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Chapter 1  

 

Introduction 
 

 

 

 

 

 

 

 

 

1.1 Background 

 

Urban planning is a multi-dimensional and multi-disciplinary activity embracing social, 

economic, political, and technical factors (Kim, et al., 1990). It is concerned with a broad 

spectrum of societal activities and various actors and factors influencing the decision-

making process. The urban planning process is inherently complex, uncertain and inter-

subjective. Planners have to deal with multi-disciplinary problems induced and imposed 

by a multitude of planned and autonomous factors. These factors may be partly 

conflicting and partly counteracting, and partly synchronous and partly asynchronous, 

adding to the complexity of the problem. Moreover, urban planners rarely, if ever, solve 

problems or develop proposals in isolation but rather in discussion with experts and the 

public (Tweed, 1998). This induces the need to communicate or negotiate with different 

experts during the planning process, again adding to the complexity due to existing or 

potential conflicting desires (i.e., goals and expectations) and beliefs (i.e., observations 

and perceptions) from different parties involved (see Ligtenberg, et al., 2002), and 
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making the outcome inter-subjective at best. Further, urban planners are uncertain about 

the outcomes of the decisions of other actors and also uncertain about which responses 

and actions will and will not be effective at the moment of decision-making. Thus, the 

inherent complexity, uncertainty and inter-subjectivity of the planning process makes that 

decision makers have to take into account various potentially conflicting interests to 

achieve a set of explicit or implicit objectives. Over the years, researchers have 

developed many different methods, techniques and models, ranging from formal models 

to case-based reasoning, to assist planners in plan development and assessment (e.g., 

Yeh, et al., 1999).  

Often, these methods are embedded into planning support systems. The multi-player 

decision-making process that characterizes urban planning has stimulated the 

development of multi-agent system that consists of multiple ‘agents’, each of which is 

defined as ‘an entity with its own knowledge and goals to perform certain tasks ’ (see 

Maes, 1994; Wooldridge, et al., 1995; Dijkstra, et al., 2000). One such system, currently 

under development is MASQUE (A Multi-Agent System for Supporting the Quest for 

Urban Excellence). The overall framework for this system is described in Saarloos 

(2006). The present study is conducted as part of this research programme. This multi-

agent system aims at incorporating multi-disciplinary expert knowledge about various 

domains in a planning support system. Each agent is autonomous and able to provide 

(updated) information and knowledge and can perform different kinds of tasks. In the 

multi-agent system, domain agents represent particular land uses based on a commonly 

used classification of land uses in Dutch planning practice (the IMRO data model), 

including commerce, housing, transportation, recreation, landscape, technical 

infrastructure, hydraulic construction and service (see Ravi, 2000; Saarloos, et al., 2001). 

Each individual domain agent uses his expert knowledge (e.g., regulations, requirements, 

criteria, constraints, decision rules, techniques, etc.) to develop beliefs about the likely 

distribution of land uses across space and this is used in negotiation protocols to generate 

plan alternatives. Saarloos et al. (2001) assumed that based on these expectations, each 

agent determines his preferences and expresses his claims (e.g., the land parcels he wants 

for his land use) and passes this information to other agents. In a cyclic procedure, the 

initiator of a plan proposal (which can be any one of the domain agents or the planning 

agent) processes the claims and makes allocation decisions until a plan is fully developed.  

 Regardless of the specific protocol, the key decision problem for domain agents thus 

is to decide where to locate their land-uses, given available locations and possible claims 

of other agents. A particular location can only be occupied by a single actor, while 

multiple actors may be interested. Moreover, any specific land use will have external 

effects on existing or planned land uses not only in adjacent zones, but perhaps also at 

some distance. To assist land use planning, planning support systems often include a land 

use suitability analysis. It involves the assessment of the suitability of a particular piece 

of land for a particular land use in light of the characteristics of the land itself and the 

spatial distribution of a series of land uses. 

 Over the past decades, land suitability analysis has typically involved the use of 

“algebraic equations” to express land suitability as a weighted additive function of 

suitability scores. Examples include Fabos (1985), Hossain (1989), Carsjens et al. (1995, 

1996, 1997), and Klosterman (1999a). Additive equations explicitly or implicitly assume 

some trade-off between the factors influencing land suitability. Therefore, factors of land 



Chapter 1 ─ Introduction   

 3 

suitability are often included in Multi-Criteria Evaluation (MCE) techniques (e.g., Fedra, 

et al., 1990; Carver, 1991; Pereira, et al., 1993; Jankowski, 1995; Malczweski, 1996, 

1999; Lin, et al., 1997). In MCE techniques, each criterion is assigned a specific weight 

reflecting the importance of that criterion relative to other criteria under consideration.  

 Existing land use suitability analyses may be criticized for a variety of reasons. First, 

the commonly used additive suitability functions imply that the planner implicitly or 

explicitly assumes a compensatory decision making process in the sense that a low 

suitability score on one criterion may at least partially be compensated by high suitability 

scores on one or more of the other factors influencing land suitability. This will be an 

unrealistic assumption in theory and practice for example when a certain factor has 

passed some threshold or does not meet certain regulations, prohibiting that land use. 

Secondly, the land use suitability scores will typically be imperfect due to a lack of data, 

imperfect information, and perhaps an improper or limited specification of what 

constitutes suitability. The outcome of a land use suitability analysis will then be 

sensitive to such imperfection. From a methodological perspective, this potential problem 

is amplified by the fact that validity testing is limited - in general there will not be 

empirical evidence but inter-subjective agreement at best. Thirdly, the suitability of a 

particular land parcel is a function of land use in adjacent and perhaps more distant land 

parcels. However, during plan development when the suitability of a land parcel for a 

particular land use is assessed, there is a high degree of uncertainty about the land use of 

perhaps many other land parcels. 

 The first two potential limitations of land use suitability analysis have resulted in the 

development of alternative methods and procedures that alleviate the problem or allow 

the planner to better understand the impact of his choice on the outcomes of the method. 

The potential problem of a compensatory decision making process, has resulted in 

research that have explored the use of veto criteria or alternative model forms allowing 

the representation of non-compensatory decision making processes (e.g., Reitsma, 1990; 

Lucardie, 1994; Hendriks, 1996; Witlox, 1998). Similarly, imperfect data and 

misspecification has been addressed by examining the sensitivity of the land use 

suitability analysis as a function of possible error and missing data. The problem of 

uncertainty about future land use on the other hand has, to the best of our knowledge, not 

received fundamental attention in any land use suitability analysis and any planning 

support systems. 

 

1.2 Research objectives 

 

In this PhD project, therefore, we explore possibilities to incorporate uncertainty about 

the future land use in the location decision problem. More specifically, the aim of this 

research project is to develop a knowledge-based model of particular land uses taking 

into account the uncertainty about the future spatial distribution of competitive and 

synergetic land uses, which can be used in the MASQUE multi-agent planning support 

system to assist planners and decision markers in suitability analysis and allocation 

decisions. A knowledge-based model in this context means a representation of (i) facts 

that express valid propositions; (ii) beliefs that express plausible propositions; and (iii) 

heuristics (rules of thumb) or strategies that are applied by the agent to address a 
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particular problem (Pelizaro, et al., 2002). The elements (i) and (ii) together constitute the 

declarative knowledge of agents, whereas element (iii) refers to the procedural 

knowledge each agent uses to arrive at decisions in interaction with other agents. The 

modelling of declarative knowledge will be illustrated especially for a retail agent and the 

modelling of procedural knowledge will be illustrated for a group of interacting agents 

including a retail, housing, green-space and school agents. 

  

1.3 Research questions 

                                                                                                                                                                               

Given the scope of the multi-agent system and the specific aims and objectives of this 

PhD project, the key problem is how to represent the domain knowledge at declarative 

and procedural levels that the agents are assumed to use in assessing the suitability of any 

particular land parcel and making land-claim decisions, taking into account uncertainty 

about the future spatial distribution of land uses in the plan area and how this uncertainty 

can be reflected in making decisions. The following main research questions therefore 

guided the present study.    

                                                                                                          

 

1. How can the expert knowledge be represented in a domain agent in the context of 

land use suitability analysis? 

 

2. What kind of methods can be developed to represent uncertainty about future land 

use in land suitability analysis? 

 

3. What kind of methods can be developed to account for this uncertainty in decision 

rules and problem-solving strategies of domain agents? 

 

4. How can the behaviours of agents be integrated to generate plan alternatives in 

line with the main goal of the MASQUE multi-agent system?                              

  

 

1.4 Research approach 

 

To answer these research questions, the thesis is organised as follows. After this 

introduction, Chapter 2 will briefly introduce the MASQUE framework. It describes the 

background of planning support systems (PSS) and positions the framework of 

MASQUE in the current planning support systems. The aims of the system will be 

discussed, its components will be identified and different kinds of agents will be 

classified, including interface agents, tool agents, facility agents and domain agents. 

Then, we position this PhD study within the MASQUE framework and categorize the 

multi-disciplinary expert knowledge of domain agents in the multi-agent system. Finally, 

the question is raised how the domain knowledge of multi-agents can be represented 

taking into account uncertainty in urban planning processes to generate plan proposals for 

the plan area. To that end, we will review existing related methods that serve this goal. 
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Chapter 3 will review the most relevant existing methods in land suitability analysis. 

For each method, we discuss its principles, extensions if any, examples of application 

and, strong and weak points. These methods include algebraic methods, as often used in 

‘Multi-Criteria Evaluation (MCE)’, Non-algebraic methods, (e.g., rule-based systems), 

combination of a Non-algebraic method with a Multi-Criteria Evaluation method, and 

Fuzzy set theory. These methods support urban planners and decision makers in varied 

ways in assessing land suitability. However, they do not deal with uncertainty about the 

future spatial distribution of land use during the land development process.  

This issue is thus addressed in Chapter 4, which will review methods that potentially 

are relevant in this context. In particular, two methods will be critically discussed and 

evaluated: ‘decision trees’, and ‘Bayesian Networks (BNs)’ differentiating between 

Bayesian Belief Networks (BBNs) and Bayesian Decision Networks (BDNs). These 

methods provide formalisms that allow decision makers to represent the uncertainty in 

terms of probabilities (beliefs) inferred in the network.  

Chapter 5 will then present an application of ‘Bayesian Decision Networks (BDNs)’ 

for a retail location decision problem. It describes how this location decision problem can 

be represented in terms of Bayesian decision networks. Moreover, it discusses how the 

probabilities of the conditional probability tables (CPTs), which constitute the core of 

such networks, can be estimated. Finally, it illustrates how it can be used as a means of 

expert knowledge representation of a retail agent in a multi-agent land use system. The 

results indicate the potentials and advantages of using Bayesian decision networks, i.e., 

handling non-compensation decision rules, and representing the agent’s beliefs in terms 

of conditional probability distributions conditional on a set of situational and contextual 

variables.  

The approach introduced in Chapter 5 relies on a sampling method to derive 

conditional probabilities and expected utilities of decision options. In Chapter 6, we will 

investigate several research questions related to this method. These include: which 

(decision) styles of coping with uncertainty are supported by the BDN model? To what 

extent are decisions sensitive to the choice of a decision style? How many samples are 

needed to obtain a reliable indication of conditional probabilities? How does the 

performance of the model compare to the performance of a model that does not represent 

uncertainty explicitly? 

 The previous chapters deal with the declarative component of the knowledge of 

agents. Chapter 7 will address the question of how each agent can use this knowledge to 

generate a plan for its land-use in interaction with other agents. Thus, Chapter 7 focuses 

the attention on the procedural knowledge component and the interaction between agents 

in a planning process. In particular, Chapter 7 explores a scenario-based method to cope 

with uncertainty. Using this method, each agent first generates a set of alternative 

strategies for his particular land use, independently of the other agents. Each combination 

of strategies across agents leads to a unique land-use plan or, in other words, a particular 

scenario for the plan area. The plan scenarios are interesting in their own right as they 

represent meaningful alternative ways of developing the plan area that a planner could 

consider. At the same time, the scenarios provide agents with information about the 

possible outcomes of each strategy they consider and this allows them to assess the 

robustness of each strategy to possible responses of other agents. Decision makers can 
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take this robustness into account in making a choice between possible strategies when 

necessary.  

 Finally, Chapter 8 will summarize the discussions, draw conclusions, answer the 

research questions and discuss some avenues of further research. 

 



 

 

 

 

 

 

 

 

 

Chapter 2  

 

MASQUE: A Multi-Agent System for Local Land Use 

Planning  
 

 

 

 

 

 

 

 

 

2.1 Introduction 

 

The previous chapter pointed out that this study will focus on representing expert 

knowledge under conditions of uncertainty in MASQUE. MASQUE is a multi-agent 

(local spatial) planning support system aiming at supporting decisions related to complex, 

uncertain and subjective urban planning problems in a user-friendly environment.  

 This chapter introduces the framework of MASQUE and positions this study in the 

MASQUE framework. It should be stated from this very beginning that this chapter is not 

meant to be a comprehensive, in-detail review of MASQUE. Rather, it will discuss in 

some details previous research that has some direct relevance to the research questions 

that are addressed in this study.  

 To this end, the chapter is organized as follows. It firstly briefly reviews the history 

of Planning Support Systems (PSS) and positions MASQUE as a further extension of 

these planning support systems. It allows readers a better understanding of why 
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MASQUE is a promising approach in urban planning. Following this, the objectives of 

MASQUE are listed, and the stages in the urban planning process that are supported by 

MASQUE are articulated. Then, the position of this study in the MASQUE framework is 

discussed. Finally, a summary of the discussion is given. 

 

2.2 History of planning support systems 

 

Traditional urban planning support systems have functioned in different ways to support 

urban planners and decision-makers in the past. Over the last decades, various kinds of 

tools have been proposed to help planners to improve the decision-making in planning 

practice. Especially, Geographical Information Systems (GIS) are now widely available 

to process spatial data and map particular results of analyses and plans. However, the GIS 

alone cannot serve all needs of planning. For this, it is required to incorporate other tools 

for decision support. Planning Support Systems (PSS) are defined by Yeh (1999) as “a 

combination of computer-based methods and models that support planning functions 

(…); that comprise a whole suite of related information technologies that have different 

applications in different stages of planning”. The systems can best be seen as tools to 

support intelligent and collective design/plan development (Klosterman, 1995). For this, 

they not only consists of a GIS, but also include the full range of planners’ traditional 

tools for economic and demographic analysis and forecasting, environmental modelling, 

transportation planning, and predicting future development and land use patterns. The 

combination of sophisticated GIS “macro” commands and traditional tools can also be 

used to develop analytic models that are closely linked to full-featured GIS “toolkits” 

such as ArcInfo (see Batty and Xie, 1994a, 1994b). The advancement and proliferation of 

GIS and computerized mapping brought good opportunities in spatial analysis and 

presentation of spatial data (Anjomani, 1993). With the gradually improving 

computational power and graphics displays, various land-use allocation models were 

developed (Hopkins, 1977), hypermedia applications were proposed (Shiffer, 1992), tools 

for “modelling to generate alternatives” were designed (Chang, et al., 1982), evaluation 

tools were built (Lai and Hopkins, 1989; Lee and Hopkins, 1995), etc. These approaches 

incorporated spatial interaction models (Hopkins and Los, 1979), visualization of results 

(Armstrong and Hopkins, 1983), cognitive feedback (as it might now be called) about 

alternatives (Hopkins, 1972), and opportunities for collaboration (Shiffer, 1992; Hopkins, 

1998). However, existing systems are often focused on a single technique and therefore 

show a lack of coherence and integration. Planners have to integrate various kinds of 

software. This made planning work messy and time-consuming. Bishop (1998) and 

Klosterman (1999b) have defined an ideal PSS as a coherent and flexible system, fully 

integrating capabilities of GIS (‘information’), purpose-built decision support models or 

procedures (‘models’) and realistic, real-time, interactive visualization of the impact of 

decisions (‘visualisation’) (see Saarloos, et al., 2001, 2002). Progress in developing PSS 

shows that all kinds of efforts have been made to achieve these goals by applying various 

technologies. However, existing PSS is still not advanced enough to meet all 

requirements, e.g., 3D spatial dimensions and time, in local land use planning due to lack 

of some fundamental properties, e.g., process-related tools, multi-disciplinary expertise, 

full-range of user support (see Saarloos, et al., 2001). Thus, it is time to explore such 
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possibilities to discover new directions or conceptions (Anjomani, 1993), strengthening 

the capability of the current PSS.  

 Taking into account modern concepts of planning, the concept of cooperative multi-

components as the representatives of multiple planning parties should be introduced (see 

Timmermans, 1999). First, it may solve problems that are too large or too complicated for 

a single or centralized component to solve due to e.g., resource limitations, incomplete 

information and/or the sheer risk of having one centralized component that could be a 

performance bottleneck or could fail at critical times. Second, it would require the 

interconnection and interoperation between multiple components. To keep pace with 

changes, the extended system with multi-components should be able to be periodically 

updated, thus efficiently adapts to the new situation. Third, it is to provide solutions to 

problems that can naturally be regarded as a society of autonomous interacting 

components (see Sycara, 1998). In such a way, the multi-components should be 

incorporated in a wider cooperating community in which they can exchange information 

and solve interdependent problems at an aggregate platform.  

