In this study, the same spatial units (PCSUs- a total of 14793) for 1996 and 2001

were used. All the land use change drivers were calculated using GIS analyses for each
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spatial unit and recorded as attributes of each unit. These attributes and agent properties

were then used as inputs for the BN.

5.5.4 Structuring the Model

The BNAS model uses an object-oriented model design, which permits location to

be an attribute of features, and allows relative space representation. In addition, the

attribute of the objects are updated asynchronously. The urban environment (ENV) is

represented by means of objects that consist of PSCUs (fixed objects that do not move

across ENV) and agents (mobile objects that do move across ENV). pesus form the

environment, and each pesu has attributes, which represent the characteristics of the

environment.

There are two types of agents, households, and firms, which are similar in the way

they make location decisions. Household agents have socio-economic characteristics that

affect how they evaluate locations. Therefore, there are three different types of household

agents: low income (household agent 1), middle income (household agent 2), and high

income (household agent 3) agents. For example, high income households might prefer

areas with high levels of supply of social services, and high levels of environmental

quality. In contrast, low income households might prefer areas that are close to the

transportation stations. These attributes and behavioural patterns were obtained from

1996 census data using the learning procedures of BNs.
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Figure 5-13 Existing and adjusted census data
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Figure 5-5 displays the learned BN structures for each agent type. Although they

look quite similar, there are minor differences which are important in terms of agent's

decision making. The variable, proximity to town centers do not affect the decision of

low income agents, whereas it has a direct affect on the choices of medium and high

income agents. Moreover, medium and high income agent decisions are not influenced by

the proximity to recreation, in contrast to low income agents. In addition, whether the

houses are mostly rental or owned is important for high and medium income agents, on

the other hand it does not have a direct outcome on the decisions of low income agents.

Also, high income agents' decisions are affected by the dwelling types. Therefore,

different BN structures prove that households with different socio-economic

characteristics have different preferences when they making locational decision in urban

setting.

Besides, the probability values in CPTs are different for each agent. Each node in

the BN structure has an associated CPT that describes the conditional distribution of that

node given different assignments of values for its parents. CPTs for each node have a

number of parameters that is exponential in the number of parents. Therefore, it is not

possible to display all CPTs for all nodes. To give an example, Table 5- 1 shows the CPT

of node 'choice' given its parents, proximity to town centers, proximity to skytrain

stations, dwelling type, no of rooms in the dwelling, own or rent, and value (rental

amount or land value) for low income agents.
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Table 5- 5 CPT for the node "choice"

Proximity Proximity to
No of

Own
rooms in

to town skytrain Dwelling type
the

or Value Choice
centers stations

dwelling
rent

Not
Choose

choose

Low Low
Single-

accessibility accessibility
detached low Rent Low 0.6 0.4

house
Low Low Semi-detached

low Rent Low 0.8 0.2
accessibility accessibility house

Low Low
Row house low Rent Low 1 0

accessibility accessibility

Low Low
Apartment,

accessibility accessibil ity
detached low Rent Low I 0
duplex

Apartment,
Low Low building that I

accessibility accessibility has five or
low Rent Low 0 I

more storeys
Apartment,

Low Low building that
low Rent Low 0 Iaccessibility access ibiI ity has fewer than

five storeys
Low Low Other single-

low Rent Low I 0accessibility accessibility attached house
Low Low Movable

low Rent Low I 0
accessibility accessibility dwelling

Indeed, CPTs (like in Table 5- 1) only depicts the prior probabilities for each

variable. The main advantage of Bayesian networks is their ability to compute posterior

probability distributions of the variable (or node) under consideration, given the values of

some other variables are known. In this case, the known states of variables can be entered

as evidence in the network. When evidence, is entered, the states of other variables change

since they are conditionally dependent as explained in Section 3.2.2 and in Kocabas and

Dragicevic (2007).

Each agent object stores its own socio-economic characteristic as well as its

location in the environment. All land use drivers that are mentioned in Section 4.2 were
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incorporated into the BN model as nodes. In addition to those, as a last node, the agent's

decision was defined in the BN structure to obtain the probabilities of each decision:

'choose' or 'not choose'. Using the BN learning procedure, the structure of the networks

for each type of agent were constructed, and values of CPT were estimated from the 1996

census and associated data. Figure 5-5 displays the learned BN structures for each agent

type.

Population projection data were obtained from the Metro Vancouver (2008) for

each time step in the simulation. Then, the total new population according to these

forecasts were divided into different income levels. Subsequently, the calculated number

of agents enters to the environment at each iteration. Once in the environment, each agent

randomly searches for a location, and stores the information about that location. With this

information, the agent runs the BN sub-model and the ID sub-model to create real time

decision making in the simulation. Next, an action is implemented based on the decision

output from the 10 sub-model. Figure 5-6 is the utility function used in this study, where

the utilities (u) depend on cost of changing land use state (Cpcsu) and the density of the

PCSU unit (Dpcsu). In the figure, a and b are the extreme values of the sloped portion of

the utility curve. The values were set up by tuning, and each type of agent (household and

firm) has different a and b values. Therefore, they have different utility outcomes for

different decisions as they have different preferences in locational choices.
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Figure 5-15 Utility functions for each agent type
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Interpreting the Metro Vancouver Livable Region Strategic Plan (LRSP) (Metro

Vancouver, 2008) is a key part of constructing a policy scenario in the model. Each land

use plan designation (e,g, green zones) may be described as a set of restrictions on

development options. One of the important policy that LRSP utilizes is protecting the

agricultural land reserve (ALR) areas defined by provincial government of Be. The ALR

comprises those lands within Be that have the potential for agricultural production,

Therefore, LRSP includes ALR areas in the green zone. In addition, it adopts compact
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growth strategy to reduce the development pressure on the green zone. The green zone

establishes a long term boundary for the urban growth. Green zones are not allowed to

convert to any urban category. Therefore, the green zone policy has been incorporated in

the utility diagram sub-model. Cost in the utility formula increases if a location is in the

green zone boundary.

According to the agent's decision, the environment changes with the agent's

action. More than one agent can occupy a spatial unit. After all the agents have made

their decisions, the population density values are updated according to the decisions, and

consequently, future land use patterns are obtained.

5.6 Simulation Results

The BNAS model simulations of the City of Surrey generated six iterations with

five-year temporal intervals. The land use pattern at 2021 was predicted at the end of the

model simulation. A total of six simulation maps which depict the land use change at

interval years were generated. The algorithm of BNAS was coded in Matlab (Mathworks,

2008) by using some of the functions of the Bayes Net Toolbox (Murphy, 2001) and

Arc_Mat Toolbox (LeSage & Pace, 2004), and were loose-coupled with ArcGIS (ESRI,

2008). Inputs were generated with ArcGIS, and then input into the model. The model

outputs the simulation results in the ArcGIS vector data format.

The BNAS model was validated to improve confidence in the model for

predicting future scenarios or applying the model to other study areas. The BNAS model

used the 1996 data to predict the situation at year 2001. Then, the simulated 2001 output

was compared with real-world data of the year 2001 to assess the model's performance.
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Figure 5-7 presents the existing land use and those generated by the simulations. Visual

comparisons (for example, circled areas) indicate that the model predicted most of the

real-world population density changes occurring between 1996 and 2001. The existing

and predicted population values per PCSU were plotted and presented in Figure 5-8

together with the measure of goodness of fit (R2
). The result of 95.45% fit indicates that

the predicted population values for 2001 are acceptable.

The model was used to predict the population density and land use change in the

City of Surrey from 2006 to 2021 by five-year intervals (Figure 5-9 and 10). Darker

colours in predicted population density maps depict high density residential areas. In the

next 20 years, high density areas in Surrey will emerge around the city centre (northwest

of the city) and east of the city. The results also suggest that there will not be much

density increase in the southeast of the city. In addition, the simulated land use map for

2021 indicates that most of the change occurs around the skytrain stations and main

transportation corridors. The results also show that future land use change occurs in the

growth concentration area of the Metro Vancouver Liveable Strategic Plan.
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Figure 5-16 The comparison of existing (1996 and 2001) and simulated (2001) land use
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Figure 5-17 The comparison of existing and simulated population values per PCSU for 2001
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Figure 5-11 depicts the amount of change in residential land use throughout the

model iterations. In the first iteration for land use in 2006, non-residential areas decreased

and new low density neighbourhoods appeared. After 2016, the model simulates a

dramatic change in low density areas as they decrease, and medium to high density

neighbourhoods increase. Therefore, high density areas boost in the study area at the end

of the simulation for the year 2031. In addition, it is visible from the figure 5-that the

model generates compact growth patterns as it generates high density areas in a compact

form of development.
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Figure 5-18 Simulated population density maps from 2006 and 2021
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Figure 5-19 Simulated land use change maps from 2006 and 2021
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Figure 5-20 Amount of change in residential and non-residential land use from 2001 to 2021
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5.7 Conclusion

This study proposed a hybrid model called BNAS that uses CA, GIS, BNs, and

ABMs for predicting future population and land use change. Many existing land use

models focus on environmental drivers to characterize the change process. The BNAS

model represented an improvement in that it explicitly represented the dynamical aspects

of human decision making into the land use change process.

The BNAS model coupled BNs and ABMs to represent complex spatial

relationships between multitudes of land use drivers that affect land use change.

Household socioeconomic characteristics and locational properties of where they reside

are the two major land use drivers. The BNAS model determined the relationships
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between these two drivers, and created a specific BN structure. These networks were

extracted from real world data by using special learning algorithms ofBNs in which

variables are linked together to represent dependencies between associated conditional

probabilities.

Therefore, agent decision making was defined using causal relationships between

land use drivers. Using BNs in MAS provided detailed knowledge about the behaviour

patterns of individuals, what aspects of behaviour are important, and relative ease in

calibration of the model. In addition, the model is capable of identifying the important

variables and hence allows model designers to rapidly examine multiple drivers.

Furthermore, the BNAS model is flexible in terms of choices of heterogeneous agents as

different income groups can be easily integrated.

This study also combines vector-based data tessellations for CA together with

BN-based ABMs since this offer a more realistic way of representing complex

behaviours of urban land use change. Consequently, the object-oriented model design

consisted of two objects: agents and irregular spatial units. Agents have attributes, which

store the socio-economic characteristics of agents and their current location. Spatial units

have locational characteristics, such as distance to the town centre, which are stored in its

attributes.

Areal interpolation was used to integrate unmatched census data of the Metro

Vancouver study area between different time steps. Using new derived spatial units

allowed the use of historical data to validate the model. Partial calibration and validation

of the proposed approach in terms of checking if the model captured the basic features of

land use change was accomplished successfully as the real urban dataset was available.
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of the proposed approach in terms of checking if the model captured the basic features of

land use change was accomplished successfully as the real urban dataset was available.

Although the BNAS model was successfully applied to the City of Surrey, there

are some areas requiring further improvement. The model does not explicitly deal with

dynamic spatial units, and could be enhanced by allowing the vector spatial units change

in their shape and size. In addition, additional work needs to be done concerning the

calibration and validation in case more land-use and census data becomes available. The

agent profile could be enhanced to have detailed demographic characteristics rather than

income status only. Application of the BNAS model to a larger or different study area, by

incorporating regional, economic, or transportation network influences, could increase its

accuracy.

For some urban planning issues, information about population growth and land

use change are essential, which gives to the BNAS model the potential to be used in

understanding and predicting complex urban land use change process, and therefore as a

support tool for policy makers, urban planners, and urban developers.
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Chapter Links and Transitions

As the proposed agent-based model was not validated and there was a need for

new validation methods that can better assess the performance of the models, BNs

provided an alternative on agent-based model validation.