In addition to these technical issues, depending on one’s attitude with respect to the 

professionalism and academic basis of urban planning, theoretical issues favour the 

further development and application of PSS (Timmermans, 1999). Over the last decades, 

knowledge about various spatial processes and especially the level of sophistication of 

various methods and models has increased considerably. Practical regulations and 

requirements have increased as well. It seems quite unrealistic to assume that any planner 

is an expert in all these areas and can be kept up-to-date and can always apply the most 

advanced tools. To some extent that urban planning decisions should be better-informed 

decisions, reflecting accumulated domain knowledge and the best possible methods, 

representing knowledge in planning support systems, helping non-experts to use the most 

advanced models and generating plan alternatives based on such knowledge and methods 

and user input. These would constitute a potentially important step forward to a better-

informed planning process and better decisions. 

Thus, in sum, a multi-components system - interpreted as a multi-agent system - is 

supposed to (i) represent knowledge of experts in multi-disciplinary planning fields (i.e., 

the goals and strategies from various parties); (ii) simulate and coordinate (i.e., 

communication, interaction, negotiation, etc.) the individual actions and reactions at the 

aggregate level in the complex, dynamic and uncertain urban evolving environment; (iii) 

predict the results; and (iv) suggest the most promising solution for the future urban 

environment.  

 

2.3 Framework of MASQUE 

 

MASQUE is an acronym of “a Multi-Agent System Supporting the Quest for Urban 

Excellence” (Timmermans, 1999). The purpose of this section is not to provide a detailed 

review of the framework of MASQUE, which has been developed in Saarloos (2006), but 

rather to briefly describe the key notions. It first presents the objective underlying 

MASQUE, then explores the multi-agent system, particularly focusing on the architecture 

and the function of the system, its components, the classification of agents in the system 

and the function of domain agents.  
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2.3.1 Objective of MASQUE 

 

MASQUE aims at developing a user-friendly computer system that allows designers, 

planners and other decision makers to use the system in a multitude of ways to improve 

the quality of their decision making in shaping urban environments thus give users a 

powerful support in local land spatial planning. It is motivated by the argument that 

planners sometimes have misconceptions of spatial problems and thus develop plans that 

are bound to be sub-optimal. Excellence could be improved if uncertainty and incomplete 

and imperfect knowledge could be reduced. Consequently, the system is set out to 

incorporate expert knowledge and a wide variety of methods and techniques, some of 

which are supposed to support the various stages of the design or planning process (from 

problem identification to multi-attribute and multi-objective evaluation), whereas others 

are meant to predict the likely effects of intended design and planning decisions (see 

Timmermans, 1999).  

 

2.3.2 Multi-agent system   

 

MASQUE offers the concepts, methods and principles to support planners in two main 

stages of urban planning: (i) generation of alternative plans; and (ii) simulation of 

possible developments given plan conditions. The agent knowledge-based models 

developed in this study relate to the first stage, where each agent in the system formulates 

a limited set of planning strategies to ultimately generate alternative plans. To get to 

know how MASQUE supports users in this stage, we first need to understand its 

architecture, functions and techniques.  

 

2.3.2.1 Architecture and function of the system  

 

Architecture of the multi-agent system 

 

Agent-based system technology has generated lots of excitement in recent years due to its 

promise as a new paradigm for conceptualising, designing, and implementing software 

systems. The multi-agent-based system approach increasingly attracts researchers’ 

attention as the agent technology matures and researchers endeavour to address 

increasingly more complex, realistic, and large-scale problems which are beyond the 

capabilities of an individual agent in that the capacity of an intelligent agent is limited by 

its knowledge, its computing resources, and its perspective (see Sycara, 1998). A multi-

agent system (MAS) can be defined as a loosely coupled network of autonomous agents, 

which can be heterogeneous in nature, that interact with each other and their 

environments to solve problems that are beyond the individual capabilities or knowledge 

of each agent (see Durfee and Lesser 1989). In the multi-agent system of MASQUE, ‘an 

agent program’ describes the behaviour of an agent in the sense that for a given set of 

inputs a particular action is performed; A logical axiom is formalized by models in the 

agent program for agent behaviour in terms of beliefs, desires, goals and so on. ‘An agent 
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architecture’ can be seen as a particular methodology for building multiple agents in a 

computer system and act autonomously in a complex dynamic environment, and by doing 

so realize a set of goals or tasks for which they are designed (see Maes, 1994). Each agent 

has a sophisticated reasoning architecture that consists of different modules operating 

asynchronously. For instance, a planning module takes a set of goals as input and 

produces a plan that satisfies the goals; a communication and coordination module 

accepts and interprets messages from other agents. These requests become goals of the 

recipient agent (Sycara, 1998). This particular methodology specifies how the agent can 

be decomposed into the construction of a set of component modules and how these 

modules should be made to interact. The total set of modules and their interactions have 

to provide an answer to the question of how the data and the current internal state of the 

agent determine its actions and future internal state of the agent. The agent system 

architecture encompasses theories, techniques and algorithms that support this 

methodology (see Timmermans, 1999).  

 

Function of the multi-agent system 

 

The multi-agent system with full functions (i.e., all required techniques and algorithms 

are completely embedded) enables one to incorporate the expertise of multiple 

disciplines, and especially, to call in that expertise for complex problem-solving in a 

synergistic manner (see Saarloos, et al., 2003). It brings knowledge, methods, models and 

software components together to support urban planners and decision-makers at the 

general and specific levels throughout the whole planning development process. It co-

ordinates the skills, knowledge, plans and experience of different agents in order to 

achieve a set of tasks or common high-level goals in peer-to-peer interactions, i.e., 

communications, cooperation and negotiations, given an uncertain environment. Such 

functionalities allow agents to increase the problem-solving scope of single agents. 

Interactions amongst agents are derived from the designed rules that are embodied in the 

system. Each agent in the multi-agent system represents an expert of a particular land use 

with a specific set of expertise, problem-solving skills and experience, and has own 

capacities and goals that are situated in a common environment. The framework of the 

multi-agent system should be intelligent to provide new knowledge and simulate broad 

kinds of cases by applying flexible models with rich functions, advanced techniques, and 

the ‘time’ dimension that allows one to have a dynamic analysis.   

Such an intelligent system with full and rich functionalities needs an advanced or 

mature technology to implement it. For example, the multi-agent system itself is capable 

of dynamically changing. The status of multiple agents in the system can change over 

time, and/or agents could be heterogeneous enough as a group implemented by different 

users, at different times, with different software tools and techniques. In a given uncertain 

common environment, information sources, communication links, and agents could 

appear and disappear. The mature technology performs information gathering in the 

context and sophisticated reasoning in support of user problem-solving tasks. The 

functionality of interactions will require technology based on negotiation and/or 

cooperation, which lie in the domain of multi-agent systems (see Jennings, et al., 1998; 

O’Hare and Jennings 1996; Bond and Gasser, 1988).  
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2.3.2.2 Components in the multi-agent system 

 

Against the general background, MASQUE is designed to include the following 

components to meet the requirements addressed in Saarloos, et al. (2001):  

 

 

� Geographic Information System (GIS) which offers functionality for storing, 

retrieving, manipulating, analyzing and presenting geo-referenced data. Ideally, 

this component should enable handling both height- and time- related data in 

addition to the spatial dimension; 

 

� Virtual Reality (VR) which offers complementary functionality for visualizing 

the data in real-time in order to navigate through the environment and to interact 

by manipulating the objects in the environment; 

 

� Decision Support (DS) tools for generating information which enables making 

better-informed decisions in local land use planning.  Such tools are narrowly 

focused, i.e., offering support for specific decisions, and can be called analytical 

or spatial models; 

  

� Multi-Agent (MA) which offers functionality for implementing expert 

knowledge on multiple domains and tools into the system so as to create 

artificial experts (‘software agents’), that communicate and cooperate with each 

other, including the user, and a user-friendly interface of the system by offering 

intelligent support on its underlying technologies, its field of application (i.e., its 

process-related tools) and its decision-related tools.  

 

 

2.3.2.3 Classification of agents 

 

Four types of agents are distinguished in the multi-agent system as shown in Figure 2.1. 

These include: 

 

 

� Interface Agents to cover the first two kinds of support mentioned in section 

2.3.2.2; 

 

� Tool Agents to enable the third kind of support mentioned in section 2.3.2.2; 

 

� Facilitation Agents to take care of supporting other kinds of agents, and enable 

the user to keep the system up to date;  

 

� Domain Agents to implement the multi-disciplinary experts in order to make the 

whole gamut of agents as understandable as possible to the user. This is in the 

line with the fourth kind of support mentioned in section 2.3.2.2.    
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        Figure 2.1 Structure of classification of agents 

  

 The domain agents represent particular land uses identified based on a commonly 

used classification of land use in Dutch planning practice (i.e., the IMRO data model), 

which is used to define a standard in data exchanging between urban planning agencies in 

the Netherlands. Eight domain agents of eight types of land uses are classified including 

commerce, housing, transportation, recreation, landscape, technical infrastructure,  

hydraulic construction and service described in Table 2.1 (see Ravi, 2000; Saarloos, et 

al., 2001).      

 Each single domain agent in the system functions at the specific level to perform 

their own individual tasks and at a high level to cooperate with other agents to reach a 

common goal of a general spatial plan for the area of interest. For detailed information 

about the functionality of different kinds of agents, readers are referred to Saarloos, et al. 

(2001). Examples of negotiation protocols and plan development are given in Saarloos, et 

al. (2004, 2005). This study mainly investigates the individual domain agents, which 

represent experts that can provide expert knowledge throughout the planning processes. 
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 Table 2.1 Classification of land uses 

Type of land uses Description 

Commerce Area for trading purpose, e.g., shopping centres, industry, etc. 

Housing  Houses for residential purpose 

Transportation Infrastructural facilities for traffic and transport, e.g., roads, traffic 

lights, public transport stations/terminals, ports, etc. 

Landscape Nature with(out) public access, e.g., green space, lake, etc.  

Service Public facilities for service purpose, e.g., school, hospital, etc.  

Recreation Areas for leisure in terms of ‘green’ and ‘built’ forms of 

recreation, e.g., theme park, facilities for open air sports, etc.  

Technical infrastructure Facilities for technical support, e.g., electricity stations, cables, 

pipelines, radial connections, etc. 

Hydraulic construction Construction for water management, etc.  

 

2.4 Position of this study in the framework of MASQUE 

 

The framework of MASQUE is supposed to be an intelligent to support users in the 

planning process. Two major tasks are involved in operationalizing this multi-agent 

system: (i) modelling the expertise of each domain agent; and (ii) developing protocols 

for governing interactions (i.e., communication, cooperation, etc.) among domain agents 

that should lead to reaching a stated goal. This study focuses on the domain knowledge of 

the agents, while the research of Saarloos (2006) was especially concerned with the 

framework of the system. Domain knowledge generally consists of declarative and 

procedural knowledge. As these two areas of knowledge cannot be defined independently 

of each other, the present research focuses on both meaning that the expertise modelled 

also refers to aspects of interaction. 

 In the system, domain agents represent experts of the particular land uses. To 

perform their task, each domain agent is autonomous. An agent collects appropriate 

information, e.g., about location characteristics in terms of both quantitative and 

qualitative properties of land uses and the (in)compatibility of land uses with one another 

on the same location, on adjacent land use, and so on. Then, the agent uses his data to 

initiate the development of plan proposals by developing beliefs about the likely 

distribution of land uses across space. In the system proposed in this study, the involved 

agents are arranged in a hierarchy. Given the information of a plan area and the area-size 

per land use, each agent generates a set of alternative strategies for his particular land-use 

independently of the other agents. Agents that are higher in the hierarchy have priority 

over agents lower in the hierarchy to claim units of land (i.e., zones or land parcels in the 

plan area) for their use as long as these units have a plan status. Under each combination 

of alternative strategies, the agent on the highest level uses its expert knowledge to 

generate a plan for his land-use and passes it over to other lower level agents. Given the 

claims of the higher-level agents, the following lower-level agent then generates his plan 

for his land use and passes the initiative to the next lower agent, and so on. Thus, the 

status of the plan area is dynamic for lower-order agents because they must adjust their 

claims to changes of claims made by higher-level agents. Eventually, this process results  
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   Figure 2.2 Categorization of expertise for domain agents 

 

in a plan that may not be optimal from the viewpoint of every agent because the higher- 

level agents may want to change their claims given the plan obtained from the lower-

level agents. Thus, the system invokes a new cycle in which each agent is able to revise 

his plan in the same hierarchical sequence. The cycles of revision are repeated until there 

is no more improvement possible for each agent.  

 As discussed above, in the multi-agent system, domain agents represent experts of 

particular land uses and generate plan proposals and claim the locations for their land-

uses, based on their knowledge, strategies, and beliefs about the strategies of other agents. 

Knowledge in this context can be classified into different categories: regulations, 

requirements, criteria, factors, attributes, parameters, constraints, decision rules and 

techniques. The system developer can acquire this knowledge from different sources, 

e.g., literature, experts, consulting companies, municipalities, and so on (Figure 2.2). 

 Table 2.2 gives a further specification of the different kinds of expertise. 

Specifically, criteria are concrete descriptive standards for which the objective is 

inferred, e.g., topographic conditions, accessibility to city centre, or development cost. 

Different factors might be assigned with different weights to illustrate their individual 

importance. A constraint is a criterion that is absolute in its inclusion or exclusion of 

possible consequences. Criteria and constraints can vary from one type to another type of 

land use. 

The most crucial expertise of criteria and factors used in land use suitability 

assessment are identified in Table 2.3, but not limit to these expertise in the practice.  

These factors have a considerable variation in relative importance of criteria between 

land uses according to experts. Government appraisal is relatively important for  
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 Table 2.2 Specification of expertise 

Expertise Specification of expertise 

Regulations A set of policies, strategies for a short term and/or a long term, etc. 

Requirements Sustainability, ratio of benefits to costs, limiting values of land quality, etc. 

Criteria Design standards, specific conditions, etc.  

Factors Internal factors, e.g., land characteristics/quality, etc. 

External factors, e.g., economic factors and management factors, etc. 

Attributes Variables or factors related to land characteristics, demographic base, 

economic base, etc. 

Parameters Coefficients, weights, etc. 

Constraints Internal constraints: boundary of the development, topographical conditions; 

External constraints: limiting value, policies, etc. 

Decision rules If…A and/or B, then…C 

Techniques Multi-Criteria Evaluation, Knowledge-Based Systems, Fuzzy Logic Model, 

Bayesian Networks, Multinomial Logit Model, etc. 

 

 Table 2.3 Crucial criteria and factors in land suitability analysis (Dousma, et al., 2000) 

Criterion Specification 

Government appraisal of the land 

use for the site 

Accordance with regional/local land use policies, 

standards and requirements 

Size of the site Square (kilo)metres of the site’s area 

Social demographical 

characteristics in the region 

Population (growth), household status, income per 

household, percentage of (un)employment, availability 

of labour, size and quality of the local labour market   

Accessibility of the site location by 

private or public transport 

Distance to arterial road, highway approach, public 

transport stations; frequency of trains/buses, level of the 

station, etc. 

Visibility of the site Visibility of the location, traffic flow density 

Matching with existing or planned 

adjacent land uses  

Degree of impacts (+/-) from existing or planned land 

uses in the neighbourhoods 

Urban character of the wider area Degree of urbanization, distance to city centre 

Rural character of the wider area Presence of quiet, green environment 

Image of adjacent neighbourhoods  Public safety, criminality rates, etc. 

Presence of historically important 

buildings in the site 

Such buildings/trees need to be preserved and may form 

an obstacle for some types of land use 

 

landscape, commercial and residential land uses. Size of the site plays a very significant 

role only for landscape. Accessibility is among the most relatively important criteria for 

commercial and recreation land uses.   

With respect to declarative expert knowledge, the key question is how the expert 

knowledge of the domain agents in assessing the suitability of particular parcels of land 

can be represented given uncertainty of the future distribution of land uses in the plan 

area. In other words, how can we model the expertise of each agent in MASQUE for 

generating plan proposals under conditions of uncertainty. This is the key question that 

will be addressed in this thesis in further operationalizing MASQUE. In addition, to the 

declarative component, the research is concerned with the specification of procedures that 

allow the agents to interact. 
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2.5 Conclusions 

 

This thesis constitutes a step in the operationalization of the multi-agent system 

MASQUE. To put the thesis in this wider context, this chapter has briefly introduced the 

scope and objectives of MASQUE. It reviewed the background of planning support 

systems and clarified the position of MASQUE as a PSS. Further, it clarified the 

architecture and function of the multi-agent system, specified its components and 

classified different kinds of agents. Finally, it positioned the current study within the 

overall MASQUE framework and categorized the expert knowledge represented by 

domain agents in the multi-agent system.   

It goes without saying that the level of ambition is quite high and in that sense 

MASQUE is better viewed as an academic research program than a functional description 

of software. Current projects within this program, including this study, focus on plan 

development either by a set of agents, represented by the system, or between real 

planners and synchronic expert agents. Critical to that effect, is how domain knowledge 

about location decisions, covering facts, principles, regulations, models, etc. can be 

formally represented. This constitutes the main contribution of the present PhD study to 

MASQUE.  In addition, because uncertainty is not adequately incorporated, if at all, in 

land use suitability studies, the type of knowledge developed and the way of representing 

this knowledge have some innovative and unique features to deal with land use decisions 

under conditions of uncertainty.  

To appreciate these innovative features and the underlying principles of knowledge 

representations under certain and uncertain conditions, the next chapter will give a review 

of the-state-of-the-art of methods in land use planning.  
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Chapter 3 

 

Methods of Land Suitability Analysis in Urban Spatial 

Planning  
 

 

 

 

 

 

 

 

 

3.1 Introduction  

 

Chapter 2 introduced the framework of MASQUE and positioned this study within the 

framework of MASQUE. The goal of this chapter is to represent land use expert 

knowledge with consideration of uncertainty, thus supporting urban planners and decision 

makers in the process of land suitability analysis and allocation decisions under inherent 

uncertainty. To better understand the aim and the approach of this study, this chapter 

reviews existing methods of land use suitability analysis that have been used in previous 

urban planning studies. It is known that the most crucial problem in the land use planning 

process is the decision where to locate which land uses in a given plan area. This involves 

(i) a procedure to assess the suitability of a particular piece of land for each land use; and 

(ii) decisions to allocate land uses to locations in the particular area of interest. To find a 

solution for this problem, different methods or approaches have been applied to assess the 

land suitability of given land units for different land uses. Once the assessment of land 
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use suitability is finished, decision makers may apply an allocation algorithm to decide 

which type of land use is best allocated to which piece of land. To that effect, the land 

uses are typically ranked in order of priority. For each land use the decision maker 

allocates the land use to the location with the highest suitability for this land use until the 

total area for this land use is realized. This procedure is repeated until all ranked land uses 

are allocated to all their suitable locations.    

 In the following sections, we focus on the methods of land suitability analysis. For 

each method, the focus of the review is on its principles, extensions if any, examples of 

application and, strong and weak points. This chapter discusses methods in separate 

sections, including ‘Multi-Criteria Evaluation (MCE)’, Non-algebraic methods (also 

called ‘rule-based systems, expert systems, or knowledge-based systems’), a combination 

of a Non-algebraic method with a Multi-Criteria Evaluation method, and Fuzzy set 

theory. This chapter is completed with a summary and a discussion of key issues.  

 

3.2 Multi-Criteria Evaluation  

 

Traditionally, the suitability or rank order of each location candidate for each land use is 

firstly determined in a land suitability analysis. To support this evaluation process, 

‘Multi-criteria evaluation (MCE)’ has been used in various studies, often linked to a GIS 

(e.g., see Fedra and Reitsman, 1990; Carver, 1991; Pereira and Duckstein, 1993; 

Crossland, et al., 1995; Jankowsk, 1995; Jankowski and Ewart, 1996; Malczweski, 1996; 

Lin, et al., 1997; Ohgai, 1999; Hossain, 2005 and Lapucci, et al., 2005). The purpose of 

applying MCE techniques is to select or identify for a given land-use the ‘best or optimal’ 

locations from a number of possible locations or to rank order the candidates based on a 

number of criteria. The required input data in the most basic MCE techniques consists of 

a so-called evaluation matrix (denoted as ‘Ê’) and a set of weights (denoted as ‘Ŵ’). In 

the context of land use suitability analysis, the evaluation matrix contains two 

dimensions. One dimension presents the set of possible locations, whereas the other 

dimension represents the set of criteria. This will include land use suitability indicators, 

but may in addition also include other criteria relevant for the decision problem, but not 

captured in the land use suitability scores, such as for example costs.  The set of weights 

indicates the importance of the criteria. On the basis of the above explanation, the 

evaluation matrix, Ê, and the set of weights, Ŵ, can be expressed as (see Pelizaro, 2005):   
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where, 

 

enk          is the score of alternative (location) n on criterion k; 

ŵk         is the weight factor for criterion k. 
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 Scores on the various criteria may involve different scales and dimensions. For 

example, a high score on one criterion is evaluated positively, whereas it may be 

evaluated negatively on another criterion. For example in case of accessibility measures a 

longer distance to a shopping centre or school has a lower preference value than a shorter 

distance. In order to make the scores on different criteria comparable, they must be 

transformed into a common measurement orientation and range to make sure these scores 

have the same scale (in the range of 0 and 1) and the same direction of meaning. This is 

called ‘standardization’. 

 

3.2.1 Standardization  

 

There are several standardization methods, e.g., standardisation with additivity 

constraints, standardisation to ratio-scores and standardisation to interval-scores. We 

address the interval-scores method because it can distinguish between two cases:  

 

 

� criteria where the highest score is the preferred score; 

� criteria where the lowest score is the preferred score. 

 

 

 In the former case, the raw score reduced with the lowest raw score on the concerned 

criterion is divided by the difference between the lowest and highest raw score on the 

criterion. Then the lowest standardization score is always 0 and the highest score is 

always 1.0. This is expressed as: 
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 In the latter case, the raw score subtracted from the highest score is divided by the 

difference between the highest score and lowest score. It is expressed as:   
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where, 

 
min
ke         is the minimum value of criterion k among all alternatives; 

max
ke         is the maximum value of criterion k among all alternatives. 
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Several methods have been proposed in the literature to derive the weights of criteria 

from more elementary value judgements (e.g., Saaty, 1977; Voogd, 1983; Mendes and 

Motizuki, 2001; Lin, et al., 2004). In these weighting methods, each criterion is assigned 

a specific weight value by ranking, rating or pair-wise comparison and trade-off. These 

weighting methods reflect the importance of a criterion relative to other criteria. 

However, it seems there is no generally accepted method for supporting the derivation of 

weights of criteria (Pelizaro, 2005). Readers are referred to Van Delft, et al. (1977), 

Voogd, et al. (1980), Voogd (1983), Timmermans (1986) and Timmermans, et al. (1988), 

where a number of MCE methods are thoroughly discussed including quantitative 

methods, qualitative methods and mixed data methods.  

 

3.2.2 Examples of MCE methods in land use suitability analysis 

 

The application of MCE techniques in land suitability analysis involves the following 

stages: (i) finding a set of criteria used for the evaluation; (ii) assigning a specific weight 

value to each criterion according to the importance of that criterion relative to the other 

criteria under consideration; and (iii) determine the score of each alternative on each 

criterion. The former can cover multiple different areas that pertain to characteristics of 

the land unit itself, and to criteria, depicting the accessibility to other land uses in 

adjacent or more distant parcels of land. The weighted summation method, essentially a 

point-based evaluation method, has been used in land suitability analysis (Pullar, 1999). It 

determines the sum of evaluation score of a land use for a location candidate as: 

 

 

∑=

k

nkkn ewSS ˆ                                                                 (3.4) 

 

 

where,  

 

nSS         is the total suitability score of a particular location n across all criteria; 

enk          is the standardized score of location n on criterion k; 

ŵk         is the weight factor for criterion k. 

 

 

 Note that in this example, the MCE method is in fact equivalent to the land use 

suitability analysis. In other applications, the structure of the land use suitability analysis 

is very similar to the above, but the MCE may include additional criteria and the choice 

of method may differ.  

 A particular example of an MCE method that is often used is the ‘Analytical 

Hierarchy Process (AHP)’ introduced by Saaty (1980). This approach offers a systematic 

framework where users can organize multiple criteria (also possibly multiple conflicting 

decision criteria) in a hierarchy, make judgements, and derive priorities for action. It 

allows users to break down a decision into smaller parts, proceeding from the goal to 

criteria to sub-criteria and so on down to the alternatives of an action. In the judgement-
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making phase the elements of the decision problem are looked at in isolation: one 

element is compared against another with respect to a parent element. The decision maker 

then makes pair-wise comparison judgements throughout the hierarchy to derive the 

priorities of the elements (see Expert Choice, 1995). The hierarchical ordering of criteria 

provides a good solution by creating groups of criteria related to different main criteria at 

a higher abstraction level. In this way, comparisons are needed only for the main criteria 

and sub-criteria arranged under each main criterion. Thus, the required number of pair-

wise comparisons can be drastically reduced (see Dousma, et al., 2000), improving the 

efficiency of evaluation. Finally, priorities of the action can be derived. Examples of 

AHP application in land use planning can be found in Moutinho, et al. (1994), Lee and 

Moon (1999), Ohgai (1999), Dousma, et al. (2000) and Lapucci, et al. (2005). 

 Thus, the MCE methods (including AHP) have been applied in land use planning 

studies. These methods typically use “algebraic equations” to express land suitability as a 

weighted function of suitability scores. The set of criteria is usually divided into: (i) 

criteria that pertain to characteristics of the land unit itself; and (ii) criteria that depict the 

accessibility to other land uses at adjacent or more distant locations. The higher the score, 

the better the suitability, which is used as the final score in subsequent land use allocation 

decisions. Most of these algebraic methods explicitly or implicitly assume a trade-off in 

determining land use suitability scores. These traditional methods therefore only can 

represent and assume compensatory decision processes, e.g., a low score on one criterion 

can be compensated by a high score on another criterion, subject to the priorities or 

weight values assigned to each criterion (Jankowski, 1995). However, these 

compensatory decision processes may not be valid or appropriate. A limitation of MCE 

methods is that they cannot deal in a straightforward manner with non-compensatory 

decision processes in the sense that thresholds or a low suitability score prohibits the use 

and hence the overall suitability score should be low, regardless of the scores on any 

other criterion. This limitation of MCE methods provoked the development of ‘non-

algebraic methods’ to overcome this shortcoming.  

 

3.3 Non-algebraic methods  

 

Many different approaches have been suggested as an alternative to algebraic methods to 

overcome the limitation of MCE techniques. These include ‘Rule-Based Systems (RBS)’, 

‘Expert Systems (ES)’ and ‘Knowledge-Based Systems (KBS)’ (e.g., Findikaki, 1990; 

Han and Kim, 1990; Rouhani and Kangari, 1990; Suh, et al., 1990; Moutinho, et al., 

1994; Witlox and Timmermans, 1999). Non-algebraic methods differ in terms of 

knowledge representation methods, such as for example the decision tree or decision 

table. Decision trees consist of non-leave nodes and leave nodes: non-leave nodes call for 

a decision, regarding the classification of the case considered, whereas leave nodes 

represent the alternatives to choose from. Thus, a decision tree represents knowledge by 

employing ‘if…then’ decision rules to make choices in the decision process. In 

comparison to the decision tree, ‘decision tables’ have gained more attention in the field 

of knowledge-based systems (Wets, 1998) for land suitability analysis. Because decision 

tables have the closest relation with KBS, we will focus on this formalism.    
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 Table 3.1 The general structure of a decision table (Witlox, 1998) 

 
Problem Area 

Condition Set [SET (Ci)] Condition Space [SPACE (Ci)] 

Action Set [SET (Aj)] Action Space [SPACE (Aj)] 

 

 
Table 3.2 A decision table to determine the suitability of a location for a new shopping centre

 (Arentze and Borgers, 2003) 

 
Feasibility of a location for a shopping 
centre 

 

C1 Market potential for a shopping centre < Norm ≥ Norm 
C2 Accessibility of the location > 5 ≤ 5 > 5 ≤ 5 
C3 Impact on existing shopping centres - - < Norm ≥ Norm < Norm ≥ Norm 

A1 Is the location feasible for a shopping 
centre? 

Yes No No Yes No Yes 

 R1 R2 R3 R4 R5 R6 

 

 A Decision Table (DT) is defined as “a table that represents an exhaustive set of 

mutually exclusive decision rules related to a pre-specified problem area” (Verhelst, 

1980). In this section, we refer to the classical approaches of DT. The formalism of DT 

displays the possible actions that a decision maker can follow according to the outcome 

of a number of relevant conditions, thus it gives a schematic view of the inference 

process of decision making. This characteristic of the DT formalism makes it very 

suitable to express heuristic knowledge and very well-suited to describe and analyse 

problems that contain procedural decision situations which are characterized by a set of 

influential conditions, the state of which determines the execution of a set of actions (see 

Witlox, 1998). 

 In the remainder part of this section, rather than presenting an in-depth analysis, we 

discuss the fundamental concepts and terminology of DTs, mostly based on Lucardie 

(1994), Wets (1998) and Witlox (1998) who thoroughly investigated the decision table 

formalism, to explain how the decision table technique deals with a decision problem in a 

functional way. Then, we discuss the advantages and the major disadvantages of the DT 

formalism. Finally, we consider alternative approaches that have been proposed to 

overcome the disadvantages.  

 

3.3.1 Essentials of a decision table   

 

A decision table structurally consists of five parts, as shown in Table 3.1. The problem 

area is the identification of a decision table, which indicates the problem to be 

investigated (e.g., selecting a suitable location). A double horizontal line splits the table 

in a condition part (above) and an action part (below). A double vertical line divides the 

table in sets or stubs or subjects (left) and the spaces or entries or states (right). The result 

is four quadrants: condition set [SET (Ci)], action set [SET (Aj)], condition space [SPACE 

(Ci)] and action space [SPACE (Aj)]. Table 3.2 shows an example of a decision table 

serving to determine the suitability of a location for a new shopping centre. 
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  The condition set contains all the relevant condition variables or criteria or attributes 

(inputs, premises or causes) that have an influence on the decision making process. They 

represent the criteria about which information is required to take the right decision, e.g., 

criteria C1, C2 and C3 in the upper left section of Table 3.2. The condition set is formally 

denoted as the set: SET(Ci): ={CDi| i = 1, 2,..., c}, where i is the numerical index 

indicating the condition, c is the number of conditions and CDi is the so-called domain of 

condition variable i. Lucardie (1994) argues that depending on the situation, different 

domains or partitions of a domain for a condition are possible within one DT. Thus it 

allows the (partition of a) domain of a condition to also depend on other conditions. 

The condition space specifies all possible combinations of exclusive and exhaustive 

condition states (CS) for each condition variable, e.g., < Norm; ≥ Norm for the condition 

C1 in the upper right section of Table 3.2. Theoretically, the number of possible condition 

states could be very large. However, the more condition states are used, the more 

complex the decision table structure will be. A critical point is that condition states 

defined across a row of any condition set must be exhaustive and exclusive. The 

exhaustiveness constraint leads to the completeness of condition states in the sense that 

every possible combination of values of variables C1, C2, …Cc is covered by at least one 

column of the table. The exclusiveness constraint leads to the consistency of condition 

states such that every possible combination of values of variables C1, C2, …Cc matches 

with no more than one column of the table. Formally the condition space can be 

expressed as: for every i = 1, 2,..., c, SPACE (Ci): = {CSir | r =1, 2,…, ni}, with 

exhaustiveness constraint: ∪ CSr = CDi and exclusiveness constraint: ∩ CSi = Ø, where r 

is the numerical index, ni is the number of condition states corresponding to condition i. 

In addition, condition states in the condition space can be categorized as (Witlox, 1998):  

 

 

� limited-entry: it means binary condition states, i.e., 1 or 0; 

� extended-entry: it accounts for more than two possible outcomes; 

� mixed-entry: it includes both limited and extended entries in a DT; 

� do-not-care entry: it concerns the irrelevant condition states for a certain

 decision rule. This entry is equal to stating that all condition states are a1lowed 

in a disjunction, marked as “-” in the DT. 

 

  

 The action set consists of all possible actions (outputs, conclusions or consequences) 

that a decision maker feels necessary to take into account, e.g., variable A1 in Table 3.2. 

The formal notation of an action set is given as: SET (Aj): = {ADj | j = 1,..., a}, where j is 

the numerical index indicating the action, and a is the number of actions and ADj is the 

set of actions. 

 The action space of an action contains all the possible action states of that action. For 

instance, the outcome of ‘Yes’ or ‘No’ in the bottom right section of Table 3.2 indicates 

the action states that represent possible decision outcomes. The action space is defined as 

the set containing the action states (AS). The action space is formally denoted as: for 

every j = 1, 2, ..., a, SPACE (Aj): = {ASjm | m=1, 2,…, nj}, where nj is the number of action 

states corresponding to action j. Frequently, DTs confine the number of action states (not 

number of actions) into three classifications as (see Witlox, 1998):  
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� narrow line, “-”, it indicates the particular action may not be executed; 

� cross-sign, “X”, it implies the particular action must be followed; 

� dot, “.”, it signifies an undefined action state.  

  

 

 Finally, any vertical linking of an element out of the condition space with an element 

of the action space produces a so-called ‘logical rule [R]’. For instance, R1, R2,…,R6 in 

the bottom section of Table 3.2. This logical rule is in fact a conditional statement or a ‘if 

... then’ decision rule. On the basis of the above explanation and notations, a decision 

table is defined as (see Witlox, 1998): 

 
 

 “A function that maps each possible combination of condition states to one (exhaustiveness) 

 and only one (exclusiveness) action state, i.e., DT: Space (C1) × Space (C2) × … × Space 

 (Cc)→Space (A1) × Space (A2) × … × Space (Ac) ”.  

 

 

 The constraints mentioned make that condition states in every partition together 

cover the entire domain (completeness) and do not overlap with each other (consistency). 

Thus, a decision table, as noted by Dousma, et al. (2000), allows one to derive a decision 

unambiguously for every possible case, which can occur within the table’s domain. This 

property is more difficult to verify in (equivalent) unstructured sets of if-then rules.   