186



CHAPTER 6
AGENT-BASED MODEL VALIDATION USING BAYESIAN
NETWORKS AND VECTOR SPATIAL DATA10

6.1 Abstract

The validation of agent-based models (ABMs) ofland use change is a significant

challenge in current spatial modelling research and application. During the validation

process, model performance and accuracy assessment relies mostly on pixel-by-pixel

comparisons. However, the use of vector spatial data to develop agent-based models is

becoming increasingly necessary, especially for problems in urban land use planning.

Consequently, improved validation approaches are needed for vector-based ABMs. This

study presents an enhanced validation approach for vector-based ABM by linking a

vector-based Geographic Information System (GIS) with Bayesian Networks (BN). In the

approach, a unique polygons map and object-oriented database are created. Three

indicator variables were calculated to assess the probability of agreement. These variables

were structured as nodes in a Bayesian Network to evaluate the final agreement ofeach

unique polygon. Further, an index was calculated as a measure for the overall agreement.

This study applied the approach to an agent-based model of land use change (BNAS) that

was developed earlier by the authors. The BNAS model prediction of land use change for

2001 was compared with actual land use change using the proposed validation approach.

10 A version of this chapter is under review for publication in Environment and Planning B under the co
authorship of Dr. Suzana Dragicevic.
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The results showed that the approach is well suited for validating vector-based ABM

models and can aid in model designs for improved model performance.

6.2 Introduction

Agent-based models (ABMs) rely on agents as the minimum unit of analysis to

capture the bottom-up processes of complex real world systems. Maes (1994) describes

the agent as a system that tries to fulfill a set of goals in a complex and dynamic

environment. Franklin and Graesser (1999) provides a complementary definition where

"an agent as a system situated within and a part of an environment that senses that

environment and acts on it, over time". Agents can be atoms, biological cells, animals,

people, and organizations (Conte, Hegselmann, & Tema, 1997; Epstein & Axtell, 1996;

Janssen & Jager, 2000; Liebrand, Nowak, & Hegselmann, 1988; Weiss, 1999).

Autonomy, adaptivity and the ability to do a specific task are the most common

characteristics of ABMs. In addition, agents are autonomous and can control their actions

to achieve targeted goals (Parker, Manson, Janssen, Hoffmann, & Deadman, 2003).

Further, these agents communicate and interact with each other (Wooldridge, 1999).

Agent-based models have been applied in multiple contexts. For example, they

were used to simulate the interactions among users of recreational facilities (Deadman &

Gimblett, 1994; Gimblett, Roberts, & Daniel, 2000), model the actor-institution

environment linkages that cause tropical deforestation (Manson, 2000), and to model

animal populations and behavior (Westervelt & Hopkins, 1996). Moreover, ABMs have

been in land use change studies (Brown, Riolo, Robinson, North, & Rand, 2005; Brown

& Xie, 2006; Ligtenberg, Bregt, & van Lammeren, 2001; Parker et aI., 2003). In these
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approaches, human decision-making and interactions were modelled with ABMs to

simulate landscape change process based on the real behaviour of local actors.

6.2.1 Uncertainty in ABMs

In ABMs, multiple data sets are used, each of which may have a very different

spatial uncertainty (Zhang & Goodchild, 2002). As these datasets are gathered from

different sources, they may not have the same data quality, classification, registration,

etc. Most of the spatial uncertainties come from transformation and operational errors.

In preparing the input datasets, uncertainties may be produced by standard GIS

operations, e.g. data conversion, map algebra, buffering and masking (Yeh & Li, 2006).

Datasets come with different formats and different standards. Converting the data from

vector to raster (or vice versa) can create errors. In addition, conversion of data from one

spatial resolution to another creates loss of information, thus spatial uncertainty.

Remote sensing plays an important role in proving input data for ABMs.

However, image registration and classification procedures in RS can create spatial

uncertainties (Foody & Atkinson, 2002). Due to registration or classification errors, same

area has different boundaries in two different maps (for example, historical land use

maps). As GIS and RS data are used as key inputs to ABMs, the source errors will

propagate spatial uncertainties; thus affect the outcomes of the simulations and the

validation procedure.

6.2.2 Validation in ABMs

For the any spatial model to be predictive, the validation is an important step to

show that theoretical assumptions of the model are in harmony with the real world. Thus,
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the aim of the validation is to decide if the model mimics the real world well enough for

its intended use (Giere, 1984). Goodall (1972) stated that validation is to determine the

degree of agreement between the model and the real system. If the output of the model

agrees with the observed data, then it can be said that the model is an adequate

representation of the system that is being modelled. Therefore, the model can be used to

answer questions for which it was designed (Rykiel, 1996).

The literature reports a number of validation techniques designed for spatial

models (Turner, Costanza, & Sklar, 1989). Validation approaches in literature can be

divided into three. The first one asserts that models cannot be validated (Oreskes,

Shraderfrechette, & Belitz, 1994). Because models that use these calculations are based

on parameters which are not completely known so they cannot be taken as absolute truth,

and their predictive value is open to question. Only closed system can be fully validated.

The second takes less restrictive approach in which pattern evolution has to be

looked at for validation rather than comparing the static maps. For example, Brown et al

(2005) argue land use systems are often highly path dependent, and thus outcomes in

agent-based models often vary according to the initial conditions of the model. They have

introduced the invariant-variant method to assess the accuracy and variability of

outcomes of spatial agent-based land-use models; thus, acknowledges path dependence in

land-use models.

According to the third approach, validation is possible but there are specific

procedures that have to be followed. The most common approach is map comparisons as

the main aim is to compare the modelled output against reality. Chi-square and Kappa

statistics are used to quantify the raster-by-raster map comparisons. However, some
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authors have outlined limitations to the use of the KAPPA index and coincidence matrix

(Barredo, Kasanko, McCormick, & Lavalle, 2003; Straatman, White, & Engelen, 2004;

White & Engelen, 1997, 2000). The contention is that these statistics do not quantify the

patterns or map classes of geographic features with the effect that small differences in

land use types between two maps is shown as disagreement. Also, no spatial distribution

of errors is possible (Hargrove, Hoffman, & Hessburg, 2006).

The Relative Operating Characteristic (ROC) is another method for assessing

model validity. It predicts the location of the occurrence of a land use class by comparing

the image depicting the likelihood of that class occurring (i.e. model output) and a

Boolean image showing where that class actually exists (i.e. real world data). ROC was

used extensively to validate the results of land use change model based on multi-criteria

evaluation (Pontius & Schneider, 2001).

Further, model validation based on multi-scale approaches also proposed by Kok

and Farrow (2001). Recently, Boots and Csillag (2006) focused on techniques for

comparing two maps. These approaches use pixel-by-pixel comparisons and have

limitations (Power, Simms, & White, 2001). The limitations in the pixel-to-pixel

comparisons are error-based. Errors are inherent in the data sources such as satellite

images that are used to build the spatial models. In the pixel-to-pixel map comparison,

data input errors are not considered and hence disagreement could be due to data errors

and not actual change.

Other than raster-by-raster comparisons, there are a few map comparison

techniques that use pattern comparisons. In this case, map comparisons are based on

landscape metrics calculated from the maps (Lei, Pijanowski, Alexandridis, & Olson,
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2005). However, landscape metric based comparisons do not provide an index of

agreement that can be used to improve the original model design. In yet another

approach, Hargrove, Hoffman and Hessburg (2006) outlined a methodology to compare

vector polygons based on the goodness-of-fit for each polygon. They graphically and

quantitatively evaluate the degree-of-fit between the two maps being compared, and

quantify a goodness of fit for each polygon and the entire map. These methods compare

the structural patterns but they do not take into account the errors in the maps.

Power et ai. (2001) and White (2006) proposed hierarchical fuzzy pattern

matching method to measure agreement between the model output and the real world

data while accounting for the uncertainties in the datasets. Their method is a map

comparison technique for raster-based maps in which raster maps were converted to

vector spatial data and the resulting polygons compared based on the three variables:

areal intersection ratio, areal complement ratio and pixel grouping. Fuzzy set theory was

used to assess the local and global matching of polygons in the unique polygons map.

This methodology is the basis for model validation in the Map Comparison Kit software

(RIKS, 2006).

In general, the implementation of the validation stage in agent-based modelling is

a challenge (Brown, Page et aI., 2005). This in tum affects the implementation and

interpretation of the model results (Castle & Crooks, 2006). Further, there are not many

validation techniques that can be adapted for use on ABMs that operate on vector spatial

data. When the model output is compared with the real world data, we are uncertain

about the disagreement as they may be due to the errors in the initial datasets or to the

actual differences generated through simulation process. To address this, we need a
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method that can model uncertainty. Bayesian networks (BNs) is an alternative in which

degree of agreement between two maps can be captured in terms of conditional

probability distributions representing our beliefs about the disagreement conditional on

some variables.

The objective of this study was to develop an enhanced validation approach that

compares ABM simulation outcome maps with real maps in vector data format. The

approach used Bayesian networks (BN) where three variables were selected that affect

the probability of agreement. BN facilitated the modelling of uncertain knowledge when

the two maps are being compared and we are uncertain about the disagreement. By

analyzing the probability a decision can be made on whether the map agreement was due

to data error or real world disagreement. The following sections explain the Bayesian

network-based agent system (BNAS) model, the enhanced model validation approach,

and a case study analysis to assess the BNAS model performance.

6.3 Bayesian Networks

In the late 1980s, researchers in artificial intelligence (AI) discovered that

Bayesian networks (BN) provided an efficient means handle uncertainty (Charniak, 1991;

Heckerman, Mamdani, & Wellman, 1995; Pearl, 1988). Early applications ofBN were in

medical diagnosis and genetics, but now their use can also be found in environmental

studies (Little et aI., 2004; Marcot, Holthausen, Raphael, Rowland, & Wisdom, 2001;

Varis, 1998), watershed management (Borsuk, Clemen, Maguire, & Reckhow, 2001),

remote sensing (Qin, Jianwen, & Yun, 2006), land use change (Kocabas & Dragicevic,

2006a)), land use decision making (Ma, Arentze, Borgers, & Timmermans, 2004), and

urban land market sales (Lei et aI., 2005).
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Bayesian networks are a category of probabilistic networks that combines

probability and graph theory (Pearl, 1988). By using graph theory a complex system can

be modeled by linking the simpler parts to each other using probabilities (Jordan &

Sejnowski, 2001). The advantage of probabilistic networks is that they are explicit

representations of dependencies or independencies between variables which ignores the

scientific numeric or functional details (Buntine, 1996). As a probabilistic network, BN

representation was originally designed to deal with complexity and uncertainty in expert

knowledge.

The Bayesian Network design consists of a pair (G, P) where G is a directed

acyclic graph (DAG) with a node for each variable in the model and P is a multivariate

probability distribution defined for each variable. There are four basic elements

characteristic of all BNs (Pearl, 1988). A set of nodes corresponding variables in BN

represents the most important factors of a particular phenomenon that is being modelled.