In most real life applications, the strict separation between conditions and actions 

may not always be as simple as it might look. Some actions are bound to a condition, 

implying that they have to be executed before testing the condition, while others may 

already be executed after testing one or more conditions (Witlox, 1998). More important, 

in case of a complicated decision problem, the formalism of DT further allows users to 

construct a hierarchy of decision tables because one DT is not sufficient to describe the 

decision problem. In such a case, we can use hierarchical links through condition sets and 

action sets referring to other decision tables, which are termed as condition- or action-

subtables depending on whether the link originates from a condition or action. These sub-

tables play an important role in structuring the decision problem and permit a more 

thorough and detailed analysis (Witlox, 1998). Particularly, the condition subtable is 

often used in applications to develop a hierarchical system of decision tables, whereby 

the table at the highest level typically contains abstract conditions that are successively 

elaborated in condition subtables (Dousma, et al., 2000). For example, the condition 

variable C2 in Table 3.2 ‘accessibility of the location’ can be further defined in a 

condition subtable. This subtable can define accessibility scores 1…5 for example 

conditional upon travel distances from the location to the nearest highway ramp 

(accessibility by car), from the nearest railway station/bus stop (accessibility by public 

transport) and from the nearest residential area (accessibility by bicycle or by foot). A 

condition subtable is itself a proper decision table. The distinctive property of a condition 

subtable is that it defines a condition of another decision table, which is then called the 

head table of that subtable. This hierarchical structure can reduce the size of a decision 

table and maintain legibility in the knowledge acquisition and knowledge validation and 

verification stages. Moreover, due to its properties of consistency and completeness, 

decision tables can be easily and efficiently modified in terms of knowledge-base 
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maintenance, compared with unstructured rule-bases that can cause a lot of time to update 

the knowledge base and test the completeness and consistency. Many examples of DT 

applications can be found in various studies, e.g., Reitsma (1990), Arentze, et al. (1996), 

Witlox and Timmermans (1999), and Arentze, et al. (2000). 

 

3.3.2 Advantages and disadvantages of the DT formalism  

 

Multiple advantages of DTs have been discussed in detail by Witlox (1998) and Wets 

(1998). These include that: (i) the DT formalism matches the way human experts tend to 

organise their knowledge (i.e., by using a hierarchical structure to reduce the size/number 

of tables); (ii) constraints of consistency and completeness make it easy to verify 

knowledge models; and (iii) DTs can model both compensatory and non-compensatory 

relationships. But this does not mean that it has no disadvantages. In case of 

compensatory relationships, the number of columns tends to increase exponentially if one 

tries to represent them. This can become cumbersome in the decision table structures. 

Furthermore, the DT’s main strength -the exactness or precision- is also an inherent 

weakness of conventional DTs because it forces decision makers to strictly and explicitly 

define discrete categorizations of the condition states, leading to crisp or non-fuzzy 

decision outputs. This intrinsic property of the DT formalism may cause imprecise 

decision outcomes.  It is not always possible to represent a given decision problem in 

terms of crisp condition states if there is uncertainty or vagueness present in real 

situations, e.g., inadequacy of available information, implicitly assuming a definition 

perfectly consistent with the real case without ambiguity (see Dell’orco, et al., 2005). 

Attempts to remedy these limitations, hybrid systems combining DT with AHP 

(compensatory rules) (see Dousma, et al., 2000) and fuzzy DTs (imprecision) have been 

proposed to enhance the efficiency of DT’s.  

 

3.4 Combination of DT formalism with AHP  

 

The decision table (DT) and analytical hierarchy process (AHP) both define a functional 

relationship between a number of decision criteria (i.e., conditional variables), on the one 

hand, and an outcome or decision variable, on the other hand. The methods differ, 

however, with respect to assumptions about the nature of the relationships (Dousma, et 

al., 2000). The DT generally assumes non-linear relationships between criteria. In 

contrast, AHP assumes a linear additive relationship implying the compensatory rule that 

a low preference score on one criterion can be compensated by a high preference score on 

another criterion. AHP can model compensatory relationships that, as said, are 

cumbersome in decision table structures. Arentze, et al. (1996) argued that the 

combination of DT with AHP can be potentially powerful for supporting multi-criteria 

decision making. Dousma, et al. (2000) proposed a hybrid approach to combine 

advantages of both DT and AHP in a land use selection problem for a plan area as shown 

in Figure 3.1.  

 This proposed hybrid system combines the decision table (DT) as a KBS technique 

with the analytical Hierarchy Process (AHP) as a MCE technique, where the KBS  
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       Figure 3.1 A hybrid system of DT with AHP in land use selection (Dousma, et al., 2000) 
 

 

method allows users to represent domain specific knowledge for deriving criterion scores 

from attributes of alternatives while the MCE method assists users in ranking alternatives 

on multiple criteria. 

 It has been noticed that a significant disadvantage of decision tables and decision 

trees is their crisp nature that may not always be realistic. To allow one to make vague or 

imprecise definitions, ‘fuzzy set theory’ has been suggested as an alternative to overcome 

this weakness of crisp character in decision trees and decision tables. 

 

3.5 Fuzzy set theory   

 

Fuzzy set theory, introduced by Zadeh (1965), is a formalism for representing 

uncertainty in the sense of vagueness and lack of preciseness which are intrinsic to 

linguistic terms and approximate reasoning (e.g., see Jackson, 1999; Tzafestas, 1994). 

Thus, through the use of the fuzzy set theory, ill-defined and imprecise knowledge and 
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 Figure 3.2 The degree of membership for being young or old  

 

 

concepts can be treated in an exact mathematical way. A fuzzy set is defined as “a class 

of objects with a continuum of degrees of membership” (Zadeh, 1965). This fuzzy set is 

associated with a membership of a particular element in a set through a membership 

function, which assigns a degree of membership between zero (non-membership) and one 

(full-membership) to each object of the set. This operational definition may at first sight 

bring in probability concepts, which may not be consistent with original fuzzy set theory 

as elegantly discussed in Witlox (1998). 

 In universe U , a fuzzy set Ā is given by membership function µĀ: U →[0,1]. A 

membership function thus associates with each element u of U a real number µĀ(u) in the 

interval [0,1], with µĀ(u) representing the degree of membership of u in Ā. Hence, 

µĀ(u)=0 implies non-membership, µĀ(u)=1 means full-membership, and 0< µĀ(u) <1 

signifies partial membership or intermediate degrees of membership. Obviously, the 

nearer the value of µĀ(u) to zero (unity), the lower (higher) the degree of membership of 

u in Ā. Also, gradual transition follows from a partial degree of membership of the set. 

An example of the degree of membership in a fuzzy set is shown in Figure 3.2. 

In Figure 3.2, the horizontal axis represents age, whereas the vertical axis presents 

membership and ranges from zero to one, indicating the degree of membership in the 

fuzzy set (i.e., µĀ(u)); and the shape of the fuzzy set itself, i.e., µĀ is a simple curve, 

connects an element in the domain with a degree of membership in the set. 

The membership function value in the fuzzy set gives an indication of the degree of 

precision (or imprecision) to any of the categories in a certain interval around a condition 

state boundary. Hence, a certain value does not belong to only one category, but is 

allowed to have partial membership to more categories, depending on its difference with 

the category boundaries (see Molin, 1999). Thus by allowing partial membership 

condition categories, a crisp traditional decision table can be extended by replacing the 

crisp condition and action states with fuzzy condition and action states. The extended  
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 Table 3.3 Example of a fuzzy decision table (Witlox, 1998) 

 
The location prerequisite  

C1: Site with port zone 1 0 

C2: Distance to residential area 1-α1 α1 - 

C3: Distance to school - 1-α2 α 2 - 

C4: Distance to recreational area - - 1- α3 α3 - 

C5: Distance to scenic area - - - 1- α4 α4 - 

A1: Is the location satisfied? No No No No Yes No 

 R1 R2 R3 R4 R5 R6 

 

version of DT, called ‘Fuzzy Decision Table (FDT)’, can deal with imprecise and vague 

decision situations to generate a fuzzy decision output. This is significant as it imposes 

much fewer stringent assumptions on the decision maker. It implies that it is no longer 

necessary to be exclusive in a crisp sense in the condition or action states in an FDT. 

Thus, in a fuzzy environment, more than one action configuration, each with a degree in 

[0,1], may be chosen, while in a crisp environment only one action configuration is 

possible (i.e., an “all or nothing” or a binary {0,1} decision) (see Witlox, 1998). On the 

other hand, as a result, the typical advantages of DTs become problematic (Wets, 1998). 

An example of a fuzzy decision table for a location prerequisite is given in Table 3.3.     

In Table 3.3, except the variable C1, condition states of remaining conditions C2, C3, 

C4 and C5 are assigned an unknown but to be estimated fuzzy membership value (denoted 

by an α-value). As a result of this membership value substitution, the action state A1 of 

the table also becomes fuzzy because it combines different fuzzy condition states. Note 

that this structure of parameters (α1, α2, α3 and α4) only holds for binary conditions. 

 It is worth noting that fuzzy set theory makes the representation of vague or 

imprecise knowledge possible through the membership function, e.g., the fuzzy decision 

table formalism provides the possibility to express or represent the knowledge under 

vague or imprecise information (Neapolitan, 1990). However, it is not a proper method to 

deal with the uncertainty that we discussed in Chapter 1. 

 

3.6 Conclusions 

 

This chapter reviewed the most relevant methods used as existing models of land 

suitability analysis. The ‘Multi-criteria evaluation’ methods are theoretically well 

grounded and have been very popular with researchers in a variety of applied spatial 

contexts. This traditional MCE techniques use “algebraic equations” to express land 

suitability often in the way of a weighted function of attribute scores. With the 

incorporation of Analytical Hierarchy Process in MCE techniques, the efficiency of 

evaluation is enhanced particularly in case of many criteria by dividing a decision 

problem into small pieces in a hierarchy. However, most algebraic additive methods in 

MCE explicitly or implicitly assume trade-offs in determining overall suitability scores. 

These traditional methods explicitly assume compensatory decision processes, which 

constitutes just one kind of decision making process and thus may lead to unrealistic 

solutions.  
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 Non-algebraic methods such as decision trees and decision tables are more general 

and offer more flexibility in representations of decision processes. However, they require 

discretization of condition states, and therefore also exhibit limitations. The combined use 

of DT with AHP becomes powerful in this context to support users in multi-criteria 

decision making, because they allow users to represent domain specific knowledge for 

deriving criterion scores from attributes of alternatives, while the AHP as an MCE 

method assists users in ranking alternatives on multiple criteria. Fuzzy set theory and 

fuzzy decision table are good alternatives to avoid crisp tables which require precise or 

explicit definition that is not always realistic.  

However, this review has also indicated that none of these land use suitability 

analysis methods can deal with the key problem that we identified: how to incorporate the 

inherent uncertainty about future land use patterns on the suitability scores and how to 

incorporate different risk attitudes of decision makers into the decision making 

formalism. The next chapter will therefore review some methods that may be valuable in 

addressing this problem of uncertainty.   
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Chapter 4 

   

Methods of Decision Making Under Conditions of Uncertainty  
 

 

 

 

 

 

 

 

 

4.1 Introduction 

 

Chapter 3 has reviewed the most relevant existing methods used in studies on land 

suitability. As argued, these methods do not take into account the uncertainty about the 

future spatial distribution of land uses that is typically assumed to influence the 

accessibility and hence the suitability of a site. This problem is relevant in actual planning 

practice where indeed future land use is uncertain and in the context of developing a 

multi-agent planning system. In a multi-agent system, knowledge is distributed across 

various domain-specific agents, each presenting a particular land use. Each agent has to 

make decisions without knowing the decisions of other agents. The choice of a multi-

agent system therefore implies inherent uncertainty. A different form of knowledge 

representation is therefore required.  

 In this chapter, we will review methods that may be adequate for representing 

knowledge under inherent uncertainty. We firstly present the decision tree technique, 

which is similar in form but different in contents from the decision tree formalism 

discussed in the previous chapter (see section 3.3.1). Then, we explore ‘Bayesian  
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    Figure 4.1 Diagram of a decision tree 

 

 

networks (BNs)’, discussing how it deals with probabilistic reasoning. Following, we will  

discuss the concepts of a conditional probability table and Bayes rule, which are essential 

to understand Bayesian networks. Two types of networks will be discussed: Bayesian 

Belief Networks (BBNs) and the extension to Bayesian Decision Networks (BDNs) based 

on the publications of Neapolitan (1990), Ames (2002) and Fenton (2003). 

 The chapter is completed by discussing why the Bayesian Decision Network is a 

potentially useful technique for knowledge representation considering the inherent 

uncertainty in a plan development process and the MASQUE multi-agent planning 

support system.    

 

4.2 Decision trees 

 

This section discusses the ‘decision tree’ formalism. Figure 4.1 shows a general diagram 

of a decision tree. The nodes represent either the result of decisions or the outcomes of 

events that are not under control of the decision maker. The nodes that involve a decision 

are called decision nodes and the nodes that do not involve a decision are called chance 

nodes (or nature nodes). The utility at a node is calculated as the expected utility across 

possible outcomes if the node is a chance node and as the maximum utility across the 

decision options if the node is a decision node. Note that each path in the tree represents 

what could be called a scenario including decision and chance events (see Neapolitan, 

1990). The root node of the tree represents the expected utility across all scenarios 

assuming that the best decision is made at each decision node. 
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Advantages vs. disadvantages 

 

In this way, a decision tree provides a framework to quantify the values of outcomes 

(expected utility) and the probabilities of achieving these uncertain outcomes. It allows 

one to fully analyze the possible (uncertain) consequences of a decision in a decision 

analysis. The decision tree approach can be an option when we have a naturally ordered 

sequence of decisions to be made. However, the representation of a decision tree may 

have a great deal of redundancy due to the repetition of the same procedure when there 

are multiple ways (outcomes of decisions or events) leading to the next decision. This 

problem can be avoided if we represent the decision problem in terms of a ‘decision 

network’ (Neapolitan, 1990). The conditional probabilities at chance nodes of a decision 

network are generally available in that format (and easier to understand intuitively) so 

that a conversion step is not necessary. Note that the knowledge/reasoning represented in 

a decision tree can always also be represented in a decision network, whereas the other 

way round does not always hold. A decision network represents the knowledge, however, 

in a much more compact way. Thus it is very interesting to study the decision network 

and related formalisms in the following section. 

 

4.3 Bayesian networks 

 

A Bayesian network (BN) is a directed acyclic graph (DAG) of variables where the 

directed links indicate cause and effect relationships defined by a conditional probability 

distribution (e.g., see Pearl, 1988, 2000; Jensen, 1996). It is a method to represent 

relationships between propositions or variables, even if the relationships involve 

uncertainty, unpredictability or imprecision. The term ‘Bayesian network’ was coined in 

Pearl (1985) to draw a distinction from other types of directed and undirected graph 

models (e.g., Markov networks and neural networks), given its: i) native support for 

subjective input information; ii) reliance on Bayes conditioning as the basis for updating 

information; and iii) an emphasis on causal rather than evidential reasoning (e.g., see 

Pearl, 2000). This technique has been used extensively to solve problems with a concern 

for uncertainty in different fields, e.g., in medicine and computer science (see 

Heckerman, 1990, 1997) and, in recent years, also in engineering and natural resource 

management (e.g., see Varis, et al., 1990; Varis, 1995, 1998; Reckhow, 1997, 1998; 

Haas, 1998). To answer the question whether BNs can deal with the uncertainty involved 

in land use planning, it is important to first understand how Bayesian networks are 

structured and work.  

 

Conditional probabilities 

 

The Bayesian approach is a formalism that allows us to reason about a system under 

conditions of uncertainty. Beliefs regarding the possible states of each variable in a BN 

are defined through a probability distribution. When expressed unconditionally, this 

probability distribution is called a ‘marginal’ distribution. There are two cases. In the 

discrete case, the marginal probability distribution of a variable is defined as: 
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]1,0[)( ∈= iaAP                                                  (4.1) 

 

 

where variable A can exist in one of n states where the i
th

 state is denoted ai. The 

probability, P(A=ai), is the probability that variable, A, is in state ai and is a number in the 

unit interval [0,1]. In the continuous case, the marginal probability distribution of a 

variable is defined as: 

 

 

]1,0[)( ∈≤ iaAP                                                  (4.2) 

 

 

where the probability of the continuous variable, A, being less than or equal to some 

value, ai, is a number in the unit interval [0, 1].  

 Probability distributions in a BN obey all fundamental axioms of probability theory 

including: (i) P(A=ai) =1 if and only if ai is certain; and (ii) if a1 and a2  are mutually 

exclusive, then  

 

 

)()()( 2121 aPaPaaP +=∪                                                          (4.3) 

 

 

Bayes rule  

 

The fundamental rule of probability calculus is: 

 

 

),()()|( BAPBPBAP =                                              (4.4) 

 

 

where P(A|B) is the probability of the event A conditional on event B and P(A, B) is the 

probability of the joint events A and B. By symmetry we get: 

 

 

),()()|( BAPAPABP =                                             (4.5) 

 

 

Then it follows that:   

 

 

)()|()()|( APABPBPBAP =                                                 (4.6) 

 

                                

This yields the well-known Bayes rule: 
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This equation forms the basis for the causal and inferential probabilistic reasoning in any 

given Bayesian network. A and B are said to be independent if P(A) = P(A|B) (or 

alternatively P(A,B)=P(A)P(B) because of the formula for conditional probability). 