Each node has a set of mutually exclusive states. A set of directed links encodes

conditional independencies between nodes (i.e. the variables). Also each node has a set of

probabilities, specifying the chance that a node will be in a particular state given the state

of its parents. These probabilities are stored in Conditional Probability Tables (CPT) and

quantify the strength of the dependencies between variables which are connected in the

BN structure (Bromley, Jackson, Clymer, Giacomello, & Jensen, 2005). The important

characteristic of Bayesian Networks is their explicit representation of the conditional

dependence and independence between variables (Varis, 1998). Consider a simple

example in Figure 6-1 with three nodes. The relationship between variables can be

presented as follows:
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P(C IA B) = peA IC)P(B IC)P(C)
, P(A)P(C)

Figure 6-1An example of a Bayesian network with three nodes

(6-1)

P(B) 1'((' A. B)

The design of the network that includes which factors link to each other is based

on the problem context and conceptualization. The probabilities of interest given

evidence can be calculated from a joint probability distribution, which is called

probabilities inference. It has been shown (Pearl, 1988) that the joint probability

distribution induced by the DAG representing the dependencies can be factorized into the

conditional distribution of each variable (xi) with respect to its parents (pai). That is:

n

P(X\ ...X n ) =ITP(x j Ipa,)
I

6.4 BNAS Model Framework

The BNAS model coupled Bayesian Networks and agent-based model to

(6-2)

represent complex spatial relationships between multitudes of land use drivers that affect

land use change (Kocabas & Dragicevic, 2006b). Household socioeconomic
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characteristics and locational properties of where they reside are the two major land use

drivers. The BNAS model determined the relationships between these two drivers and

created a specific BN decision making structure. These networks were extracted from

real world data by using special learning algorithms ofBNs in which variables are linked

together to represent dependencies between associated conditional probabilities.

There are two types of agents, household and commercial, which are similar in

the way location decisions are made. Household agents have socio-economic

characteristics that affect how they evaluate locations. Therefore, there are three different

types of household agents: high income, middle income and low income agents. For

example, high income households prefer areas with high levels of accessibility, high

levels of supply of social services and high levels ofenvironmental quality. These

attributes and behavioural patterns were obtained from census data using the learning

procedures ofBNs.

The spatial variables considered as the locational factors that affect future land

use change were: distance to education, distance to existing transportation network,

distance to commercial centres, distance to employment centres, distance to recreational

facilities, distance to green areas, dwelling type, number of rooms, land values,

population density and constraints (water areas, steep sloped areas etc... ).

Each agent object stores its own socio-economic characteristic as well as its

location in the environment. All drivers were incorporated into the BN model as nodes. In

addition to those, as a last node, agent's decision was defined in the BN structure to

obtain the probabilities of each decision: 'choose' or 'not choose'. Using BN learning

procedure, BN structure for each type of agent was constructed and values of CPT were
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estimated from the census and associated data. Therefore, this study defines three agent

categories representing different income levels with different BN structures.

During each iteration, a number of agents enter to the environment one by one.

Once in the environment, the agent randomly searches for a location and stores the

information about that location. With this information, the agent uses BN to create real

time decision making in the simulation. Next, an action is implemented based on the

decision output from the model. According to the agent's decision, the environment

changes with agent's action. More than one agent can occupy a spatial unit. After all the

agents made their decisions, population density values are updated according to the

decisions and consequently future land use patterns are obtained.

6.5 Bayesian Network Approach to Validate ABM Model

The initial step in the proposed validation technique is to spatially intersect the

existing map (reference polygons) and predicted map (comparison polygons). During the

intersection, attribute values of both maps were retained. The final map is called a unique

polygons map (Bonham-Carter, 1994). Figure 6-2 provides an illustration of the

reference, comparison and unique polygons maps in vector data format.

After the completion of the intersection process, a new table was created within

an object-oriented database structure. In the new table, each new polygon is an object and

has attributes derived from both initial maps. Each new polygon has its own ID, reference

polygon ID which it belongs, land use code in reference polygon, land use code in

comparison polygon, and area of the new polygon. Figure 6-3 illustrates the object

oriented database structure in the case of n generated polygons.
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Agreement of neighboring polygons with their reference map is an important

variable; therefore, should be incorporated in the validation process. If most of the

neighborhood polygons agree, then it is more likely that central polygon's disagreement

is due to errors in the input datasets. The neighbouring polygons of the unique map was

then determined. Polygons (their centre coordinates) that are within a radius (R) of

neighbourhood are assigned as neighbours to the polygon in consideration. Then the

proposed approach defines three variables that affect the probability of agreement:

agreement in the reference polygon (A), area proportion ofthe new polygon in the

reference polygon (AP), and neighbourhoodfragmentation (NE).

Figure 6-2 Reference, comparison and unique polygon maps

COMPARISO~\iM,A,P

UNIQUE POI.YGOtlS MAP
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Agreement in the reference polygon (A;) for polygon i measure the percentage of

agreement in the reference polygon compared to the comparison map (Equation 6-3).

A = na x ara
I -n pt x arr

(6-3)

where na is the number of polygons that agree in the reference polygon; ara is the

area of agreed polygons; npt is the total number of polygons in the reference polygon; and

arr is the area of the reference polygon.

The second variable (AP;) can be obtained as;

arnpAP;=-
arr

(6-4)

where arnp is the area of new polygon and arr is the reference polygon's area.

Neighbourhood fragmentation index (NF;) measures the percentage of polygons

that are fragmented in the neighbourhood of a new polygon. Its formula is modified from

Monmonier (1974) and can be calculated as:

NF = nna -1
I n

tn
-1

where (nna) is the number of neighbour polygons disagree with their

(6-5)

corresponding reference polygons and (ntn) is the total number of neighbours of the new

polygon (i).
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Figure 6-3 Structure of the unique polygons map database
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If the NFi is close to 1 then the neighbours are fragmented and do not agree with

their corresponding reference polygons. If it is close to 0, then there is less fragmentation

in the polygon's neighbourhood which means that the disagreement of the new polygon

might be due to an error.

After calculating three variables for each new polygon, the values were classified

into three states: (l) low, (2) medium, and (3) high (Table 6-1). The Bayesian Network

structure is then constructed and the conditional probabilities defined in the conditional

probabilities table (CPT) to calculate the probability of final agreement for each polygon

i. Figure 6-4 shows the proposed BN structure developed. The probabilities were entered

to the conditional probability tables using our knowledge. The last is the calculating the

probability which is done by inference. In this step, variable states are entered as

evidence in the BN to calculate the revised probabilities of interest given the evidence. In
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this study, the Junction Tree Algorithm was used to calculate the inference in the BN

(Jensen, Lauritzen, & Olesen, 1990). The three variable states (Ai, APi, NFi) were entered

into the BN as evidences and the probabilities of agreement for each new polygon were

obtained. Then, the agreement probability map and final agreement index (FA!) are

generated. If the probability of agreement is high, polygons most likely agree and the

disagreement is due to errors in the data source.

To calculate the FAI, frequency table is generated from the final agreement map.

The FAI measures overall agreement of the two maps whereas probability of agreement

measures the individual agreement for the polygons in both maps (Equation 6-6).

(6-6)

where Pi is final agreement probability; (fp) is the frequency of probability; and n/

is the total number of polygons.

Table 6-1 Variable classifications

Low Medium High
Agreement in the reference 0-40 41-70 71-100
polygon (A)
Area proportion of the new 0-40 41-70 71-100
polygon in the reference
poly~on (AP)
Neighborhood fragmentation 0.71-1 0.41-0.70 0-0.40
(NF)
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Figure 6-4 Proposed Bayesian network structure with four nodes

P(AJ

P(FA IA, AP" NF,)

6.6 Implementation of the Validation Approach

The algorithms for the proposed ABM and the enhanced validation approach were

developed in Matlab (Mathworks, 2008) by using some ofthe functions ofthe Bayes Net

Toolbox (Murphy, 2001) and the Arc_mat toolbox (LeSage & Pace, 2004). The BNAS

model reads vector data files from the ArcGIS software (ESRI, 2008).

6.6.1 Hypothetical Study Site

The proposed validation approach was firstly implemented to a hypothetical site

before generating simulation maps of the ABM model. The reference map (Figure 6-5a)

represents the real land use at time t and the comparison map (Figure 6-5b) represents the

simulation outcome of a land use change model for time t. It is also assumed that the

input map for the land use change model at time t -1 is independent from real land use

data at time t. As seen in the unique polygons map (Figure 6-5c), although some
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polygons perfectly overlap, there are small size polygons that do not overlap in both

maps. It is obvious that some of these polygons occurred due to the errors in the initial

data source originated from for example raster to vector conversion, digitization or

classification.

First, the BN structure was defined that indicates potential dependencies among

the three agreement variables as illustrated in Figure 6-4. Then, the beliefs about the

uncertainty in the agreement calculation were specified, i.e. setting conditional

probabilities for each node. Finally, agreement probabilities were calculated using

Bayesian network inference. Figure 6-5d illustrates the probability map in which those

small polygons have high probability of agreement.

6.6.2 Real World Application - BNAS Model Validation

The BNAS model was applied to Metro Vancouver which is the third largest

urban region in Canada (Metro Vancouver, 2008). Projections suggest it could grow to

nearly three million over the next few decades (Statistics-Canada, 2008). A section of

Metro Vancouver was used as a pilot test area for the proposed approach of validation.

The BNAS model used the 1996 data to predict the land use at year 2001. The predicted

2001 output map was compared with real-world data to assess the model performance

using the proposed approach so that BNAS model was validated to improve confidence

in the model for predicting future scenarios or applying the model to other study areas.

Figure 6-6 illustrates the model prediction map and the existing land use map for

2001. The visual comparison implies that there is a high degree of agreement.

Disagreements are mostly in small polygons throughout the study area. The validation
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technique was applied to these maps to assess the probability of agreement. First, unique

polygons map were created (Figure 6-6) together with the object oriented database. Then,

indicator variables were generated with the proposed methodology. Final agreement was

calculated using the BN inference algorithm for each new polygon in the unique

polygons map. The resultant agreement map is shown in Figure 6-8.

Table displays the probability distribution of the results. A total of 5,015 out of

14,836 polygons have a probability range between 0.30 and 0.45. Polygons that have

higher probability agreement (higher than 0.85) count 5,601. The lower probability

values mean that those polygons disagree due to the differences in both maps rather than

an error. This suggests that there is still substantial disagreement between the reference

map and the comparison map. The differences can be due to the different data sources

that have used as inputs to the model.

Table 6-2 Probability distribution in the final agreement probability map

Agreement probability # of polygons
0-0.29 125

0.30-0.45 5015
0.46 - 0.60 275
0.61 - 0.70 195
0.71 - 0.85 3625

0.86 - 1 5601

The final agreement index (FA!) is 72.6% which indicates an acceptable

agreement between simulated model output map and real data map in terms of validating

a model. Small polygons that have high probability of agreement are due to errors in the

initial data source originated from for example raster to vector conversion, digitization or
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classification. Like all polygons in the maps, these are also taken into consideration for

the calculation of FAI. However, with the proposed methodology small polygons are not

calculated as disagreement in the FAI; rather their high probability of agreement

increases the FAI which is not the case for other map comparison methods in the

literature.
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Figure 6-6 a) Real world data (reference) and b) Simulated ABM model outcome map (comparison)
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Figure 6-8 Final agreement probability map
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6.7 Conclusion

The issue of validation is a significant challenge in current agent-based modelling

of land use change. This study proposed a new approach to enhance existing validation

techniques for ARMs that operate on vector spatial data as there are not many techniques

developed for vector spatial data in the literature. Proposed methodology could apply to

raster maps as well if they are converted to vector maps. However, the BNAS model

outputs in vector spatial data format; therefore, the proposed methodology was designed

for that format.

The BN-based validation approach calculated the probability of agreement

between two map polygons and reduced the overestimation of map agreement that can

arise from uncertainty and errors. BN was used to assess the probability of agreement

based on three variables: agreement in the reference polygon, area proportion of the new
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polygon and the neighbourhood fragmentation. These variables were used as input to the

BN structure to obtain the final agreement probability for each new polygon.

This approach represents an enhancement of vector-based ABM model validation

as it contributes to the improvement of model designs by distinguishing real differences

between maps from disagreement artifacts due to errors. Further, this approach can be

used to evaluate model's relative accuracies.