 

Formalism of Conditional Probability Table  

 

The crucial but invisible parts in Bayesian networks are the conditional probability tables 

(CPT). They quantitatively define how an outcome variable (nature node) is impacted by 

its parent nodes (i.e., nodes from which incoming arcs originate). More specifically, it 

specifies the probability distribution across the states of the outcome variables for each 

combination of states of parent nodes. The rows of the CPT represent all possible 

combinations of states of the parent nodes and the probability distribution across the 

states of the nature node under concern. The rows can be interpreted as probabilistic 

rules, reflecting for example expert knowledge. The output of the table, namely the 

probability distribution across states of the nature variable, is represented, for example, as 

percentages in each row. The sum of conditional probabilities in each row is equal to 1. 

Given 

 

 

� The child variable C with a set of states {C1, C2, …, Ci, …, Cm} 

� X  is the set of all unique state configurations of the parents of the variable C: 

{ nj XXXX ,...,,...,, 21 } 

 

 

Then a table of probabilities can be represented as:  

 

 

   )|( ji XCP             ji,∈∀                              (4.8) 

 

 

 

 The sum of the probabilities in the CPT must meet the constraint: 

 

 

1)|( =∑
i

ji XCP                                                          (4.9) 
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     Figure 4.2 Inference types (see Orzechowski, 2004) 

      

4.3.1 Bayesian belief networks 

 

One common form of a Bayesian network is a Bayesian Belief Network (BBN). This 

technique provides experts an approach to: (i) formally represent knowledge; and (ii) use 

this formal knowledge for probabilistic reasoning. Traditionally, it has been used in 

medical expert systems to derive probabilities of diseases given information about a 

patient, so as to assist physicians in deriving a diagnosis. It has been used in probabilistic 

expert systems in other domains as well. Recently it has also been applied to measure 

housing preferences (Orzechowski, 2004). The real power of Bayesian belief networks 

comes when we apply the rules of Bayesian probability theory to propagate consistently 

the impact of evidence on the probabilities of uncertain outcomes. A BBN will derive all 

the implications for the beliefs from the evidence that is input to it; some of these will be 

facts that can be checked against observations, or simply against the experience of the 

decision makers themselves (Neapolitan, 1990).  

 

4.3.1.1 Inference types  

 

A BBN is a special type of graph complemented with an associated set of conditional 

probability tables. The nodes represent variables, which can be discrete or continuous. 

Attached to each node is a conditional probability table that defines beliefs regarding that 

node conditional upon the state of the parent nodes. The key feature of BBNs is that they 

enable us to model and reason under uncertainty. Four types of inference in Bayesian 

networks have been classified (see Netica Manual, 1997) as shown in Figure 4.2. 

 The inference type depends on the parent-child relation between query and evidence 

nodes. The first example shows a diagnostic, or “bottom-up” net which relates to a 
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common task in expert systems. The reasoning, in this situation, goes from effects to 

causes. The Bayesian nets can also be used for causal, or “top-down”, reasoning. In this 

second example, the probability of effects can be computed given the causes. The third 

example illustrates an effect that is known as “explaining away”. Note that the two causes 

“compete” to “explain” the observed data. Thus Q and E become conditionally dependent 

given that their common child, E^, is observed, even though they are marginally 

independent. The fourth example represents a structure, where the reasoning ‘cause-

effect-cause’ net is mixed (see Orzechowski, 2004). Various techniques for efficient 

inferencing in BBNs currently have been developed (e.g., Pearl, 1988; Dean and 

Wellman, 1991; Allen, et al., 1994; Jensen, 1996; Haddawy, 1999). The current most 

exact method is Jensen join-tree (see Jensen, 1996) that is utilized in several commercial 

packages, e.g., Netica.  

  

4.3.1.2 How does reasoning work in a BBN? 

 

Bayesian methods provide a probabilistic formalism for performing reasoning under 

conditions of uncertainty. A Bayesian belief network consists of more than one node and 

at least one arrow which links these nodes to indicate the cause-effect relationship 

defined in a conditional probability table (CPT) discussed above. Probabilities specified 

in the CPT can be obtained by automatically learning from data files, specifying opinions 

of an expert, or any combinations of these. 

 The Bayesian view of probability provides a natural way of human reasoning to 

encode expert knowledge in domains where little or no direct empirical data is available. 

An attractive feature of the approach is that when data becomes available Bayesian 

reasoning finds a consistent method for combining data and judgment to update beliefs. A 

BBN captures believed relations (which may be uncertain, stochastic, or imprecise) 

between variables that are relevant to some problems. They might be relevant because we 

will be able to observe them, because we need to know their value to take some actions or 

report some results, or because they are intermediate or internal variables that help us 

express the relationship between the rest of the variables.  

 For each variable in a complete BBN, if we know its value we enter that value into 

its node as evidence. Then, the probabilistic inference (computation of the posterior 

probability distribution for a set of query variables, given values for some evidence 

variables) to find beliefs for all the other variables is performed. The final beliefs are 

sometimes called posterior probabilities (with prior probabilities being the probabilities 

before any findings were entered). Probabilistic inference in a belief network is called 

belief updating. A change in the likelihood of a state of a variable is propagated through 

the Bayesian network using its conditional probability tables. In this way, the states of the 

entire network can be estimated given changes in any part of it. If we want to apply the 

network to a different case, then all the findings can be retracted, new findings are 

entered, and belief updating is repeated until beliefs of the network (knowledge base) do 

not change any more.  
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4.3.1.3 Advantages vs. disadvantages of BBNs   

 

BBNs on their own enable us to model uncertain events and arguments about them. The 

intuitive visual representation can be very useful in clarifying previously opaque 

assumptions or reasoning hidden in the head of an expert. BBNs make explicit the 

dependencies between different variables. In general there may be relatively few direct 

dependencies (modelled by arrows between nodes in the network) and this means that 

many of the variables are conditionally independent. With BBNs, it is possible to 

articulate expert beliefs about the dependencies between different variables and BBNs 

allow an injection of scientific rigour when the probability distributions associated with 

individual nodes are simply ‘expert opinions’ (Fenton, 2003).  

 BBNs also have shortcomings. For example, there is a possibility to expose some of 

the common fallacies in reasoning due to misunderstanding of probability (Fenton, 2003). 

It is not always easy for experts to find an appropriate method to define condition 

probability tables. Particularly in a complicated large decision problem the derivation of 

probabilities would become very difficult or even not possible. Also, BBNs cannot make  

a decision without the support of other techniques (e.g., decision table) because BBNs do 

not make any decision. Thus, experts have to investigate other techniques as well to reach 

the final decision. To that effect, another form of Bayesian Networks, called ‘Bayesian 

Decision Network’, can be a useful extension. 

 

4.3.2 Bayesian decision networks 

 

Belief networks are used to determine new beliefs (in the form of probabilities) as 

observations are made or facts are gathered. They are composed only of so-called nature 

nodes. A decision network (also called ‘influence diagram’) is formed by adding decision 

nodes and utility nodes (also called ‘value’ nodes) to a belief network. A Bayesian 

decision network (BDN) allows probabilistic reasoning based on beliefs under conditions 

of uncertainty. In this section we present its principles, discuss how it models uncertainty,  

show examples of application, and discover its advantages and disadvantages. This 

discussion is primarily derived from the Netica Manual (1997) and Arentze (2004).  

 

4.3.2.1 Structure of Bayesian decision networks 

 

Bayesian decision networks can model uncertainty and provide a framework for 

representing cause and effect relationships between decisions and consequences in a 

decision process. A Bayesian decision network consists of three types of nodes: decision 

nodes (square shape), nature nodes (circle shape), utility nodes (diamond shape) and 

arrow links (see Figure 4.3 for an example). Decision nodes, which contain decision 

options available to decision makers as states, represent the decision variables on which 

decision makers can choose a value. A network may have one or multiple decision nodes. 

In case of multiple decision nodes, decision makers have to decide on the sequential order 

of these decision nodes. Nature nodes represent variables of consequences of decisions. 

These outcomes are typically uncertain to decision makers because nature decides on the  
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Figure 4.3 General structure of Bayesian decision networks 

 
 

value of outcome variables, not decision makers. Thus, decision makers have no control 

over the nature variables. Utility nodes represent the utility values, reflecting decision 

makers’ preferences regarding the possible states of the system being planned. As in the 

basic BBNs, arrows in the network represent cause-effect reasoning relationships 

amongst decision nodes, nature nodes and utility nodes. They can be interpreted as 

reasoning relationships.  

 

4.3.2.2 States of variables 

 

Both decision variables (decision nodes) and nature variables (nature nodes) in the 

networks can be qualitative or quantitative, which is determined by experts, available 

data or the nature of the decision problem. Each of them has an exhaustive set of 

mutually exclusive states that represent the possible values/outcomes of the variables. 

This means that if the variables are continuous, they should be made discrete. In case of a 

qualitative variable, for example type of land use, a set of mutually exclusive states can 

be defined, for example as {industry, residential, green, others}; alternatively if a variable 

is a Boolean variable, the set of states are defined as true/false. Apart from qualitative and 

Boolean types, a variable may also be quantitative. In case of a quantitative variable, each 

state should be defined in terms of an interval on the scale of the variable and considering 

the decision problem context. In that case, the optional states should be defined by 

subdividing the range of the variable into sub-ranges that relate to meaningful concepts. 

For example, distance is a quantitative variable that may be split up in intervals that we 

may recognize as {short, medium, long} distances in the given problem context. Utility 

nodes form an exception in that a decision network treats them as quantitative variables 

so that discretization is not necessary.  
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4.3.2.3 Formalism of conditional utility table  

 

A Conditional Utility Table (CUT) has a similar structure as the conditional probability 

table (CPT) of a nature node, i.e., the rows of the table represent all possible 

combinations of states of the parent nodes. However, the structure of the table’s output is 

different. Rather than a probability distribution across all possible combinations of states, 

the output consists of a scalar indicating the utility value of each combination of states of 

parent nodes. The scale used to measure utility is free to choose, as long as it is metric 

(i.e., interval scale) and the direction is positive (i.e., a higher value indicates a higher 

preference). For example, we could choose to use negative values for the least preferred 

solutions. Given any set of parent nodes:  

 

 

� X  is the set of all unique state configurations of the parents of the utility 

variable U: { nj XXXX ,...,,...,, 21 } 

 

 

 Then the conditional utility table can be represented as: 
 

    

     U(
jX )                                                      (4.10) 

 

4.3.2.4 Expected utility 

 

Once the structure of the decision network is defined and the Conditional Probability 

Tables (CPTs) and Conditional Utility Tables (CUTs) are specified, standard algorithms 

can be used to reason and determine the expected utility of each decision option. For 

probability propagation these are the same as those in BBNs. In case of a single decision 

node, the expected utility of a decision option is calculated as the sum of the products of 

probability and utility across the possible outcomes of the decision option. In case of 

multiple decision nodes, the expected utility of a decision option is defined as the 

expected utility of that decision option under the condition of the best decisions on the 

next decision variables. Thus the network supports decision making in the following 

procedure:  

 

 

� use the network to calculate the expected utilities of the options of the first 

decision node; 

� choose the decision option that maximizes the expected utility; 

� enter the decision that has been made in the decision network; 

� repeat the procedure for the next decision node; 

� continue this procedure until the last decision is made.  
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 In a DN only the expected utilities of the states of the first decision node are 

calculated. Only after having made a decision on the first decision node, the expected 

utilities for the next decision node can be calculated. It is rational to choose the decision 

option that has the highest expected utility. Consider the example of a DN schematically 

shown in Figure 4.3. Using this procedure, the best option for D1 can be identified. After 

the network receives the decision information about D1, the expected utilities for D2 can 

be calculated by using the same procedure as explained for D1. Having identified and 

entered the best decision for D2, the expected utilities are then calculated for D3. This 

procedure continues until the last decision is finally made in the decision network.  

The calculation of expected value of utility is automated. A crucial part in the 

Bayesian decision network approach is to specify the conditional probability tables and 

conditional utility tables, according to the experts/decision makers’ expert knowledge 

taking into account their uncertainty regarding consequences of decisions.  

 

4.3.2.5 Order of decisions and non-forgetting links 

 

It follows from the foregoing, that in a DN, the decisions should be made sequentially 

and the order of the decisions should be known beforehand to be able to calculate the 

expected utilities. The order of decisions can (and should) be defined in the network 

structure, namely by drawing arrows between decision variables. In the case of multiple 

decision nodes in a network, the user should define the order in which decisions are made 

by drawing the arrows from one decision node to another decision node. An arrow is 

drawn between any two decision nodes Di and Dj if the decision on Di is known the 

moment the decision on Dj is made. For example, decisions shown in the schematic 

example in Figure 4.3 are made in the sequence of D1, D2, …, Dm-1, Dm by inserting 

arrows, e.g., from D1 to each of D2, …, Dm, from D2 to each of D3, …, Dm, etc. This kind 

of arrows (between decision nodes), is called ‘non-forgetting’ links. They represent 

relationships in the decision networks that at the moment the decision on Dm is made, the 

‘parent’ decisions are known (and can be taken into account). These non-forgetting links 

are different from the arrows running from decision nodes to nature nodes, between 

nature nodes, and from nature nodes to utility nodes. They do not represent causal 

relationships but rather define the order in which the decisions are made. Non-forgetting 

links can also exist between nature and decision nodes. In sum, they have either one of 

two possible functions, namely: (i) to define the order of decisions; and (ii) to indicate 

from which nature nodes evidence is available the moment the decision is to be made. 

One important additional remark: as in basic BBNs, arrows between nodes should not 

make the decision networks circular.  
  

4.3.2.6 Complications, extensions and feasible utility nodes 

 

Figure 4.3 shows an ideal decision network. In reality, however, it can be very simple or 

very complicated. First in terms of decision nodes, each decision node in this ideal 

example is connected with all other nature nodes. In reality, however, this is not 

necessarily the case. A decision variable may have an effect only on a subset of nature 

nodes. Next in terms of nature nodes, each nature node in this ideal case is connected 
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with the utility node. In reality, however, a network may include nature nodes that have 

no direct impact on a utility node, but only through other nature nodes. Combined with 

the possible existence of cross-links, this means that, in real Bayesian decision networks, 

the case may be much more simple (e.g., only one decision node, one nature node and 

one utility node each and links between them) or more complex with multiple layers of 

nature nodes with direct and indirect impacts on the utility node. Furthermore, as said, 

nature nodes may be interconnected. An arrow between nature nodes would indicate that 

one variable determines or influences the likelihood of outcomes on the other variable. 

The existence of cross-links means that a nature node may have direct or indirect impacts 

(via other nature nodes) on the utility node. 

 All nature nodes in this ideal network are connected with one utility node. In reality, 

however, it may occur that there are multiple utility nodes in the decision networks. This 

occurs for example if a utility node in complex decision networks is split into multiple 

utility nodes to simplify the decision network without changing the functional properties 

of the decision network. In case of multiple utility nodes, the total expected utilities of 

decision options are the sum of the expected utilities across all utility nodes. Finally, in 

real decision problems it often occurs that two (or more) options from different variables 

are incompatible with each other. Bayesian decision networks, however, cannot directly 

present incompatibility relationships. A possible way to represent them is adding a utility 

node for each pair of decision variables between which one or more incompatibility 

relations exist. Decision networks treat them as utility nodes, but different from regular 

utility nodes. They are specified to represent incompatible relationships by assuming an 

arbitrary very large negative utility value for incompatible combinations of options and 

zero value for other, compatible combinations. Thus, this principle ensures the expected 

utility values negative enough, thus the infeasible decision options will not be chosen.  

 

4.3.2.7 Expert knowledge representation in Bayesian decision networks   
 

Bayesian decision networks can represent expert knowledge qualitatively and 

quantitatively. First, the Bayesian decision network technique is very flexible to allow 

decision makers to define any relevant variables. The structure of decision networks 

visually reflects the expert knowledge of a decision problem by defining decision 

variables, all possible outcomes of the decision variables, utility variables, various states 

of variables, and reasoning relationships between variables in the decision networks. 

These variables and their relationships in the network qualitatively represent the structure 

of the expert knowledge for a specific decision problem to be solved. Second, Bayesian 

decision networks provide a rich formalism of conditional probability tables that can 

represent the detailed knowledge for the decision problems. The structure of each 

conditional probability table is determined by the structure of the network (i.e., the state 

sets of the parent nodes), whereas the output of the table is to be specified by an expert 

based on his/her own expert knowledge about the specific decision problem. The type of 

expert knowledge involved depends on the decision problem itself and the type of nodes. 