As ABMs can be used as spatial decision support tools to assist the spatial planner

with guidance in making land use decisions, proposed validation technique will provide

decision makers with measures of reliability of the models and conclusions they might

reasonably draw from outcomes. Therefore, one important aim of the validation is to

allow decision maker to understand the level confidence to have in the model. Because

too little confidence of decision maker on the model results in overlooking to the

outcomes by the model.

The continuous scale of the agreement information allows the decision to be

developed on a level of agreement rather than crisp boundaries between agreement

classes (e.g. high, moderate or low agreement).

Although this paper focuses on geometric positions of the polygons in validation,

there are also other methods that convey other components of geometry which can form

future research of validation techniques in ABMs.

Although Bayesian networks are promising in improving validation techniques,

there might be situations that prior probabilities can not be established. In that case,
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Dempster-Shafer theory (Shafer, 1976) could be employed as allows for an undecided

state of our knowledge which can be another direction of the future work of this study.

6.8 Reference List

Barredo, J. I., Kasanko, M., McCormick, N., & Lavalle, C. (2003). Modelling dynamic
spatial processes: simulation of urban future scenarios through cellular automata.
Landscape and Urban Planning, 64(3), 145-160.

Bonham-Carter, G. (1994). Geographic information systems for geoscientists: modelling
with GIS. Oxford; New York: Pergamon.

Boots, B., & Csillag, F. (2006). Categorical maps, comparisons, and confidence. Journal
ofGeographical Systems, V8(2), 109-118.

Borsuk, M., Clemen, R., Maguire, L., & Reckhow, K. (2001). Stakeholder values and
scientific modeling in the Neuse river watershed. Group Decision and
Negotiation, 10(4),355-373.

Bromley, J., Jackson, N. A., Clymer, O. J., Giacomello, A. M., & Jensen, F. V. (2005).
The use of Hugin® to develop Bayesian Networks as an aid to integrated water
resource planning. Environmental Modelling & Software, 20(2), 231-242.

Brown, D. G., Page, S., Riolo, R., Zellner, M., & Rand, W. (2005). Path dependence and
the validation of agent-based spatial models of land use. International Journal of
Geographical Information Science, 19(2), 153-174.

Brown, D. G., Riolo, R., Robinson, D. T., North, M., & Rand, W. (2005). Spatial process
and data models: Toward integration of agent-based models and GIS. Journal of
Geographical Systems, 7(1),25-47.

Brown, D. G., & Xie, Y. (2006). Spatial agent-based modeling. International Journal of
Geographic Information Science, 20(9),941-943.

Buntine, W. L. (1996). A guide to the literature on learning probabilistic networks from
data. IEEE Transactions on Knowledge and Data Engineering, 8(2), 195-210.

Castle, C. J. E., & Crooks, A. T. (2006). Principles and concepts ofagent-based
modellingfor developing geospatial simulations. Retrieved 6 Oct, 2007, from
http://www.casa.uc1.ac.uk/working-papers/paper110.pdf

Charniak, E. (1991). Bayesian Networks without Tears. Ai Magazine, 12(4),50-63.

Conte, R., Hegselmann, R., & Tema, P. (1997). Simulating social phenomena. Berlin:
Springer-Verlag.

210



Deadman, P., & Gimblett, H. R. (1994). The role of goal-oriented autonomous agents in
modelling poeple-environment interactions in forest recreation. Mathematical and
Computer Modelling, 20, 121-131.

Epstein, J. M., & Axtell, R. (1996). Growing artificial societies: Social science from
bottom up. Washington, DC: Brookings Institutional Press.

ESRI. (2008). GIS and Mapping software. Retrieved 8 Apr, 2008, from
http://www.esri.com

Foody, G. M., & Atkinson, P. M. (2002). Uncertainty in remote sensing and GIS. West
Sussex; Hoboken, NJ: J. Wiley.

Franklin, S., & Graesser, A. (1999). A software agent model of consciousness.
Consciousness and Cognition, 8(3),285-301.

Giere, R. N. (1984). Understanding scientific reasoning (2nd ed.). New York; Toronto:
Holt Rinehart and Winston.

Gimblett, H. R., Roberts, C., & Daniel, T. C. (2000). Intelligent agent modelling for
simulating and evaluating river trip scheduling scenarios for the Grand Canyon
National Park. In Integrating GIS and Agent based modelling techniques for
Understanding Social and Ecological Processes (pp. 245-275). Oxford: Oxford
University Press.

Goodall, D. W. (1972). Building and testing ecosystem models. In J. N. R. Jeffers (Ed.),
Mathematical models in ecology (pp. 173-194). Oxford: Blackwell Scientific
Publications.

Hargrove, W. W., Hoffman, F. M., & Hessburg, P. F. (2006). Mapcurves: a quantitative
method for comparing categorical maps. Journal ofGeographical Systems, V8(2),
187-208.

Heckerman, D., Mamdani, A., & Wellman, M. P. (1995). Real-world applications of
Bayesian Networks - Introduction. Communications ofthe Acm, 38(3),24-26.

Janssen, M. A., & Jager, W. (2000). The human actor in echological economic models.
Ecological Economics, 35(3),307-310.

Jensen, F. V., Lauritzen, S., & Olesen, K. G. (1990). Bayesian updating in causal
probabilistic networks by local computations. Computational Statistics Quarterly,
4,269-282.

Jordan, M. I., & Sejnowski, T. 1. (2001). Graphical models : foundations ofneural
computation. Cambridge, Mass.: MIT Press.

Kocabas, V., & Dragicevic, S. (2006a). Coupling Bayesian Networks with GIS-Based
Cellular Automata for Modeling Land Use Change. Lecture Notes in Computer
Science, 4197,217-233.

211



Kocabas, V., & Dragicevic, S. (2006b). Integrating GIS and Bayesian Networks for a
multi-agent model of land use change. In Proceedings of the 44th Annual
Conference ofthe URISA, 26-29 September, Vancouver, Canada

Kok, K., Farrow, A., Veldkamp, A, & Verburg, P. H. (2001). A method and application
of multi-scale validation in spatial land use models. Agriculture Ecosystems &
Environment, 85(1-3), 223-238.

Lei, Z., Pijanowski, B. C., Alexandridis, K. T., & Olson, J. (2005). Distributed modeling
architecture of a multi-agent-based behavioral economic landscape (MABEL)
model. Simulation-Transactions ofthe Society for Modeling and Simulation
International, 81(7),503-515.

LeSage,1. P., & Pace, R. K. (2004). Arc_Mat, a toolbox for using ArcView shape files
for spatial econometrics and statistics. Lecture Notes in Computer Science, 3234,
179-190.

Liebrand, W. B. G., Nowak, A, & Hegselmann, R. (1988). Computer modeling ofsocial
processes. London: Sage Publications.

Ligtenberg, A., Bregt, A K., & van Lammeren, R. (2001). Multi-actor-based land use
modelling: spatial planning using agents. Landscape and Urban Planning, 56(1
2),21-33.

Little, L. R., Kuikka, S., Punt, A E., Pantus, F., Davies, C. R., & Mapstone, B. D. (2004).
Information flow among fishing vessels modelled using a Bayesian network.
Environmental Modelling & Software, 19(1),27-34.

Ma, L., Arentze, T., Borgers, A, & Timmermans, H. (2004). Using Bayesian decision
networks for knowledge representation under conditions of uncertainty in multi
agent land use simulation models. In 1. Leeuwen & H. J. P. Timmermans (Eds.),
Recent Advances in Design and Decision Support Systems in Architecture and
Urban Planning. Dordrecht ; Boston: Kluwer.

Maes, P. (1994). Modeling adaptive autonomous agents. Artificial Life, 1, 135-162.

Manson, S. M. (2000). Agent-based dynamic spatial simulation of land-use/cover change
in the Yucatan peninsula, Mexico. In Proceedings of the 4th International
Conference on Integrating GIS and Environmental Modeling (GIS/EM)- 2000,
Banff (AB), Canada

Marcot, B. G., Holthausen, R. S., Raphael, M. G., Rowland, M. M., & Wisdom, M. 1.
(2001). Using Bayesian belief networks to evaluate fish and wildlife population
viability under land management alternatives from an environmental impact
statement. Forest Ecology and Management, 153(1-3), 29-42.

Mathworks. (2008). Getting Started with Matlab. Retrieved 8 Apr, 2008, from
http://www.mathworks.com/access/helpdesk/help/pdCdoc/matlab/getstart.pdf

Metro Vancouver. (2008). Greater Vancouver Regional District. Retrieved 8 Apr, 2008,
from http://www.gvrd.bc.ca/about/index.htm

212



Monmonier, M. S. (1974). Measures of pattern complexity for choropleth maps. The
American Cartographer, 1(2), 159-169.

Murphy, K. (2001). The Bayes net toolbox for Matlab. Computing Science and Statistics,
33,331-350.

Oreskes, N., Shraderfrechette, K., & Belitz, K. (1994). Verification, Validation, and
Confirmation ofNumerical-Models in the Earth-Sciences. Science, 263(5147),
641-646.

Parker, D. C., Manson, S. M., Janssen, M. A., Hoffmann, M. J., & Deadman, P. (2003).
Multi-agent systems for the simulation of land-use and land-cover change: A
review. Annuals ofthe Association ofAmerican Geographers, 93(2),314-337.

Pearl, J. (1988). Probabilistic Reasoning in Intelligent Systems: Networks ofPlausible
Inference. San Mateo, CA: Morgan Kaufmann Publishers.

Pontius, R. G., & Schneider, L. C. (2001). Land-cover change model validation by an
ROC method for the Ipswich watershed, Massachusetts, USA. Agriculture
Ecosystems & Environment, 85(1-3),239-248.

Power, C., Simms, A., & White, R. (2001). Hierarchical fuzzy pattern matching for the
regional comparison of land use maps. International journal ofgeographic
information science, 15(1), 77-.

Qin, D., Jianwen, M., & Yun, O. Y. (2006). Remote sensing data change detection based
on the CI test of Bayesian networks. Computers & Geosciences, 32(2), 195-202.

RIKS. (2006). The Map Comparison Kit (MCK). Netherlands.

Rykiel, E. J. (1996). Testing ecological models: the meaning of validation. Ecological
Modelling, 90, 229-244.

Shafer, G. (1976). A mathematical theory ofevidence. Princeton, N.J.: Princeton
University Press.

Statistics-Canada. (2008). Canada's National Statistical Agency. Retrieved 8 Apr, 2008,
from http://www.statcan.ca

Straatman, B., White, R., & Engelen, G. (2004). Towards an automatic calibration
procedure for constrained cellular automata. Computers, Environment and Urban
Systems, 28(1-2), 149-170.

Turner, M. G., Costanza, R., & Sklar, F. H. (1989). Methods to evaluate the performance
of spatial simulation models. Ecological Modelling, 48(1-2), 1-18.

Varis, O. (1998). A belief network approach to optimization and parameter estimation:
application to resource and environmental management. Artificial Intelligence,
101(1-2), 135-163.

Weiss, G. (1999). Multi-agent systems: A modern approach to distributed altificial
intelligence. Cambrigde, MA: MIT Press.

213



Westervelt, J. D., & Hopkins, L. D. (1996). Facilitating mobile objects within the context
of spatial landscape processes. In Proceedings of the Third International
Conference on Integrating GIS and Environmental Modeling,

White, R (2006). Pattern based map comparisons. Journal ojGeographical Systems,
8(2), 145-164.

White, R, & Engelen, G. (1997). Cellular automata as the basis of integrated dynamic
regional modelling. Environment and Planning B, 24(2), 235-246.

White, R, & Engelen, G. (2000). High-resolution integrated modelling of the spatial
dynamics of urban and regional systems. Computers, Environment and Urban
Systems, 24(5),383-400.

Wooldridge, M. (1999). Intelligent Agents. In Multi-agent systems: A modern approach
to distributed artificial intelligence. Cambridge, MA: MIT Press.

Yeh, A. G., & Li, X. (2006). Errors and uncertainties in urban cellular automata.
Computers, Environment and Urban Systems, 30(1), 10-28.

Zhang, 1., & Goodchild, M. F. (2002). Uncertainty in geographical information. New
York: Taylor & Francis.

214



Chapter Links and Transitions

Assessment of the new model's performance through a new validation technique

has been utilized in Chapter 6. This resulted in the proposal of a Planning Support System

(PSS) framework based on the proposed BNAS model to bridge the gap between land use

planning and modelling. Chapter 7 provides a PSS framework that utilizes agent-based

modelling and Bayesian Networks (BNs) in real urban environment with different policy

scenarios.
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CHAPTER 7
BRIDGING THE GAP BETWEEN PLANNING AND
MODELLING: AGENT-BASED MODEL FOR PLANNING
SUPPORT SYSTEMSll

7.1 Abstract

The link between land use models and planning support systems (PSS) is not well

elaborated. Consequently, policy makers and planners' decision making abilities are often

limited by a lack of vision into the future of land use change. Few studies focus on using

agent-based models (ABMs) in PSS for real world applications through different policy

scenarios. The objective of this study is to propose a PSS framework based on Bayesian

Networks (BNs) and a Bayesian Network-based Agent System (BNAS) model. The

BNAS model incorporates geographic information systems (GIS), BNs, and agents that

represent human behaviour in the land use change process. The proposed PSS framework

was applied to simulate land use change in the City of Surrey, British Columbia, Canada.

This study employs four land use change scenarios, each associated with different urban

policies. With the graphical user interface of the BNAS model, it is possible to display

and compare resultant maps of these scenarios and charts. Therefore, this study shows

that the proposed model can assist urban planners in forecasting and shaping the scope

and character of future development through what-if scenarios.

II A version of this chapter will be submitted for publication in Landscape and Urban Planning under the
co-authorship of Dr. Suzana Dragicevic and Dr. Eugene McCann.
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7.2 Introduction

There is a growing need for urban planners to help communities shape a vision of

future urban development and plan to achieve that vision. Land use plans are the main

instrument for urban planners to realize this goal, providing regulations for land uses in

an urban area (Saarloos, Arentze, Borgers, & Timmermans, 2008). Planners need to use

analytical tools and knowledge in order to make decisions as they construct land use

plans. Urban land use planning methods have evolved over time and employed

increasingly scientific approaches like mathematical and spatial modelling (Berke &

Kaiser, 2006). In these methods, descriptive and explanatory studies attempt to address

the question of why land use change has occurred and to analyze the factors that affect

change in order to guide policy and decision making (Briassoulis, 2000). In addition to

describing and explaining land use change, an important purpose of conducting such

analyses is to predict future changes in land use.

Planning Support Systems (PSS) are information systems that support different

aspects ofthe planning via problem diagnosis, data collection, mining, spatial and

temporal analysis, data modelling, visualization, scenario building and projection, and

collaborative decision making (Saarloos et aI., 2008). Figure 7-1 illustrates the

components of a PSS. According to Harris and Batty (1993), PSS combines a range of

computer-based methods and models in an integrated system that is used to address a

particular planning problem (Geertman & Stillwell, 2004).
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Utilizing a dynamic land use model allows a PSS framework to model the impacts

of alternative scenarios ofland use patterns and assess the compatibility ofthese

alternatives with interest group values and community visions (Klosterman, 1999;

Wacks, 2001). In addition, such a framework can capture the changes in the land-use

system by describing processes of land-use change and predicting future change

(Couc1elis, 2005).Therefore, linking PSS with dynamic urban land use models can make

them better tools for urban planners to use in decision making process. Moreover, this

linkage can improve the applicability of land use change models in planning.

The aim of this study is to address these challenges by providing a PSS

framework that utilizes agent-based modelling based on agents and Bayesian Networks

(BNs) in real urban environment with different policy scenarios.

7.3 Land Use Models and PSS: Background

Two groups ofland use models are used in PSS: geographic information systems

based (GIS) models and complexity theory-based models. GIS provide a powerful

environment for PSS in measuring spatial identities and exploring spatial relationships by

combining locational and attribute data. Advanced GIS techniques can provide a range of

functions that help in land use planning processes, such as identifying trends in land use

change and predicting probable future environments. GIS has been integrated in PSS to

test alternative future scenarios and to analyze the feasibility or implications of different

urban policies. A "What-if system" (Klosterman, 1999) explores what will happen if

certain policy choices are made. It is a GIS-based system to project future land use

patterns by balancing demand and supply for land. There is also the Planning System for

Sustainable Development (PSSD), based on GIS to make different thematic maps for
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urban planners and decision makers with the aim of enhancing the sustainability of land

use policies (Hansen, 2001). Another example of GIS-based PSS is SPARTACUS

(System for Planning and Research in Towns and Cities for Urban Sustainability) based

on a land use/transport model (MEPLAN) (Lautso, 2002). It has been applied in different

urban regions (e.g. Helsinki, Bilbao, and Naples) for assessing results of several urban

sustainability policies (Lautso & Toivanen, 1999).

Most conventional GIS data models employ static representation. These data

models decompose spatio-temporal objects into a collection of layers which constrain

GIS capabilities for representation of dynamic information (Kemp & Kowalczyk, 1994).

Because of these limitations of GIS in handling temporal data and in modelling dynamic

spatial phenomenon, these GIS-based models have shortcomings. Therefore, complexity

theory-based models (Cellular Automata-based models) have been employed in PSS or

Spatial Decision Support Systems (de Kok, Engelen, White, & Wind, 2001) to overcome

these shortcomings. In these models, land use change is seen as a complex system, and it

is argued that a general perspective can be adopted for analyzing cities, which provides a

framework for making effective decisions (Batty, 2005). Land use change exhibits

several characteristics of complexity, including fractal dimensionality and self-similarity

across spatial scales, self-organization and emergence (Allen, 1997; Batty & Longley,

1994; Portugali, 2000). Land use dynamics and the rules for pattern generation and

evolution require well-suited tools for their modelling and understanding (Barredo,

Kasanko, McCormick, & Lavalle, 2003).

CA models have been used in exploring spatial complexity and self-organizing

properties ofland use change for more than two decades (Batty, Xie, & Sun, 1999;
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Couclelis, 1985; Lau & Kam, 2005; Maria de Almeida et aI., 2003; White, Engelen, &

Uljee, 1997; Wu & Webster, 1998). SLEUTH, named after the input requirements ofthe

model: slope, land cover, exclusion, urbanization, transportation, and hillshade (Clarke,

Hoppen, & Gaydos, 1997), and DUEM, the Dynamic Urban Evolutionary Model (Batty

et aI., 1999; Xie, 1996), are good examples of PSS based on CA.

Recently, the possibility of integrating ABMs has been addressed in the PSS

literature (Torrens, 2002). In PSS, ABMs are models that allow planners to visualize,

analyze and forecast dynamic phenomenon emerging from the interaction of individual

agents (Saarloos et aI., 2008). One of the main advantages of ABMs is the ability to

model complex and nonlinear processes. PSS with ABMs makes use of dynamic models

that combine spatial processes and human decision making (Benenson, 2004; Hammam,

Moore, Whigham, & Freeman, 2003; Ligmann-Zielinska & Jankowski, 2007; Parker,

Manson, Janssen, Hoffmann, & Deadman, 2003).

CommunityViz (Kwartler & Bernard, 2001) is a PSS that utilizes agent-based

modelling. It uses a scenario planning approach, and calculates economic, environmental,

social and visual impacts and indicators dynamically as users explore alternatives. It also

supports interactive 3D models and various tools for public participation and

collaboration. In addition, Sembolini et al (2004) propose an ABM in which behavioural

patterns of agents (households, industrial firms, and developers) lead to future urban

development patterns. Kii and Doi (2005) combine ABM, CA and a regional urban

model to examine the effectiveness of various policy measures for achieving compact

city form. Saarloos et al (2005; 2005) propose a multi agent model for generating

alternative land use plans, in which the agents are land-use experts that initiate the
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development of plan proposals and communicate with each other to draw up these

proposals incrementally. A PSS to simulate urban sprawl, based on interacting mobile

agents and a static CA environment, has been developed by Torrens (2006). Ligmann

Zielinska and Jankowski (2007) apply two different ABMs for spatially explicit

modelling of real-world policy scenarios to Washington, DC. They concluded that ABMs

have a great potential for urban policy testing.

7.3.1 Problems With Existing PSS That Employ ABMs

The first problem in PSS that employ ABMs is that all the examples except

CommunityViz are attempts to integrate ABMs in PSS. Although CommunityViz is a

real PSS employing an ABM, its agent modelling approach has limitations like other

ABMs. Therefore, there is a need for an enhanced ABM for a PSS framework. The

enhanced ABM should utilize better representation of agents' behaviour, easiness to

acquire data about the behaviour patterns of individuals using learning algorithms on

existing data, and irregular spatial structure.

The second problem is that ABMs are not widely used in PSS for real world

planning situations (Harris, 1999). Although there are land use models that are being

applied by planners and municipalities (Brail & Klosterman, 2001; Geertman & Stillwell,

2003), it has been argued that land use models to this date have failed to enhance urban

planning, and there are problems when they are used in a planning context (Couclelis,

2005). Land use models should help planners to make strategic decisions that will serve a

range of plausible futures by employing useful scenarios. Couclelis (2005) lists several

differences between models and planning. One of them is the fact that models are based

on historical trends and data whereas planning needs to act today based on conceptions of
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what the future might look like. This difference may account for planners' loss of interest

in modeling (Myers & Kitsuse, 2000). There is a need to combine modeling approaches

with land use policy in PSS in order to guide planning processes. A PSS with enhanced

ABM and techniques is the appropriate environment for attempting such integration.

In this study, a framework that integrates ABMs in PSS was developed to bridge

the gap between modelling and planning. Therefore, some of the ways urban planners can

make use of recent developments in ABM-based PSS to respond to the challenge of

managing the urban future were elaborated. The Bayesian Network-based Agent System

(BNAS) model has been employed as a land use change model. It is built upon an agent

based modelling approach in PSS for real urban environments with different policy

scenarios. The aim is to show that proposed ABM could be used in PSS by planning

practitioners and to show that it is an improvement to current PSS tools. The resulting

simulations were used as a laboratory for exploring scenarios for urban land use change.

The proposed model has been applied to a rapidly growing region, the City of Surrey,

British Columbia to build several scenarios of land use change under various urban

policies.

7.4 Sustainability, Land Use Policy and PSS

The 1987 report of the United Nations World Commission on Environment and

Development (WCED) gives the most widely used definition of sustainable development:

"development that meets the needs of the present generation without compromising the

ability of future generations to meet their own needs. Thus, actions must be taken through

urban development policies to achieve the goals of sustainability, prevent further damage

to the environment, and leave adequate resources to future generations. Growth
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management, as "a system for guiding, directing, limiting, and encouraging growth so

that we can meet the inevitable demands for housing, infrastructure, and other growth

support systems" (DeGrove, 1983), offers some promise of sustainable development.