In case of a decision node, a decision maker should know the sequential order of decision 

nodes, leading to define a proper order of decisions. In case of a nature node, the 

probability distributions reflect decision maker’s assessments of the likelihood of 

outcomes of the variable under each possible combination of decision options, or in 
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general, the state configuration of parent variables. For example in Tables 4.1 and 4.2, the 

probability distributions indicate expert’s professional assessments on the respective 

consequences ‘travel time’ and ‘comfort’ of decision options ‘train, car, bus, bike’ of the 

decision variable ‘transport mode’. In case of a utility node, the expert specifies the 

conditional utility tables to indicate his/her preferences regarding consequences of the 

nature variables (and/or decision variables depending on the structure of the network). In 

the example of Table 4.3, the expert indicates his/her preferences on a zero-five hundred 

scale, where the best combination of outcomes receives a value of five hundred and the 

least preferred combination of outcomes a value of zero. Obviously, the expert 

knowledge is represented through the probability distributions in CPTs and preferences in 

CUTs. Thus the determination of probabilities and utility values are the most crucial steps 

in the application of Bayesian decision networks. As said, these values can be determined 

from expert knowledge. After compilation, the network shows the expected utility value 

for each decision option of the first unknown decision. Thus a decision maker can 

identify the decision option with the highest expected utility value. In the example of 

Table 4.4, the option ‘car’ has the highest utility value ‘296’ and is the best option of 

taking a transport mode.   

 

 
           Table 4.1 CPT of taking a transport mode in terms of travel times (%) 

 
Travel Time Transport Mode 

Short Average Long 

Train 5 30 65 

Car 25 40 35 

Bus 30 60 10 

Bike 50 40 10 

 

 
    Table 4.2 CPT of taking a transport mode in terms of comfort (%) 
 

Comfort Transport Mode 

High Low 

Train 80 20 

Car 60 40 

Bus 35 65 

Bike 5 95 

 

 
  Table 4.3 Conditional utility table (CUT) 

 
Travel Time Comfort Satisfaction 

Short High 500 

 Low 300 

Average High 400 

 Low 200 

Long High 350 

 Low 0 
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    Table 4.4 Expected utility 

 
Transport mode Expected Utility 

Train 287 

Car 296 

Bus 283 

Bike 276 

 

4.3.2.8 Uncertainty in Bayesian decision networks   

 

Bayesian decision networks can model uncertainty, indicated by experts’ assessments of 

probability distributions in conditional probability tables. The probabilities represented in 

a conditional probability table (CPT) reflect the experts’ uncertainties about nature 

variables. The degree of uncertainty is reflected by the uniformity of the probability 

distributions across the states of the outcome variable. The more equal the probabilities 

are distributed across the possible outcomes, the higher the degree of uncertainty is. 

Uncertainty is inversely proportional to predictability. A perfect uniform distribution (i.e., 

equal probabilities across states of outcome variables implies maximum uncertainty, 

complete unpredictability (random choice), while a deterministic distribution (i.e., 0-100 

distribution) means no uncertainty and a deterministic prediction of the outcomes. Thus, 

by specifying the probabilities the expert at the same time indicates his/her degree of 

uncertainty. For example, the degree of uncertainty regarding outcomes of transport mode 

choices in terms of travel time’ is shown in Table 4.1. It indicates that the smaller 

variation of the probability distribution is, the higher the uncertainty is. Similar as the 

uncertainty reflected in the conditional probability table (CPT), the uniformity of utility 

value distribution also indicates the degree of indifference in decision makers’ 

preferences. The smaller the variation in the utility distribution is, the higher the 

indifference is. 

 

4.3.2.9 Difficulties in Bayesian decision networks 

 

Some difficulties can be encountered in trying to model real-world decision problems. 

For example, the size of a CPT can be very large in a real decision problem because it 

lists all possible combinations of states of the parent nodes. The number of rows in the 

conditional probability table increases combinatorially with the number of parent nodes 

and states of parent nodes. In case of n parent nodes with each having k states, the 

number of rows equals k
n
. 

 In case of nature nodes, it may be possible to limit the number of parent nodes 

without impairing the model. This is possible if a new variable can be defined that 

summarizes two or more existing nodes in such a way that the number of states required 

is less than the product of the number of states of the existing nodes. In that case, the new 

node can replace the existing nodes in parent sets of one or more nodes and reduce the 

size of the required CPT of those nodes.  

 In case of the utility node, limiting the number of parent nodes can often be realized 

easily given the fact that a DN allows the inclusion of multiple utility nodes. If multiple 

utility nodes are included, expected utilities are calculated by summing up the expected 
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utilities across the utility nodes. This means that a single utility node can be split up in as 

many utility nodes as there are independent utility factors. So, for example, if for some 

decision problems, the total utility can be found simply as U(C1, …, Cm) = U1(C1, …, C i-

1) + U2(Ci,…Cm) where {C1, …, Ci, …, Cm} is the set of states of the child/nature variable 

C, then we can define an equivalent decision network where the single utility node, U, is 

replaced by two utility nodes, U1 and U2. This means that we have replaced a single CUT 

with n parents by two CUTs with j parents and (n-j) parents respectively.  

 

4.3.2.10 Advantages vs. disadvantages of BDNs 

 

Bayesian decision networks, which can model decision problems while taking uncertainty 

via expert knowledge representation into account, include the structure of different types 

of nodes and arrows complemented with a set of conditional probability tables (CPTs) 

and conditional utility tables (CUTs). The structure defines the relevant variables and 

their causal relationships in the decision problem, in which expert knowledge is 

represented in a qualitative way; while conditional probability tables (CPTs) and 

conditional utility tables (CUTs) indicate the conditional probabilities and preferences 

regarding the outcomes of decisions respectively, in which expert knowledge is 

represented in a quantitative way as well as the degree of uncertainty. Bayesian decision 

networks also provide experts a flexible environment to specify decision problems in 

various ways and define a set of states qualitatively or quantitatively. In sum, a decision 

network represents a decision problem in terms of available decision options, 

expectations and preferences in a user-friendly environment. The distributions of 

probability and preferences of utility reflect the degree of uncertainties in predictions of 

outcomes of decisions. 

 The significant contribution of Bayesian decision networks is that this technique can 

overcome the limitations of multi-criteria evaluation (MCE) techniques in terms of non-

compensatory decision rules. In BDNs, variables of criteria in both conditional 

probability table and conditional utility table represent their natural characteristics and are 

not necessarily compensated by other criteria. BDNs have the advantage of supporting 

decisions over BBNs and considering non-compensatory decision rules over MCE 

techniques, thus BDNs can give experts flexible and powerful support in the decision-

making process. At the same time, a BDN takes uncertainty regarding the outcomes of 

decision options into account. However, the crucial step of deriving conditional 

probabilities is not easy because the size of the tables can become very large as the 

complexity of the network increases.  

 

4.4 Conclusions 

   

This chapter reviewed formalisms for knowledge representation that are potentially 

valuable in dealing with uncertainty. The decision tree technique provides a framework to 

allow decision makers to fully analyze the possible (uncertain) consequences of a 

decision in a decision analysis, quantify the values of outcomes (utilities) and the 

probabilities of achieving these uncertain outcomes. This decision tree representation is 
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an option when a naturally ordered sequence of decisions needs to be made. However, the 

disadvantages of this formalism are that the trees tend to become very large and 

probabilities often need to be converted. The knowledge represented in a decision tree 

can always be represented in another approach called ‘decision network’, whereas the 

other way round does not always hold. Knowledge representation in the decision network 

is much more compact compared to a decision tree which can have the redundancy 

problem (see Neapolitan, 1990). We further studied the decision network, which is an 

extension of the basic Bayesian Belief Network. Bayesian networks provide a 

probabilistic formalism for performing reasoning using beliefs under conditions of 

uncertainty. Bayes rule forms the basis for the probabilistic causal reasoning involved in 

belief updating (in response to new evidence).  

 Bayesian belief networks (BBNs), consisting of only nature nodes, offer experts an 

approach to formally represent knowledge and allow probabilistic reasoning. BBNs can 

model diagnoses and prediction problems with uncertain relationships between events 

and consequences. However, BBNs do not take decision making into account. This forces 

experts to get a decision making by using other techniques, e.g., using the decision table. 

Then, experts/users would have to consider two separate techniques to make a decision. 

Instead, as we discussed in this chapter, the technique Bayesian Decision Network is a 

potential alternative designed to overcome the limitation of BBNs. Bayesian decision 

networks can represent expert knowledge qualitatively and quantitatively. Its flexible 

structure allows experts to define any set of relevant variables and their reasoning 

relationships in various ways and specify a set of states for each variable in a qualitative 

and/or quantitative way.  

 On the basis of the reviews, described in Chapter 3 and this chapter, a clear picture 

about methods used to assess land suitability emerges. Considering the advantages and 

limitations of the various methods, some of which deal with uncertainty, some of which 

do not, we suggests that Bayesian decision networks represent a promising method which 

gives strong and flexible support and deals with inherent uncertainty. The next chapter 

will give an illustration of this approach in the context of a retail planning decision 

problem.  

 

 



 

 

 

 

 

 

 

 

 

Chapter 5  

 

A Bayesian Decision Network for Knowledge Representation 

Under Uncertainty  
 

 

 

 

 

 

 

 

 

5.1 Introduction 

 

As argued in previous chapters, a difficult aspect of any location decision problem facing 

an urban planner is uncertainty because the future land use at other locations is typically 

not known during the plan development process. In terms of land use suitability analysis, 

this means that the suitability of any land parcel has to be judged under conditions of 

uncertainty. Decision makers will have to assess the suitability of any parcel based on 

their beliefs about the spatial distribution of land use in the area of interest.  

 Chapter 4 clarified that Bayesian decision networks are a potentially attractive 

technique providing a richer formalism to represent more complex decision rules than the 

traditional multi-criteria evaluation methods and model the inherent uncertainty in a 

multi-agent planning support system for land use planning. This chapter will discuss an 

operationalization and application of this knowledge representation formalism. As a case,  

this chapter considers the knowledge and location decision of a retail agent. First, it 
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                    Figure 5.1 A hypothetical study area 

 

 

describes the retail decision problem and represents this problem in terms of a Bayesian 

decision network. Then, it specifies the conditional probability tables and provides an 

illustrative example. Finally, we will draw some conclusions with respect to the potential 

of Bayesian decision networks for the decision problem at hand.       

 

5.2 Knowledge representation in Bayesian decision networks 

 

As discussed in Chapter 4, expert knowledge can be represented in a Bayesian decision 

network taking into account the uncertainty about other land uses. For the envisioned 

planning support system MASQUE, the formalism of knowledge representation should 

be able to deal with uncertainty and allow probabilistic reasoning. Therefore, we use a 

Bayesian Decision Network to represent domain knowledge and consider the retail agent 

as a case. A crucial question addressed in this section is how to represent the domain 

knowledge which the agents are assumed to use in assessing the suitability of any 

particular parcel in light of their beliefs about the likely (future) distribution of land use in 

the plan area.  

 

5.2.1 Decision problem 

 

To illustrate how a decision network can be used to model expertise and uncertainty in 

land use decision problems, we consider a hypothetical medium-sized future residential  
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 Figure 5.2 An example of a location decision networks for shopping centres 

 

 

district as an example (see Figure 5.1). We use a raster of cells [i,j]  to represent the area. 

In the present example, the area is divided, on a high level, into three large regions 

referred to as: North (L1), Centre (L2) and South (L3). In the area, approximately 5,000 

new houses and all necessary facilities will be located. As an example, we further 

consider a retail agent that has decided to allocate a maximum of two new shopping 

centres (a large one, denoted as SCL, and a small one, denoted as SCS) in the plan area 

after he conducted some relevant studies (i.e., market analysis). The decision problems 

for the retail agent then are:  

 

 

1. how many (none, one, two) shopping centres should be located in this plan area? 

 

2. if the number of new shopping centres is not less than one, where should they be 

located in the plan area? 

 

3. what sizes (i.e., large or small) should the shopping centre(s) have?  

 

  

 To reach these decisions, we assume that the retail agent conducts a suitability 

analysis at two levels: first at the regional level (North, Centre and South); second at the 

cell-based level. There are three existing shopping centres in the neighborhood of the 

plan area (see Figure 5.1), labelled medium shopping centre one (SC1M), large shopping 

centre two (SC2L) and medium shopping centre three (SC3M). The agent is supposed to 

be aware of this. However, the allocation of land uses in the plan area is not known with 
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certainty until final allocation decisions have been made. The agent only has particular 

beliefs of about what the future land uses in adjacent cells (and all other relevant cells 

across the plan area) will be. The beliefs are represented as probabilities.  

 

5.2.2 Decision network for the location decision of shopping centres 

 

Figure 5.2 shows a decision network to decide where to locate a maximum of two 

shopping centres. This network serves to explain how a Bayesian decision network can 

be specified to represent knowledge under conditions of uncertainty. It also illustrates 

how a decision network can be used to address two sequentially related decisions and 

how to deal with infeasible combinations of shopping centre locations. For example, it is 

not feasible to allocate a small shopping centre to the same location where a large 

shopping centre has been allocated. In the decision network, an extra utility node labelled 

‘feasible’ is used to represent these incompatible combinations.  

The first layer in Figure 5.2 consists of two decision variables, each of which has 

four decision options ‘North, Centre, South and None’ concerned with the location of 

new shopping centre(s). The second layer shows the nature nodes relevant to this decision 

problem. It shows that the following criteria (Borgers and Timmermans, 1991; Arentze, 

1999) are taken into account in this location decision:  

 

 

� total travel distance to the nearest shopping centre across housing cells (C1) and 

the sum of ratios of the supply of a shopping centre to distance across shopping 

centres and housing cells (C2). Both influence consumers’ satisfaction;  

 

� profit of future retailers in the planning scheme (C3) and profit of existing 

retailers outside the plan area (C4). They have effects on retailers’ satisfaction;  

 

�  total travel distance across all shopping trips (C5). This variable influences the 

satisfaction at the level of the community.   

 

 

 Each of the nature variables in this network has three states.  The variable C1 has a 

set of states labelled as ‘short, average and long’. The variable C2 has states ‘low, 

average, high’. Variables C3 and C4 have states ‘high, normal, low’ each. And the 

variable C5 has states ‘short, average, long’.   

The third layer shows the variables ‘satisfaction of consumers’, ‘satisfaction of 

retailers’ and ‘satisfaction of the community’, which are the considerations at a higher 

level of abstraction. Each of them has states ‘good, normal, poor’.  

The fourth layer represents the utility variable, which defines preferences for 

outcomes of the satisfaction variables.  
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5.3 Causal inference 

 

In this section, we will explain how to determine the variables specified in Figure 5.2. 

Then, in the next section we can define the conditional probability tables of the decision 

network. 

 Three kinds of trips (i.e., home-based shopping trip, school-based shopping trip, 

work-based shopping trip) are used to differentiate in the residents’ shopping activities. 

This study, thus, considers these trips in determining the variables. They are defined as 

follows.  

 

 
� Home-based shopping trip: residents go shopping directly from home to any 

shopping centre, then go back home after finishing the shopping activities; 
 
� School-based shopping trip: residents bring their children to the nearest primary 

school from home first, then go shopping, and finally go home;  
 
� Work-based shopping trip: residents go to work first, go shopping after work, 

and finally go home. 
 

 

5.3.1 Determination of indicator variables 

 

The variable C1 (‘TMD’, total distance to the nearest shopping centre) is equal to the 

travel distance from the residents’ homes to the nearest shopping centre summed across 

all cells. It can be calculated as: 

 

 

∑ ∑=

i j
nmjiij zz

LTMD ,;,δ                                         (5.1) 

 

 

where, 

 

TMD      is the sum of the distance across all cells to the nearest shopping centre;  

δij      is the probability of cell [i,j] being a housing cell;  

zz nmjiL ;,   is the shortest distance from cell [i,j] to the nearest shopping centre z,  

represented by cell [mz,nz]. 

 

 

 The variable C2 (‘SR’, the sum of ratios of the supply of all shopping centres to 

distance across all cells) can be determined as: 
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where, 

 

SR      is the sum of ratios of the supply of all shopping centres to distance;  

δij      is the probability of cell [i,j] being a housing cell;  

Fz      is the amount of floor space of shopping centre z;  

zz nmji
D

,;,  is the distance from cell [i,j] to shopping centre z, represented by cell 

[mz,nz].  

 

  The variable C3 (PrJ, profit of future retailers in the plan area) and the variable C4 

(PrG, profit of existing retailers in the external area) can be expressed as follows:  
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where, 

 

PrJ        is the profit of the set J of future shopping centres z;  

PrG        is the profit of the set G of existing shopping centres z; 

Ez         is the total expenditure of consumers in shopping centre z; 

zC
)

  is the total cost (e.g., renting and maintenance cost, etc.) of shopping 

centre z. 

 

 

The total expenditure of consumers in shopping centre z ‘Ez’ can be determined as: 
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Ω = {H, S, W}                  (5.5) 
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where, 

 

Ez         is the total expenditure of consumers in shopping centre z; 

δij      is the probability of cell [i,j] being a housing cell;  

t  is the identifier of shopping trips, i.e., home-based shopping trip (t = H), 

school-based shopping trip (t = S), work-based shopping trip (t = W);  

Ω        is the set of types of trips; 

ρ
t
       is the proportion of trip type t;  

Rij       is the size of the population in cell [i,j]; Rij = 0 if δij = 0;  

t
nmji zz

P ,;,  is the probability of consumers in cell [i,j] visiting shopping centre z 

during trip t;  

M       is the average amount of money spent by a consumer per year. 