Growth management policies may include greenbelts and urban growth

boundaries (Pendall, Martin, & Fulton, 2002). A greenbelt refers to a physical area of

open space-farmland or other green space-that surrounds a city or metropolitan area

and is intended to be a permanent barrier to urban expansion (Lorenz & Shaw, 2000;

Pollock, 1998). For example, Brown et al (Brown, Page, Riolo, & Rand, 2004) analyze

three ABMs of residential development at the rural-urban fringe to evaluate the

effectiveness of a greenbelt located beside a developed area. In contrast to greenbelts, an

urban growth boundary (UGB) is not a physical space but a dividing line drawn around

an urban area to separate it from surrounding rural areas. Zoning and other regulatory

tools are used to implement an UGB. Unlike greenbelts, an UGB is typically drawn to

accommodate expected growth for some period of time (Bengston, Fletcher, & Nelson,

2004; Knapp & Nelson, 1992; Pendall et aI., 2002).

There is an overlap between sustainable development and growth management.

Both are concerned with optimizing the development of the urban area as an environment

to meet human need while minimizing the negative impacts of development (Tomalty,

2002). There are some models based on CA that focus on sustainable development (e.g.,

Ward et aI, (1999) Li and Yeh, (2000). However, there are few ABMs that focus on

sustainable development and related policies.

A method to achieve sustainability with urban policy is through the development

and use of PSS in land use planning since they can help to develop the understanding of
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land use change, and aid decision making. Different types of models can be used to aid

decision making under various policy applications. Recently, one of the aims of land use

models in PSS has been to aid visioning which engages the public in normative debates

about what should or ought to be in the community, and to show people what a desirable

future might look like (Couclelis, 2005). Several states in the USA have promoted

visioning in their communities (Ames, 2001; Helling, 1998). Visioning can be done

through the notion of scenarios and scenario writing (Xiang & Clarke, 2003) in a PSS

framework. Therefore, this study proposes a framework of an integrated ABMs in a PSS

that utilizes visioning and scenario writing.

7.5 Methods: PSS Framework based on BNAS Model

As illustrated in Figure 7-1, a PSS is established after the specific planning

problem is identified. Usually the problem is the pressure of new developments in an

urban area. Accordingly, the goals and objectives are identified. A BNAS model can be

employed in a PSS framework for processing information from data and spatial

modelling stages. With the help of graphical user interface (GUI), the users, who will be

planners, stakeholders, and community members, can utilize these steps. The list of users

of this model can be enlarged since the different groups of actors in urban planning

processes include local government officials, urban planners, architects, engineers, traffic

and transport planners, neighbourhood groups, environmentalist, nongovernmental

organizations, actors in industry and commerce, etc. who all have different interests.

Users are exposed to different viewpoints frequently in the form of different

scenarios. As predictive capability of the spatial models is not accurately foreseeable in

reality (Lempert, 2002), scenarios are the alternative for predicting to represent possible
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futures. Different scenarios are associated with different policies so that each scenario

can be compared with the alterative which answers what-if type questions. The next

sections explain how an ABM (BNAS model) can be engaged in a PSS framework

following the steps in Figure 7-1.

7.5.1 Step 1: Processing Information from Data

The first step in building a PSS is to find the necessary data. Both spatial and

aspatial data about the study area and its surroundings should be collected and a database

should be constructed. The second step is processing valuable information from the data

that has been collected.

Changes in the types of land use are induced by drivers of change. Understanding

the drivers of land use and change and their interaction with other drivers is of central

importance to the understanding and forecasting of land use change, and provides

valuable insights on different policy options. These drivers of change are mostly divided

into human-induced and natural/physical categories (Meyer & Turner, 1994; Veldkamp

& Fresco, 1996). As illustrated in Figure 7-2, these drivers affect the land use decisions

and land use change (Otter, 2000).
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Since in many land use studies the inclusion of human behaviour is not

adequately dealt with, in this study it is assumed that the micro-level location decisions of

households are one important element of land use changes. These decisions are the result

of some micro and macro drivers. Macro scale drivers that operate from top-down and

micro scale drivers that work from the bottom-up will be used as factors that affect agent

decision making. Thus, BNAS model incorporates land use decisions through the links

between various drivers.

The land use dlivers defined in this study were divided into two groups:

constraints and factors. Constraints are limits to where the development occurs. These

can be natural constraints, such as mountainous topography and they can be land use

constraints (top down decision making toward land use), such as land use zoning and

urban growth policies. Since urban development is regulated by the state, whether a site

will develop or not is heavily influenced by government policy and plans. If there is a

constraint, then that location will not be available for an agent. Factors are the land use

drivers that affect change negatively or positively. For example, being close to an airport

may affect growth negatively, whereas areas around transit stations attract urban

development.

7.5.1.1 Representing land use drivers with BNs

Some aspects of social drivers are included in several existing models, such as

demography (population size, density, growth), markets (land production profits and

rent), institutions (zoning, tenure), and technology (types of and access to transportation).

However, there was no clear and systematic consideration of each type of driver (and the

relationships among them) in any of the existing models. It is true that not all drivers are
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equally important over time, space, and at different scales (Figure 7-2). Therefore, the

models that can work on different scales are better for planning since this approach is

crucial for assessing alternative future scenarios and relative impacts of different policies.

Clement and Amezaga (2008) analyze the land use drivers for the land use change

process, and concluded that local factors and institutions play an important role in

explaining land use history.

Few studies have explicitly addressed the role of proposed land use drivers and

the causal relationship between them (Veldkamp & Fresco, 1997). With specific BN

structures, the causal relationships between drivers are represented in the BNAS model.

After the potential land use drivers were defined, the BN structure learning algorithms

can be executed with different configurations of drivers. By comparing the different BN

structures, the important drivers affecting one or more variables in the structure can be

chosen to be used in agents' locational decision making.

Figure 7-3 illustrates examples of BN structures for different scales, which are

stored in each agent, for land use change modelling process. This indicates that

depending on the goals and problem, a plalUler can explore the impacts of different land

use drivers through the BNAS model. Each node in the network corresponds to a land use

driver. When an agent is searching for a location, values of each node for that location are

entered. BNAS model then calculates the probabilities for the "choice" node which

represent agent's decision to choose particular location, and based on the relationships

between them. The links between the nodes indicate how the relationships between the

nodes are structured. They indicate that a change in one will bring about change in all the

linked variables in the direction of the links.
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Figure 7-3a represents a BN structure that can be used in a macro scale model

(e.g., a regional model). The example model takes into account population migration and

commercial start-ups controlled by regional factors (attractiveness/constraints). The

regional ABM can be constructed with the example BN structure to simulate regional

migration and allocation decisions of households and commercial enterprises. For

example, climate has some level of influence on the choice whereas crime rate affects

housing costs, and then housing has some influence on the choice of agents when

deciding on their place of settlement.

In Figure 7-3b, micro scale BN structure is represented. The link from 'LRT' to

'choice' indicates that being close to a light rail transit (LRT) station can ultimately have

an impact on the locational choice of the households. Type of dwellings in the location is

associated with the number of rooms, leading to an effect on the housing prices which in

turn affects the choice. This means that variables affect each other indirectly through

multiple secondary interactions in the BN structure. In the example shown, however,

closeness to the recreational facilities (Rec), housing prices (Value) and rental amounts

(Rent) affect the population density (Density) of the location. Still, it does not have any

impact on the locational choice of the agents.

7.5.2 Step 2: Spatial Modelling - Using BNAS Model

ABMs consist of a number of "agents" communicating with each other through an

"environment". The environment is modelled as two-dimensional space composed of

census units with irregular spatial tessellations represented as GIS layers in vector data

format. In ABMs, agents interact with other agents and environment in an artificial world

representing some real world location (O'Sullivan & Haklay, 2000).
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The BNAS model coupled Bayesian Networks (BN) and ABMs to represent

complex spatial relationships between multitudes of land use drivers that affect land use

change (Kocabas & Dragicevic, 2006). The BNAS model determined the relationships

between household socioeconomic characteristics and locational properties and created a

specific BN decision-making structure for agents. These networks were extracted from

real urban dataset by using special learning algorithms of BNs in which variables are

linked together to represent dependencies between associated conditional probabilities.

The details of the model characteristics can be found in Kocabas and Dragicevic (2007).

In the BNAS model, the agents represent a variety of interacting households and

commercial firms. For example, new households that come to the City of Surrey to live

are represented as agents. During the model iterations, they decide where to locate

themselves, thereby forming the future land use. The decision model used by the agents

based on BN is derived by household socioeconomic characteristics and locational

properties. Household agents have socio-economic characteristics that affect how they

evaluate locations. Therefore, there are three different types of household agents: high

income, middle income and low income agents. For example, high income households

can afford to locate in areas with high levels of supply of social services and high levels

of environmental quality. These attributes and behavioural patterns were obtained from

census data using the learning procedures of BNs.
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During each model iteration, a number of agents enter the environment one by

one. Population projection data were obtained from the Metro Vancouver (2008) for each

year corresponding to each time step of the model simulations. Then, the total increase in

population for each year were distributed among different type of agents. Subsequently,

the calculated number of agents enter to the environment at each iteration. BNAS model

activates agents sequentially, in this wayan agent's behaviour is affected by the

behaviour of other agents. For example, some agents may prefer to live close to other

agents and the areas with higher agent concentration.

An agent can have any of the two states: it is either searching for a location or has

found a location. Each agent starts with a random location and stores the information

about that location as well as its own socio-economic characteristic. With this

information, the agent uses BN structure to create real time decision making in the

simulation. If the decision is not to choose that location, then the agent searches a

specified radius (neighbourhood of that particular location) for other locations. The

reason behind the certain radius is to introduce "agent's field of vision" which prevents

them from searching the entire environment. Hence, the agents do not evaluate all

possible location alternatives, but rather they use a sequential choice of local

optimizations, which somewhat mimics human choice behaviour. Each agent has

different visibility related to the income level of the agents. High income agents have

wider neighbourhood radius to search. Each agent has its own characteristics and

different visibility which forms heterogeneous agent population in the model. If the agent

is not settled in one of those neighbours, then it finds a random location again in the near

areas of the current location and its neighbourhood.
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Next, an action is implemented based on the decision output from the model.

According to the agent's decision, the environment changes with the agent's action. More

than one agent can occupy a spatial unit, again mimicing real world situations, and allows

the formation of density information. However, there is a limit for the maximum

population that each spatial unit can have. Therefore, if the location is filled to the

maximum capacity, that location is no longer available to other agents. After all the

agents make their decisions, population density values are updated according to the

decisions and consequently new land use patterns are obtained. In addition, when new

firms choose locations in the environment, model variables that are related to

employment are also updated. In this way, firms affect each other and households, and

households affect each other and firms. The final result of the simulation is population

values and densities per census spatial unit. After obtaining the resultant population

density for each spatial unit, the model generates land use classes by classifying densities

ranging from high to low residential (urban) areas. Next, the final classified information

is used as an input to the next iteration.

The model can also be used as a policy generator. Policy makers or urban

planners can define the possible future of the study region, then the model can generate

possible policy interventions to be employed. This can help in generating ideas and

facilitating discussion on different policies and their consequences among decision

makers and urban planners. Therefore, the BNAS model can suggest what types of policy

interventions might be needed in order to achieve a particular land use pattern if that

desired pattern is entered into the model. With the desired land use map, the model

assigns the necessary policies to the locations (i.e., spatial units) in the environment.
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Then, each agent runs a BN associated with it. The BN runs are in the opposite direction.

In this case, all the variables are known, including "choice," but the "policy" variable is

unknown. Therefore, at the end of the simulation the model finds the necessary policies

for desired outputs, and then updates the policies for each spatial unit to be used in BN

structures of searching agents.

To illustrate the utility of this modeling approach to planning, this study applies

the BNAS model to the City of Surrey.

7.6 Implementation of the BNAS Model in a PSS Framework with
Growth Scenarios

7.6.1 Study area - City of Surrey

Metro Vancouver is the third largest urban region in Canada, encompassing 21

municipalities and one electoral area in the Southwest of British Columbia. It has a 2001

population of almost 2 million (Statistics-Canada, 2008). Metro Vancouver has

undergone rapid population growth over the last 30 years. A population increase of 50%

was registered in the period between 1996 and 2001. Most of this growth occurred

outside of the metropolitan core, such as in the cities of SUlTey, Richmond, Delta, and

Coquitlam. For example, the City of Surrey added an average of 4,000 new dwellings and

12,000 new residents per year between 1986 and 1996. This growth continued between

1996 and 2001 with an average of 2,200 new dwellings and 7,000 residents per year.

This growth in the region has resulted in debates over land use. Regional planning

authorities launched a Sustainable Region Initiative, aimed at encouraging social,

economic and environmental sustainability in 1975 and its principles have been applied

through its Livable Region Strategic Plan (LRSP) since 1989 (Metro Vancouver, 2008).
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The Metro Vancouver growth management strategy includes: a) Achieving a

more compact region by promoting higher densities around transit stops to ensure that

less land is consumed by development; b) Population growth targets for each

municipality in the region, with growth concentrated in the metropolitan core and a

number of other clearly defined nodes; c) Developing these nodes as regional town

centres with significant numbers ofjobs, retail centres, and connections to the rest of the

region via public transit; and d) Preserve green spaces.

The LRSP limits growth in a 'growth concentration area,' in the Burrard

Peninsula (City of Vancouver, City of Burnaby, and City of New Westminster) and north

of the City of Surrey (Figure 7-4). The Green zone sets out areas with great social or

ecological value that will be protected from urbanization. The Green zone consists of the

farmland in the Agricultural Land Reserve (ALR), publicly owned parkland,

environmentally sensitive areas protected by federal, provincial or municipal regulation,

and other lands identified by individual municipalities. ALR is the most significant factor

in growth concentration area.

The City of Surrey has been chosen as a study area to apply the proposed PSS

because it is very dynamic in terms ofland use change. The city's community plan,

written in 1996, addresses this dynamism in the context of the LRSP framework (City of

Surrey, 1996). The plan is based on a series of objectives and policies: a) managing

growth for compact communities; b) building a sustainable local economy and complete

communities; c) enhancing image and character; d) increasing transportation choice; e)

protecting natural and agricultural areas; f) providing parks and recreational facilities; g)
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improving the "quality of community"; and h) enhancing citizens' safety and well-being

through crime prevention.

Figure 7-4 Growth concentration area and green zone in the City of Surrey
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7.6.2 Drivers of Land Use Change as Model Variables

Land use drivers used in the BNAS model are shown in Table 7-1. Population

density is an important factor in land use change as it influences land use decisions. The

population variables were obtained from Canada Census datasets and then population

density was calculated per each census unit. The geographic accessibility variable defines

237



the relationship between geographic location, land use and travel costs. Pan and

Bilsborrow (2005) suggest that roads are important land use drivers. Accessibility to

major transportation is used as a variable to incorporate the effects of road network to

land use change. Accessibility is calculated as the Euclidean distance to the nearest road

from the census unit. Accessibility to town centres is also considered as an important

variable determining residential location. The distance from the centre of the town

centres to the centre of each census unit was calculated and then the minimum distance

for each unit was selected for the nearest town centre, such as Guildford, Fleetwood,

Newton, Cloverdale and South Surrey centres. These centres provide a range of retail and

office uses, employment, entertainment, cultural and educational services and facilities,

and multiple residential housing, to serve the needs of business and residents in each

town and in the surrounding neighbourhoods (Figure 7-5). Land prices and rental

amounts also affect locational choices of households. Census data used in this study

provides complete socio-economic characteristics including household income, housing

characteristics, and population.

7.6.3 BNAS Model Application

Planning and management of growth in the City of Surrey are mostly dominated

by local and regional level policies. At the regional level, the City has growth

management framework linked to Metro Vancouver's LRSP. Therefore, this study

focuses on these management policies and the City's land use plan. In a PSS framework,

scenarios are used to inform policy-makers and urban planners on different policy

outcomes as they describe and analyze the results of different policies.
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Table 7-1 Physical and human land use drivers used in this study

Physical Drivers

Suitability Factors Land use and land cover, natural
constraints, environmental quality

Human Drivers

Demographic Factors Population density

Economic Factors Landprices, rents) socio-economic factors

Policy and Institutional Factors Land use zoning, urban growth policies,
land use policies

Services Supply Social, economic, cultural, educational,
recreational facilities

Technological Factors/ Geographic Accessibility to major transportation, town
accessibility centres

Different scenarios of urban development considered in this study are:

1) The Compact Growth Scenario assumes that new urban areas will be around the

existing urban areas, creating higher concentration of urban areas. This scenario

examines what would happen if policy-makers decided to promote growth in

existing urban areas and around them.

2) The Environmental Growth Scenario focuses on protecting areas of natural

significance and amenity including parks, recreational and agricultural areas from

future urban development.

3) The Sustainable Growth Scenario promotes both compact and environmental

growth. Thus, this scenario is a combination of the two previous scenarios and

matches the principles of the LRSP.
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Figure 7-5 City centre and town centres in the study area
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Applied policies for each scenario are explained in Table 7-2. Users design the

scenarios and corresponding policies, and then run the BNAS model to see the

consequences of these scenarios. Therefore, our proposed PSS framework encourages

users to focus on objectives and then develop scenarios to evaluate them, rather than

focusing on planning actions.
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Table 7-2 Scenarios and associated urban policies that are employed in this study

*Promoting growth around existing urban areas through tax
deductions which result in lower land prices and rents

Compact
*Applying residential density constraints (according to City

Growth
of Surrey's goals)

Scenario
*Land use zoning controls

*Infill development of urban land
*Encouraging new neighbourhood centers

*Excluding ALR and green zone from development
Environmental *High taxes on natural areas which result in high land prices and rents

Growth *Land use controls limiting construction permits
Scenario *Infill development of urban land

*Promoting growth around existing urban areas through tax deductions which
result in lower land prices and rents

*Applying residential density constraints (according to City of Surrey's goals)
Sustainable *Land use zoning controls

Growth *Excluding ALR and green zone from development
Scenario *High taxes on natural areas which result in high land prices and rents

*Limiting construction permits
*Infill development of urban land

*Encouraging new neighbourhood centers

7.7 Simulation and Results

The time-frame for the simulations ranges from 2001 to 2031 in order to examine

the consequences of different scenarios with various policy settings. A total of six

simulation maps which depict the land use change at interval years were generated. The

model inputs and outputs are in GIS vector data format. The algorithm of BNAS was

coded in Matlab (Mathworks, 2007) by using some of the functions of the Bayes Net

Toolbox (Murphy, 2001) and Arc_Mat Toolbox (LeSage & Pace, 2004). These were

loose-coupled with ArcGIS (ESRI, 2007). The BNAS model has been implemented

through a Graphical User Interface (GU!) which is developed to allow the configuration,

simulation, visualization and analysis of the model outcomes in the same environment.
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Figure 7-6 shows a screenshot of the various menus of the BNAS model GUI.

Before running the model, users need to configure the model parameters. Under BN

configuration menu, user sets up three parameters; node, structure and Conditional

Probability Table. In the node configuration (Figure 7-6a) the user inputs variables to be

used and states the sizes of these variables. This allows the model to be run with

different numbers of variables, thus allowing what-if type simulations. The spatial

variables considered as the locational factors that affect future land use change were:

distance to education, distance to existing transportation network, distance to commercial

centres, distance to employment centres, distance to recreational facilities, distance to

green areas, dwelling type, number of rooms, land values, and population density.

The Structure configuration menu has two options (Figure 7-6b); the user can

input the network structure file that was created by the user or the model can learn the

network structure from observed data. For example, there are three files defined by the

user for each agent type in the figure. The resultant network structure is shown on the

screen. In the figure, GUI displays the three different learned BN structure for each agent

type (Figure 7-6c). After the structure of the network is configured, the next step involves

estimating conditional probability table parameters in the BN structure using the CPT

configuration menu (Figure 7-6d). To do that, the user clicks on the learn button and the

GUI runs the parameter learning algorithm. After the BN is fully set up, the environment

should be created for the agents using the Environment menu (Figure 7-6e). That is,

reading the ArcGIS shape file (.shp), finding the neighbours for each polygon in the file,

and specifying the radius for the neighbourhood, such as I kIn.
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The model is ready to run using the main menu (Figure 7-6f). The user first

defines the number of agents to be entered to the environment for each iteration. In

addition, the number of iterations and scenario types should be chosen. There are three

scenarios with different policy settings. The model also allows the addition of dynamic

variables into the simulation through Dynamic Variables menu (Figure 7-6g). A dynamic

variable is a factor that changes overtime. For example, adding new roads to the

transportation network which will change the distance variable in the model. The

population map is displayed at the end of each iteration. When the simulation finishes,

the land use map is shown on the screen.

Figure 7-7 shows the Analyze Results menu in the BNAS model GUI. In the

analysis menu, scenario type should be defined first. Then, the user can display land use

maps for each scenario and iteration with options for selecting any iteration and color of

the map categories. Another option is to display only urban areas (low to high density). In

addition, population density maps can be displayed using the analysis menu. Using the

tabular output option, the user can compare the change in urban land uses in each

iteration.
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Figure 7-6 GUI with various menus for implementing BNAS model
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Figure 7-8a shows the simulated land use map for the Compact Scenario for the

year 2031. Some of the agricultural areas were converted to medium-density residential

uses. However, new town centers proposed by the Surrey Community Plan (Figure 7-9)

did not emerge in the simulation output. According to the results of running the model as

a policy generator, new employment opportunities should be created around those

neighbourhoods. As a consequence, using the Dynamic Variables menu, new

employment opportunities have been added to the middle iterations sequentially, and the

model was run with the new policy settings.

244



Users can create the policy file in ArcGIS shapefile format. The model uses

policy intervention maps for each scenario in which there are levels of policies

implemented. Since one spatial unit can have more than one policy intervention, levels

show the degree of this intervention. High levels have more interventions. Figure 7-8b

summarizes the necessary policy interventions for the compact scenario to have new

town centers proposed by City Community Plan.

A crosstabulation table was constructed for comparing the proposed and

simulated land use maps. To calculate KAPPA index, numbers of agreed and non-agreed

spatial units were used in the crosstabulation table as they do not change shape between

the maps. The KAPPA index of 0.91 and visual comparisons indicate that the model

predicted most of the land use envisioned by Community Plan for the year 2031. Results

also depict that the compact growth scenario predicted more compact patterns as

indicated by the increase in the high and medium density residential areas (Figure 7-8e).
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Figure 7-7 GUI menu for results analysis
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Figure 7-9 Future development map proposed by City Community Plan
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Figure 7-10 presents land use generated by the sustainability scenario simulations.

Although compact densities were predicted in the existing urban core, agricultural areas,

currently under conversation, were seen to attract development. Thus, the BNAS model

was run again in order to get necessary policies to prevent the urban expansion on

protected areas. The results are shown in Figure 7-1 Oc. They suggest that most of the

agricultural areas do not become developed.

Figure 7-11 shows the urban land use map for the environmental growth scenario

in 2031. Lighter yellow areas illustrate low density urban areas whereas darker brown

represents higher densities. Agricultural areas were protected and most of the growth

occurred around the existing urban areas. As a policy input, the BNAS model used the

City of Surrey's map of environmentally sensitive areas to create a classification of high,

medium or low sensitivity.