 

Further, probability 
t

nmji zz
P

,;, is determined using a multinomial logit (MNL) model 

(see Wrigley, 1988) for each shopping trip type t.  In particular, 

 

1) The structural utility of a home-based shopping trip is:  

 

 

zzzz nmjitzt
t

nmji DFV
,;,,;, βα +=      

 

 

t = H                                           (5.6) 

 

 

where, 

 

t
nmji zz

V ,;,  is the structural utility of shopping centre z for the residents in cell [i,j] 

for a home-based shopping trip (t =H);  

Fz      is the amount of floor space of shopping centre z;  

zz nmji
D

,;,    is the distance from cell [i,j] to shopping centre z; 

αt, βt      are parameters for trip type t.  

 

 

2) The structural utility of a school-based shopping trip and a work-based shopping trip is 

defined as: 

 

 

)(
,;,,;,,;,
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t = S, W                   (5.7) 

 

 

where, 

 

t
nmji zz

V ,;,  is the structural utility of shopping centre z for residents in cell [i,j] for 

trip t, a school-based shopping trip S and a work-based shopping trip W;  

Fz      is the amount of floor space of shopping centre z;  

zztt nmqp
D

,;,  is the distance from the school or workplace represented by cell [pt,qt], to 

shopping centre z  in case of school-based shopping trip (t = S) or work-

based shopping trip (t = W)  respectively; 

zz nmji
D

,;,    is the distance from cell [i,j] to shopping centre z, which is equal to the   

    distance  from shopping centre z to cell [i,j]; 

αt, βt      are parameters for trip type t.  

 

 

 In this study, we assume that residents choose the nearest school from home for the 

school-based trip. But it is not necessary for residents to choose the nearest location of 

workplace. The probability of consumers in cell [i,j] going to shopping centre z is then 

calculated as follows: 

 

  

1) In case of home-based shopping trip 
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t = H                                               (5.8) 

 

 

where, 

 

t
nmji zz

P ,;,  is the probability of consumers in cell [i,j] visiting shopping centre z 

during trip t;  

t
nmji zz

V ,;,   is the structural utility of shopping centre z for residents in cell [i,j] for 

trip t.  
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2) In case of school-based shopping trip or work-based shopping trip 
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t = S, W;     t*∈Ψt                                      (5.9) 

 

 

where, 

 

t
nmji zz

P ,;,        is the probability of consumers in cell [i,j] visiting shopping centre z for 

            trip t;  

*
,;, **

t
qpji tt

P  is the probability of residents in cell [i,j] visiting the school or workplace 

represented by cell [pt*,qt*] in case of school-based or work-based 

shopping trips respectively;  

t
nmji zz

V ,;,   is the structural utility of shopping centre z for residents in cell [i,j] for 

trip t;  

ψt is the set of schools or workplaces in case of school-based shopping trip 

(t = S) or in case of work-based shopping trip (t = W) respectively. 

 

For the school-based shopping trip (t = S),
*

,;, **

t

qpji tt
P is equal to 1 if cell [pt*,qt*] is 

the nearest school to cell [i,j], otherwise 
*

,;, **

t
qpji tt

P is zero. For the work-based 

shopping trip (t = W), 
*
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t
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t" ∈ Ψt             (5.11) 

 

 

where, 

 

*
,;, **

t
qpji tt

V  is the structural utility of the workplace, represented by cell [pt*,qt*], for 

residents living in cell [i,j] for a work-based shopping trip (t = W);  

*
,;, **

t
qpji tt

P  is the probability of residents in cell [i,j] visiting the workplace 

represented by cell [pt*,qt*]  in case of work-based shopping trip (t = W);  

** ,;, tt qpji
D  is the distance from cell [i,j] to the workplace represented by cell 

[pt*,qt*]; 

λ      is a parameter; 

ψt is the set of workplaces in case of work-based shopping trip (t = W).  

 

Note that the structural utility of a workplace does not depend on the size of the 

workplace. However, the model could be easily extended by incorporating such a 

variable. 

 

 

The variable C5 (‘TTD’, total travel distance across all shopping trips) is determined 

as:  
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t
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where, 

 

TTD  is the total travel distance of all shopping trips across all types of 

shopping trips;  

TTDt        is the total travel distance of trip type t. 

 

 

In turn, the total travel distance for trip type t ‘TTDt’ is determined as: 

 

 

1) Home-based shopping trip   
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t = H                       (5.13) 

 

 

where, 

 

TTDt        is the total travel distance of trip type t; 

δij      is the probability of cell [i,j] being a housing cell;  

ρ
t
       is the proportion of trip type t;  

Rij       is the size of the population in cell [i,j]; Rij = 0 if δij = 0;  

t
nmji zz

P ,;,  is the probability of consumers in cell [i,j] visiting shopping centre z for 

trip t;  

zz nmji
D

,;,  is the distance from cell [i,j] to shopping centre z, represented by cell 

[mz,nz]. We assume it is equal to the distance from shopping centre z to 

cell [i,j]. 

 

 

2) School-based shopping trip   
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t = S                 (5.14) 

 

 

where, 

 

TTDt        is the total travel distance of trip type t; 

δij      is the probability of cell [i,j] being a housing cell;  

ρt
       is the proportion of trip type t;  

Rij       is the size of the population in cell [i,j]; Rij = 0 if δij = 0;  

ss qpji
D

,;,  is the distance from cell [i,j] to the nearest school, represented by cell 

[ps,qs]; 

s
nmji zz

P ,;,  is the probability of consumers in cell [i,j] visiting shopping centre z for 

a school-based shopping trip (t = S); 

zzss nmqp
D

,;,  is the distance from the nearest school represented by cell [ps,qs] to 

shopping centre z; 
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zz nmji
D

,;,  is the distance from cell [i,j] to shopping centre z represented by cell 

[mz,nz]. We assume it is equal to the distance  from shopping centre z to 

cell [i,j]. 

 

 

3) Work-based shopping trip  
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t = W;              w* ∈ ΨW        (5.15) 

 

 

where, 

 

TTDt        is the total travel distance of trip type t; 

δij      is the probability of cell [i,j] being a housing cell;  

ρ
t
       is the proportion of trip type t;  

Rij       is the size of the population in cell [i,j]; Rij = 0 if δij = 0;  

*
,;, **

w
qpji ww

P  is the probability of residents in cell [i,j] visiting workplace represented 

by cell [pw* ,qw*]; 

w
nmji zz

P ,;,  is the probability of consumers in cell [i,j] visiting shopping centre z for 

a work-based shopping trip (t = W);  

**;, ww qpji
D  is the distance from cell [i,j] to the workplace represented by cell  

[pw*,qw*];  

zzww nmqp
D

,;, **
 is the distance from the workplace represented by cell [pw*,qw*] to  

shopping centre z represented by cell [mz,nz];   

zz nmji
D

,;,  is the distance from cell [i,j] to shopping centre z represented by cell 

[mz,nz]. We assume it is equal to the distance from shopping centre z to 

cell [i,j];   

ΨW    is the set of workplaces for the work-based shopping trip (t = W). 
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5.3.2 Determination of satisfaction variables 

 

The retail agent calculates the satisfaction variables of consumers (S1), retailers (S2) and 

community (S3) based on assumed relationships between C-variables and the degree of 

satisfaction (see Figure 5.2). For example, in case of the satisfaction variable S1, the 

degree of consumer satisfaction decreases as the travel distance increases (C1), while the 

degree of consumer satisfaction increases as the sum of ratios of supply increases (C2). 

Thus, the retail agent specifies the degree of satisfaction of consumers based on the 

degree of satisfaction related to both parent variables C1 and C2. On the chosen scale, the 

degree of satisfaction of a variable has the maximum value of 100 and the minimum 

value of zero. The value of a satisfaction variable is equal to a weighted sum of the 

satisfactions related to the parent variables. The crucial step is to establish the 

relationship between a satisfaction variable and the parent indicator variable(s). We 

assume that the composite satisfaction variables S1, S2, S3, just as the elementary 

satisfaction variables, have a scalar value in the range of [0,100]. Then, the satisfaction 

variables, S1 – S3, in the decision network can be defined as: 

 

 

)( x
Xx

Cy CSWS
y

x
×∑=

∈

           

 

  

X1 = {1, 2}, X2 = {3, 4}, X3 = {5};               y = 1, 2, 3                       (5.16) 

 

 

where, 

 

Sy   is the degree of satisfaction of ‘consumers’ (S1), or ‘retailers’ (S2), or the 

‘community’ (S3); 

Xy        is the set of indicator(s) x relevant for the satisfaction variable Sy; 

xCW  is the weight of the satisfaction component S(Cx). The sum of 
xCW across 

indicator variable(s) Cx is equal to 1;  

S(Cx)  is the degree of satisfaction related to the indicator variable(s) Cx. 

Specifically variables C1 and C2 belong to S1;  variables C3 and C4 belong 

to S2; variable C5 belongs to S3. 

 

 

In turn, S(Cx) is determined as a function of the parent indicator variable Cx as: 

 

 

xxx CCS ×−= θ100)(          

 

 

 x = 1, 5                                                              (5.17) 
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xxx CCS ×= θ)(                   

 

 

x= 2, 3, 4                                                                  (5.18) 

 

 

where, 

 

S(Cx)      is the degree of satisfaction of indicator variable Cx, 0 ≤ S(Cx) ≤100; 

Cx  is the midpoint of the interval of the state of Cx taken as representative 

value;  

θx      is a parameter to be set by the researcher such that 0 ≤ S(Cx) ≤100. 

 

5.3.3 Determination of utility variables 

 

We assume that the utility values are equal to the sum of degree of satisfaction of 

consumers (S1), retailers (S2) and community (S3), respectively. Thus, the total utility (U) 

can be determined by summing three utilities (S1, S2, S3 ):  

 

 

321 SSSU ++=                                                                                            (5.19) 

 

 

Hence, we assume equal weights for consumers, retailers and community, but of course 

this assumption can be relaxed easily. 

 

5.4 The conditional probability table  

 

The retail agent is assumed to make location decisions first at the regional level and then 

at the cell level within the chosen region(s). The crucial step is how the agent can specify 

the probabilities in the CPT of for example the nature variables C1 and C2 at the regional 

level and at the cell-based level respectively. Specifying the CPTs requires computing the 

values of the nature variables, Ci, for each combination of location choices. To determine 

the values of the variables with certainty, the allocation of the residential land use must 

be known, whereas in the planning stage we know only a probability of a residential use 

for each cell. One possible method would be to use the probabilities as weights in 

calculations of the measures. However, in that way the notion of uncertainty at the cell 

level would be lost. To solve this problem, we propose a sampling method to specify the 

probabilities in the conditional probability tables (CPTs). The parameter δ in the 

equations denoted in section 5.3.1, then becomes one (if the cell is selected as a housing 

cell) or zero (if the cell is not selected). In the remainder of this section we will explain 

this sampling method in more detail, first for the regional and next for the cell level. We 

choose two nature variables, namely C1 ‘total travel distance to the nearest shopping 
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centre’ and C2 ‘the sum of ratios of the supply of a shopping centre to distance across 

shopping centres and housing cells’, as examples.   

 

5.4.1 The regional level 

 

For the combination of North-North (both SCL and SCs are in the North) the retail agent 

repeatedly draws a sample from all possible configurations of housing allocations in the 

area indicating for each cell whether or not the residential land use will be allocated to 

that cell based on the known probability of residential land use for that cell. Then, the 

total travel distance across housing cells to the nearest shopping centre is calculated.  

 The retail agent repeats selecting random samples of configurations of housing 

allocations, say n times, and calculates C1 and C2 for each sample. In doing so, he obtains 

n different values for C1 and n different values for C2. Then, he categorizes these results 

into the distance intervals for C1, e.g., [0,500), [500, 1000) and [1000, infinity] for three 

states ‘short, average and long’. Similarly he also categorizes these results into the 

intervals for C2, e.g., [0,600), [600, 1200), [1200, infinity] respectively for three states 

‘low, average, high’. The number of times a value falls in each of these categories can 

then be counted. Finally, the probabilities in the CPT of variable C1 for the combination 

of North-North are determined as the number of counts (frequency) in each interval 

divided by the total number of samples. This procedure is repeated for each of the 

remaining fifteen combinations of possible location decisions.  

 In a similar vein, the agent specifies the CPTs of other variables C3, C4 and C5. Note 

that the CPTs of the satisfaction variables do not require such a sampling procedure as 

they do not directly depend on land use allocations. Finally, the agent specifies the CUT 

of the utility variable for all state combinations of the three variables: ‘satisfaction of 

consumers’, ‘satisfaction of retailers’, and ‘satisfaction of the community’. After the 

CPTs for all other variables and the CUT have been specified, the agent “reasons” and 

derives the expected utility for the decision variables D1 and D2 (at the regional level).  

 

5.4.2 The cell level  

 

To find out where (which cell(s) in that region) the new shopping centre(s) should be 

located, the agent assesses the suitability of each cell, i.e., cells in the North for SCL and 

cells in the South for SCs, if the solution at the regional level would be SCL in the North 

and SCs in the South. 

 In this example, there is a maximum of 702 combinations of cells for two shopping 

centres at the cell level (26 cells in the North and 27 cells in the South, see Figure 5.3). 

However, this number might be reduced because only cells not closer than a certain 

distance from any existing shopping centre are feasible for the location of the new 

shopping centres. For each combination of cells, the agent uses the same procedure as 

explained at the regional level to specify the probabilities in the CPT’s. Based on these 

beliefs, the agent can reason and derive the expected utility of any options of decision 

variables D1 and D2 and decide where to locate the two shopping centres at the cell level.  
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         Figure 5.3 A hypothetical study area 

 

 

5.5 Application  

 

Given the present illustration purpose, this section only analyzes the partial decision 

network (see Figure 5.4) to show how the technique is applied to a decision problem. The 

‘feasible’ node represents the incompatible location decisions, which are indicated by a 

large negative penalty. The parameters θ1 and θ2 are set at 0.0085 and 0.065 for the 

satisfaction variables ‘S(C1)’ and ‘S(C2)’ respectively. Table 5.1 shows the conditional  

probability table (CPT) of the variable C1 “total travel distance to the nearest shopping 

centre”. The probability distribution in Table 5.1 indicates the agent’s beliefs of the  

probabilities of the states of the travel distance variable for each possible combination of 

location decisions. The degree of uniformity of the probability distribution indicates the 

degree of uncertainty. The uncertainty is highest for combinations “North-South” and 

“Centre-North”, while lowest for the combination “None-None”. Table 5.2 shows the 

conditional probability table (CPT) of variable C2 “sum of ratios of supply of shopping  

centres to distance”, where the degree of uncertainty is rather low. This means the retail 

agent has high confidential beliefs or a high degree of certainty on the sum of ratios of 

supply across different location options. Table 5.3 shows the conditional utility table 

(CUT) of satisfaction for consumers, where the highest utility receives a value of ‘573’ 

while the lowest utility receives a value of ‘339’. 
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           Figure 5.4 Partial decision network 

    

 

 Given these values, the expected utilities derived from the network at the regional 

level (Table 5.4) indicate that both shopping centres should be planned for the plan area. 

The maximum expected utility value ‘475’ is generated for the location combination 

‘North-South’. Thus, the best option for locating the large shopping centre is the North 

while the best option for locating the small shopping centre is the South. This is rational 

because there are three existing shopping centres in the neighbourhood: one on the south 

side and two on the east side of the study area. Table 5.4 shows that the incompatible 

combinations of locations are considered infeasible. To decide on locations of the two 

shopping centres at the cell level, a similar process is followed. 
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Table 5.1 CPT of the total travel distance to the nearest shopping centre 

 

 

      
Table 5.2 CPT of the sum of ratios of supply of shopping centres to distance (%) 

 

 

 
   Table 5.3 Conditional utility table of satisfaction for consumers 
 

 

 

 

Total minimum travel distance (%) Location of a 
large shopping 
centre 

Location of a 
small shopping 
centre 

Short Average Long 

          North 8 33 59 
           North          Centre 12 38 50 
          South 37 36 27 
          None 8 33 59 
          North 12 38 50 
           Centre          Centre 5 30 65 
          South 12 42 46 
          None 5 30 65 
          North 37 36 27 
           South          Centre 12 42 46 
          South 8 32 60 
          None 8 32 60 
          North 8 33 59 
           None          Centre 5 30 65 
          South 8 32 60 
          None 2 15 83 

Sum of ratios of supply of shopping centres to distance Location of a 
large shopping 
centre 

Location of a 
small shopping 
centre 

Low Average High 

          North 30 62 8 
North          Centre 25 68 7 

          South 20 73 7 
          None 52 42 6 
          North 20 77 3 

Centre          Centre 17 80 3 
          South 18 77 5 
          None 28 68 3 
          North 35 58 7 

South          Centre 40 53 7 
          South 43 48 9 
          None 53 42 5 
          North 97 2 1 

None          Centre 96 2 2 
          South 93 5 2 
          None 97 2 1 

Satisfaction of consumers Utility 

Good 573 
Normal 456 
Poor 339 
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    Table 5.4 Expected utility 
 

The large shopping centre The small shopping centre Expected utility 
Decision options Decision options  

 North - 
North Centre 442 

 South 475 
 None 417 
 North 443 

Centre Centre - 
 South 448 
 None 421 
 North 466 

South Centre 437 
 South - 
 None 413 
 North 389 

None Centre 381 
 South 389 
 None 362 

 

 

5.6 Conclusions  

 

This chapter illustrated the application of Bayesian decision networks to represent the 

knowledge and reasoning of a retail agent to find suitable locations for locating 

maximally two new shopping centres in a given plan area under conditions of uncertainty 

about the future housing land use distribution in that area. It described how a decision 

problem can be represented in terms of a Bayesian decision network. On the basis of the 

relationships between variables defined in the network, it causally inferred how to 

allocate new shopping centres in a plan area. A sampling method is proposed to specify 

probabilities distributed in conditional probability tables. In this sampling method, the 

retail agent repeatedly draws a sample from all possible spatial configurations of housing 

allocations based on the known probabilities of residential land use across cells. After 

obtaining n samples, i.e., n values for each variable in the decision network, these values 

are categorized into different intervals (i.e., state variables) defined for each variable. 