After analyzing the results, urban planners can make necessary decisions. They

can formulate policies that lead to their desired land use outcomes (i.e., future land use).

For example, if they want to take the compact growth approach, then can analyze the

model policy map (e.g., Figure 7-8b) and use it in their land use plans.
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Figure 7-11 Environmental growth scenario results for the year 2031 a. land use map b. policy
intervention map c. final land use map after running the model for policy intervention
d. 3D population map e. graph comparing all iterations
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7.8 Conclusion

The aim of this paper was to propose a PSS framework in which a spatial

dynamic model of land use change was used to help generate and explore the land-use

implications of alternative futures described by scenarios that can be supplied directly by

the users, such as urban planners. In this study, a hybrid model which incorporates

cellular automata, GIS, Bayesian Networks and agent-based models was incorporated in

a PSS framework to predict future urban growth. The model uses BNs in a multi-agent

model to represent complex spatial relationships between multitudes of drivers that affect

urban growth. Decision making of agents was defined using causal relationships between

model variables and it is influenced by urban policies. The proposed BNAS model is

open to external inputs in order to simulate the outcomes of alternative policies under

each scenario. In this way, analyzing the effects of planning decisions or projects in

accordance with the sustainable development point of view can be achieved with the

integration of PSS and urban land use models.

Because environmental and socioeconomic conditions and goals are location

specific, this study developed a general framework and applied it to a specific, policy

relevant context for the City of Surrey. The simulations were used as laboratories to

explore the consequences of different urban policy settings. The BNAS model represents

a spatial and dynamic approach that enables planners to view and analyze the future

outcomes of current decisions and policies before they are put in action. It has the ability

to help improve planners' fundamental understanding of the dynamics of land use

change. The results suggest that BNAS has a potential for policy testing because

interactions between heterogeneous agents can be modelled.
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As each region and city has different land use drivers affecting land use change,

and therefore they have different dynamics, the spatial models of land use change should

be flexible to be applied to any other city or region. The proposed framework is quite

flexible and allows for higher levels of complexity. For example, additional land use

drivers (variables) could be added to the BN structures or extracted from the network.

The BNAS model gives flexibility through its learning and structure algorithms, thus it

can adapt to different variables and their causal relationships. It also allows the use of

dynamic variables through the simulation years which also gives an advantage to the PSS

framework over the existing models.
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CHAPTER 8
GENERAL CONCLUSIONS

The aim of this dissertation was to enhance existing spatial models for land use

change to explore the emergence and expansion of urban land use. To achieve this aim,

five main areas were covered: (l) sensitivity analysis of a CA-based urban model; (2)

enhancing CA model with Bayesian Networks (BNs) and Influence Diagrams (IDs); (3)

the development of an agent-based model (ABM) combined with CA, BNs, and IDs; (4)

validating the developed agent-based model; (5) coupling developed modelling

approaches with a planning support system (PSS) framework.

8.1 General Discussion of the Obtained Results

Simulation and modelling approaches are of great importance since rapid

expansion of urban areas is a growing problem in most cities all over the world. This

dissertation has reviewed existing urban land use models, and concluded that the past and

current attempts has limitations and failing to adequately predict future and to be used in

planning support tools. This suggests a need for new strategies that integrates complexity

theory and Bayesian Networks.

As a result, this dissertation builds on existing conceptual and theoretical

frameworks ofland use modelling by coupling Geographic Information Systems (GIS),

CA, ABMs, BNs, and IDs to propose hybrid land use change modelling with PSS. The

aim of this dissertation was accomplished by addressing five components.
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A sensitivity analysis approach has been proposed which has both quantitative

and qualitative components to analyze the behaviour of CA models. The focus was on the

impacts of CA neighbourhood size and type on the model outcomes. The results showed

that there are significant impacts of changing CA elements, specifically neighbourhood

size and type on the simulation outcomes. In addition, it was found that the CA model is

sensitive to the use of different spatial resolutions. Findings suggest that the

configurations of CA model elements should be examined more closely so that their

effects on the interpretation of the generated outputs can be accessed. Accordingly,

optimal neighbourhood size, type and spatial resolution prior to CA model

implementations should be found. As a result, CA models should be enhanced for

meaningful decisions in the urban planning process.

BNs and IDs can help in the advancement ofCA-based land use models. They are

able to model complex spatial phenomenon and can be easily linked to generate future

land use change. CA model was linked with BNs to simulate land use changes on a

hypothetical site. To understand the model behaviour, the proposed model's sensitivity

was tested to focus on the additional model structuring on the parts of the model with the

most impact on the model outputs of interest. The model was fed with different number

of nodes and different number of node sizes. The results illustrate that number of nodes

and different node sizes have strong influence on the model outcomes. The most

important nodes should be chosen before running the model, and node states should be

kept at optimal sizes to decrease the computational complexity.

Based on the lessons learned from CA-BN integration, BN and ID-based CA

(BNID-CA) model has been developed and implemented to simulate land use changes.
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The proposed model is a dynamic and complexity based model which has easy definition

of transition rules as prior experience on the study area is not necessary when

constructing the transition rules, and uses a unique approach to choose the CA

neighbourhood. Enumeration areas as the smallest census spatial units are used to define

as CA neighbourhood. However, as land use transition is the result of decisions and

activities of many single actors, interactions between local actors and their environment

should be considered in CA-based models. This led the improvement ofBNID-CA model

with agent-based modelling approach. In addition, the model has been used to simulate

future land use patterns in the Metro Vancouver.

ABMs were coupled with BN and ID to simulate the behaviour of human decision

making in land use change modelling. The developed Bayesian Network-based agent

system (BNAS) model integrates GIS, BN, and CA operating on irregular spatial

tessellations. Multiple BN representations are used to provide the integration of human

decision making into the land use change model. In addition, areal interpolation was used

to integrate unmatched census data of the City of Surrey, British Columbia, study area

between different time steps. Using new derived spatial units allowed the use of historical

data to validate the model. Partial calibration and validation of the proposed approach in

terms of checking if the model captured the basic features of land use change was

accomplished successfully as the real urban dataset was available. It embodies the logic

of land use change, shed light on human behaviour in locational decisions, and helps

urban planners and policy makers to better understand the processes of expansion. In

addition, the model is capable of identifying the important variables and hence allows

model designers to rapidly examine multiple drivers.
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As the validation of agent-based models is a very important step in building

spatial models, there is a need for enhanced validation techniques ofvector-based agent

based models to improve the reliability, precision and relevance of the modelling output

scenarios. Even though there may be correspondence between a model's output and a real

world system, this is not a sufficient condition to conclude that the model is correct.

Therefore, a new way of validating vector-based agent-based models was proposed by

coupling GIS and BN. According to the obtained results, the primary advantage of the

proposed validation technique is that it contains more information and gives a realistic

interpretation of the land use characteristics of a data set. It also allows the user to focus

on specific characteristics of the results, such as whether a specific land use type accounts

for most of the disagreement areas.

Subsequent to the validation of BNAS model, it was enhanced to provide a new

possibility of being used in PSS by undertaking a preliminary "what-if' analysis for

planners and policy makers with the purpose of assessing land use change behaviour

under different conditions and evaluating which alternative policies should be adapted.

The designed graphical user interface (GUI) for the simulation and analysis allows

considerable versatility and flexibility to the BNAS model, and provides user with

customization over the modelling and simulation processes. It is easy to create multiple

scenarios and compare the results in the GUI. The BNAS model can integrate future

changes in the model by taking them into calculations in the middle of the iterations. In

addition, it can find the necessary land use policy for a desired land use output.

The models described in this dissertation were successfully operationalized within

the Matlab software. Bayes Net Toolbox and Arc_Mat toolbox are used in Matlab to
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develop the models. The models adopt a loose coupling approach with ArcGIS software.

These loose coupling allowed using ArcGIS files and functions built-in Matlab toolboxes,

such as Bayes Net. Therefore, loose coupling reduced the time and effort required to

implement the models. Interactive GUI was also created with Matlab allowing the user

manipulate model parameters and analyze the results of the models.

8.2 Contribution to the Knowledge

This dissertation investigates new methods for spatial modelling using Bayesian

Networks, with a special emphasis on the land use change. There are three major

scientific fields that this dissertation contributes: GIScience and spatial modelling in

particular, and land use science and geography in general. First, the proposed research

provides new insights on the modelling approaches that can handle spatial and temporal

dimensions. Therefore, the most profound contribution relates to the field of GIScience in

the following areas:

• Expanding GIS by adding temporal components to allow modelling of dynamic

spatial phenomenon;

• Developing novel modelling approaches for the simulation and prediction of

urban land use change;

• Integrating GIS, CA, ABM and BN approaches as hybrid modelling to study the

factors underpinning land use change, and to predict future land use change;

• Including socio-economic characteristics of households that are vital to

understand locational behaviour of local actors in order to predict urban land use

change patterns;

• Coupling GIS with spatio-temporal modelling to represent dynamic geographic

phenomenon since GIS fails to handle temporal dimension.
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It also constitutes a new approach for including individual preferences more

realistically in ABMs which improves the reliability and applicability of ABMs to aid

sustainable land use change policies and planning. Second, the methods developed during

this dissertation is of benefit of future planning of urban areas and problems related to

sustainable urban development by testing and evaluating some theoretical hypotheses and

ideas in the simulated environment. Therefore, it also represents an important

contribution to the field of land use science, especially in the following areas:

• Developing a PSS framework to improve urban planning and decision making

processes that would lead a more sustainable future;

• Future planning of urban areas and problems related to sustainable urban

development by testing and evaluating some theoretical hypotheses and ideas in a

simulated environment;

• Assessing compliance with government policies leading to more sustainable

development.

In addition, this dissertation provides an indication of how spatial modelling and

simulation approaches can help urban land use planning in urban growth management

and urban policy appraisal. Third, it contributes to the field of Geography as it provides

new ways of studying and analyzing spatial patterns and physical environment.

Consequently, this research contributes to the fields of GIScience, Land Use

Science and Geography by using complex systems theory, extending dynamic

capabilities to GIS for urban land use models, and proposing PSS framework that can be

used in real land use planning situations.
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8.3 Linking Current Work with Future Research

Considering the original objectives of the research and the specifications of the

proposed model, the aim of this research has therefore been achieved, especially in using

new spatial techniques to model and simulate how land use change emerge. However,

this research has room for further improvement.

The next stage of BNAS model development is oriented towards developing a

model environment with dynamic spatial units. The model could be enhanced by

allowing the vector spatial units to change in their shape and size. In addition, additional

work needs to be done concerning the calibration and validation in case more land-use

and census data becomes available. The agent profile could be enhanced to have detailed

demographic characteristics rather than income status only. These can be achieved

through incorporating the model with discrete choice modelling approaches. In doing so,

the variables and the probabilities ofBN can be retrieved from choice modelling survey

data and used as inputs to the BN. Moreover, applying the BNAS model to a larger or

different study area, by incorporating regional, economic, or transportation network

influences, will be beneficial for the improvement of developed modelling approaches.

Last of all, the final BNAS model should be used in a participatory planning. Planning

support systems based on BNAS model can facilitate participation by the public,

stakeholders, and governments in the planning process.

The PSS frameworks should be enhanced to be an integral part of the planning

process and context. PSS should reflect the skills and knowledge of its users. Therefore,

there is a need for fine-tuning the model, improving its user-friendliness capacity, and

increasing the rigorousness of GUI design to meet multipIe levels of user expertise. This
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will make the model-based PSS more relevant to communicate planning information

effectively with the users.
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