Thus, the probabilities for a CPT are determined as the number of counts (frequency) of 

the value in each interval divided by the total number of samples. Note that the CPTs of 

the satisfaction variables do not require such a sampling procedure as they do not directly 

depend on land use allocations. Once the CPTs and CUT(s) for all variables are specified, 

the expected utilities for the decision variables can be derived. The decision option with 

the highest value of the expected utility is the best option.  

 In this case study, the decision involved the choice for one large shopping centre 

located in the North and one small shopping centre located in the South. The results of 

the case study support and illustrate the potential of using Bayesian decision networks to 

represent the expert knowledge of domain agents. In particular, the ability to model 

uncertainty by means of conditional probability tables, representing the impacts of 

decision variables on indicator variables, and preferences by means of a conditional 

utility table(s), is a powerful and appealing feature. Thus, we conclude that Bayesian 
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decision networks in combination with the sampling method are a promising technique 

for representing expert knowledge of agents. However, this technique does not provide a 

formalism to reflect and distinguish different decision styles with respect to risk attitude 

that may be used in the allocation decisions of experts. An additional question therefore is 

whether the sampling method proposed in this study leads to decisions different from that 

generated by other methods. This question will be explored in the next chapter.   

 
 



 

 

 

 

 

 

 

 

 

Chapter 6 

 

Representation of Uncertainty and Decision Styles  
 

 

 

 

 

 

 

 

 

6.1 Introduction 

 

Chapter 4 explained how Bayesian decision networks can be used to represent expert 

knowledge of agents for suitability analysis, considering uncertainty. The application of 

this method to model expert knowledge of land-use agents was explained and illustrated 

by a retail location problem in Chapter 5. In particular, a sampling method was proposed 

to specify the conditional probability of variables defined in the decision network. The 

use of the sampling method allows one to identify the uncertain distribution of future land 

use which impacts the utility of any specific parcel for a particular land use. Uncertainty 

is captured in terms of conditional probability distributions, representing the agent’s 

beliefs, conditional on a set of situational and contextual variables. Basic to this approach 

is the notion that an agent develops a knowledge representation of the decision problem 

which includes the causal structure that the agent’s beliefs influence the location choice.  
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 Traditional decision theory assumes that decision makers are utility maximizers and 

hence the decision option that generates the highest expected utility should be chosen. 

However, if the multi-agent system would allow different decision styles of agents in the 

allocation decision making process, flexibility and perhaps realism would be gained as 

different agents may have different risk attitudes and therefore weigh options with 

different degrees of uncertainty differently. The question then becomes how decision 

styles, reflecting risk attitudes, can be incorporated in the multi-agent system. 

Distinguishing decision styles adds value only to the extent that it leads to different 

outcomes. A second question therefore is whether the sampling method proposed to 

specify the conditional probabilities in the CPTs leads to different decision outcomes, 

compared to the much simpler, and straightforward ‘expected value method’. The latter 

method provides information about the expected (weighted average) utility of any 

location choice, but does not give any information about the uncertainty of the outcome. 

Finally, ceteris paribus, the results of the sampling method should be consistent with 

those of the expected value method. An empirical concern is then how many samples are 

required to reach this consistency.  

 These three research questions will be addressed in this chapter using the same retail 

planning location problem (see previous chapter) as an example. The remainder of this 

chapter is organized as follows. The next section presents the decision problem of a retail 

agent. The following third section describes the alternative methods including the 

expected value method and the sampling method. The fourth section illustrates the 

simulations, conducted for a retail planning case. Finally, the fifth section summarizes the 

results and provides some conclusions.  

 

6.2 Decision problem of the retail agent 

 

To address these research questions, the case study used in the previous chapter was 

further elaborated to include more details and realism. A retail agent wishes to locate one 

or more shopping centres in a hypothetical study area and has to decide the location for 

the new shopping centre(s). The hypothetical study area is represented as a medium-sized 

future residential district with a raster of cells sized 30 x 30 meter each (see Figure 6.1). 

This cell-size ensures that only a single land use can exist in a cell. There are 1,500 cells 

in total, 580 cells of which are located in the so-called ‘internal area’ with vacant land 

use, indicated by ‘Plan Area’, and 920 cells are located in the adjacent so-called ‘external 

area’ with existing land uses. Figure 6.1 shows the different land uses in the study area: 

vacant land use (or ‘internal area’), agriculture, housing, recreation, industry, landscape, 

highway, school (or ‘Schl.’), and shopping centres (SCL, SCS, SC1M, SC2L, SC3M). Area 

types I and III (within the polygon line) are assumed to have different probabilities for 

housing land use. The remaining area type II in the plan area has an average probability 

of becoming a housing area in the future. Three shopping centres are located in the 

external area, a medium-sized shopping centre (SC1M), a large shopping centre (SC2L) 

and another medium-sized shopping centre (SC3M). The plan area is divided into three 

large regions: North (L1), Centre (L2) and South (L3).  
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    Figure 6.1 The hypothetical study area   

 

 

 The locations of land uses in the plan area are not known with certainty until the 

final (al)location decisions have been made. The agent only has particular beliefs about 

future land uses represented as probabilities in the plan area. Moreover, we assume that 

the agent has developed a knowledge structure on the basis of which the location decision 

is made. It is represented in terms of a Bayesian decision network as shown in Figure 5.2. 

The variables and parameters that represented the causal knowledge in Chapter 5 are used 

in this chapter as well. Thus we do not repeat the reasoning relations in the following 

discussion. Instead, readers are referred to Chapter 5 for detailed information, if 

necessary. 

 

6.3 Comparison of the sampling method and the expected value method 

 

To derive the utility of a solution for the location decision problem, the Bayesian decision 

network is applied. The problem is that the agent does not know with any certainty the 

spatial distribution of future land uses except the prior given probabilities of the future 

land use, in this case, housing. In this section, we will present two possible ways of 

causal inference under conditions of uncertainty. In particular, we contrast the sampling 

method, developed in Chapter 5, with the simpler expected value method explained in 

this chapter. In addition, we discuss the possible decision rules that may be used by the 

retail agent to make decisions. 
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6.3.1 Expected value method 

 

According to this method, the retail agent calculates the expected utility of each solution 

(i.e., location(s) of one or more shopping centres). This assumes that the retail agent 

holds beliefs (subjective probabilities) about the spatial distribution of houses across the 

planning area and derives the utility of any solution based on a weighted sum of the 

indicator variables across housing locations using the probabilities as weights. Let δi,j 

represent the probability, rather than an all or nothing assignment, that cell [i,j] is a 

housing cell. Then, the expected value method implies that the retail agent uses the same 

set of equations to calculate variables C1, C2, C3, C4 and C5, and satisfaction variables S1, 

S2, and S3. The utility U of any solution is then derived by summing the utilities of 

consumers (U1), retailers (U2) and community (U3) across housing locations. Note that 

this expected value method is efficient in terms of computation time, but does not provide 

any information about the degree of uncertainty in the utility outcomes.  

 

6.3.2 Sampling method  

 

The sampling method involves sampling from all possible spatial land use configurations, 

in this case of housing, and using these to calculate the distribution of the derived utilities 

for each solution. It implies that the retail agent randomly draws n samples of possible 

spatial configurations of housing allocations for each solution given the known housing 

probability for each cell. Based on the causal retail knowledge represented in the decision 

network, the utility of any solution for each spatial configuration of housing generated is 

calculated. Thus, different utility values are obtained for every possible solution. The 

average utility is then determined as the sum of these utilities across all samples divided 

by the number of samples (n) in that solution. The sampling method, however, also 

generates the maximum and minimum utility values across all samples for each solution. 

The range of the maximum and minimum utility values shows the degree of uncertainty 

in that solution. This uncertainty information may lead to different final decisions, 

depending on decision style.   

 Figure 6.2 schematically shows the procedure used in applying the sampling method. 

In this decision problem, a maximum of two shopping centres will be planned given the 

plan area, one large shopping centre ‘SCL’ and one small shopping centre ‘SCS’. Three 

regional choices are considered ‘North, Centre and South’, and in addition ‘None’. Thus 

13 location combinations (also called ‘solutions’) are generated, e.g., North-Centre, 

North-South, North-None, etc., but except North-North, Centre-Centre and South-South. 

For each solution, the retail agent repeatedly draws a sample from all possible 

configurations of housing allocations in the internal area. The housing land use in the 

external area is known, thus the variables C1, C2, C3, C4 and C5 for this area are fixed 

values and just need to be calculated once.  Next, the retail agent calculates variables C1, 

C2, C3, C4, and C5 for each sample of housing configurations. Then, the retail agent 

aggregates the results of variables C1, C2, C3, C4 and C5 generated from both internal and 

external areas across samples. The retail agent repeats drawing random samples of 

configurations of housing in the internal area. Consequently, he obtains n different values 

for C1, C2, C3, C4 and C5, and for, S1, S2, S3, and U1, U2, U3 and U for each solution. 
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 Figure 6.2 Illustration of the sampling method 

 

The results of calculations for C-variables do not need to be classified into intervals 

representing low, average and large values, as was done in the previous chapter, because 

our purpose here is not to specify CPTs. Rather, each sample results in a set of exact 

(continuous) values of the C, S and U variables and we are interested in the distribution 

of utilities across the samples (and within solutions). 

 

6.3.3 Sampling method versus expected value method  

 

Note that the sampling method and the expected value method are different approaches to 

calculate the utility of the location solution. The sampling method randomly draws a 

number of samples of a known probability distribution of housing land use across land 

use cells in the internal area. Then it calculates the average utility of the location solution. 
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The expected value method also assumes a known probability of housing land use in 

every cell in the internal area. However, rather than sampling from these distributions, the 

probabilities are used as weights in the calculation of the indicators. Although the two 

methods differ from each other, they should result in the same expected utility value for 

the same solution if the number of samples in the sampling method is large enough.  

 

6.3.4 Decision styles 

 

The sampling method does not only provide information about the average, i.e., expected 

utility, but also about the uncertainty involved. The sampling method allows one to 

determine the maximum utility and minimum utility values across all samples in each 

solution. The range defined by the maximum and minimum utilities shows the degree of 

uncertainty in that solution. This implies that the retail agent can use this information to 

select a solution that reflects his decision style in terms of risk attitude. In that sense, 

three alternative decision rules can be taken into account.  

 

 

� Choose the solution that maximize the maximum utility which means the retail 

agent identifies the solution of which the maximum utility is at a maximum, in 

other words, has the highest maximum utility across samples of all solutions. 

The retail agent may select this solution as the best option to allocate new 

shopping centre(s). However, because the probability that the underlying spatial 

land use configurations will be realized may be very low, this decision style 

implies taking a high risk;  

 

� Choose the solution that maximizes the average utility which means the retail 

agent identifies the solution with the maximum value of the average utility 

across solutions. This would be equivalent to the solution of the expected value 

method. The agent may decide to choose this solution as the best solution. 

Because the probability to generate the average utilities is relatively high, 

compared with the decision rule of maximum maximum utility, this decision 

style implies taking a moderate risk;  

 

� Choose the location that maximizes the minimum utility value which means the 

retail agent considers the solution that produces the maximum value of the 

minimum utility across solutions as the best option. This would represent risk-

avoiding behaviour because of the focus on minimum utility values. 

 

 

6.4 Simulation analysis 

 

In this section, we will illustrate the use of these two methods of causal inference using a 

series of simulations. The analysis is guided by two research questions and 

considerations. First, we wish to illustrate that the outcomes of the sampling method 
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produces the same results as the expected value method, and we are particularly 

interested in the question how many samples should be drawn to reach this consistency. 

Secondly, we wish to illustrate how the decision styles can be used to reach decisions 

under uncertainty, depending on one’s risk attitude. 

 In the simulations, four types of land uses are assumed in the plan area including 

“housing”, “commerce”, “recreation” and “transportation”. Overall, the assumed 

probability of housing was 75 percent, while the probability of the remaining land uses 

together was 25 percent. The three types of shopping trips have different proportions (ρ): 

79 percent are home-based trips, 10 percent are school-based trips and 11 percent are 

work-based trips. The parameters α, β and γ were respectively set as 0.001, minus 0.25 

and minus 0.15. The coefficient θ for variables C1, C2, C3, C4 and C5 was respectively set 

as: 0.0085, 0.00005, 0.006, 0.025 and 0.00008. We assumed equal weights for the 

different indicator C-variables in the calculation of the satisfaction variable. The variables 

C1, C2, C3, C4 and C5 were calculated in the same way as in Chapter 5, e.g., using grid 

metric to calculate the distances.. In both methods, three types of probability distributions 

(i.e., high, medium, low) were simulated. In the base case, each unknown land use cell in 

the plan area has a probability of 75 percent to be housing in the future (equal probability 

distribution). In cases one and two, different probabilities of housing land use across cells 

were assumed (unequal probability distributions) (see Figure 6.1): in case one, cells in the 

area I have a high probability being housing (i.e., 100 percent), whereas cells in area III 

have a low probability being housing (i.e., 50 percent), and cells in the remaining area II 

have an average probability being housing (i.e., 75 percent). In contrast, in case two, cells 

in the area I have a low probability being housing (i.e., 50 percent), whereas cells in area 

III have a high probability being housing (i.e.,100 percent), and cells in the remaining 

area II is the same as it in case one (i.e., 75 percent). In all three cases the sum of 

probabilities across cells in the plan area is the same, meaning that the (expected) total 

number of housing cells is kept constant.  

 

6.4.1 Utilities for consumers, retailers and community 

 

Figure 6.3 shows the average utility of the solution as a function of number of samples 

drawn. It shows that the average value stabilizes very quickly (approximately 2,500 

samples). However, only after 61,800 samples, the average total utility of the sampling 

method is equal with a difference of less than 0.0001 to the total utility of the expected 

value method. We compare the results generated from 61,800 samples by the sampling 

method and the results from the expected value method for the solution ‘None-Centre’ 

(only a small shopping centre in the centre of the plan area) that has the highest utility.  

 Figures 6.4-6.6 (derived from every 100
th

-sample, thus not all samples are included) 

respectively show the variation in utilities for consumers, retailers and community 

generated by the sampling method for the base case. Figure 6.7 presents the variation of 

the total utility for the solution. Figures 6.4-6.7 indicate the uncertainty information 

derived from the solution ‘None-Centre’ (only a small shopping centre should be planned 

in the centre of the internal area).  
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                 Figure 6.3 The average utility of the solution, base case 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

           Figure 6.4 The utility for consumers, base case 

 

 

 

 

 

 

 

 

 

 

 

 

 

             Figure 6.5 The utility for retailers, base case 
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              Figure 6.6 The utility for community, base case 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

             Figure 6.7 The total utility of the solution, base case 

  

 Table 6.1 gives the detailed information on the degree of uncertainty for a solution in 

different cases. For instance in the sampling method for the base case, the maximum 

utility values for consumers, retailers and community are respectively 47.164, 90.720 and 

85.919, while the minimum utility values are respectively 44.911, 90.392 and 84.186. In 

case one, the maximum utilities for them are respectively 45.890, 90.760 and 85.694, 

whereas the minimum utility values are 43.815, 90.373 and 83.732 respectively. In case 

two, their maximum utilities are respectively 48.326, 90.700 and 86.463, while the 

minimum utility values are 46.168, 90.356 and 84.502 respectively. In the sampling 

method, for the base case, the average probability for a cell being housing is 74.9999 

percent, which is close to the initial setting of 75 percent. The average utility values for 

consumers, retailers and community are respectively 46.028, 90.556 and 85.027 for the 

solution considered. The average total utility of the solution is 221.611. These values are 

the same as those obtained by the expected value method. In the simulation experiment,  
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 Table 6.1 Comparison of results from the sampling method and the expected value method 

 Solution: None-Centre Case Probability distribution (I, II, III) Utility_consumers Utility_retailers Utility_community  Total_utility

Base case (0.75,  0.75,  0.75) 46,028 90,556 85,027 221,611

Expected value method Case 1 (1.00,  0.75,  0.50) 44,874 90,567 84,681 220,122

Case 2 (0.50,  0.75,  1.00) 47,182 90,545 85,372 223,100

Minimum value 44,911 90,392 84,186 219,835

Base case Av. value (0.74999,0.74999,0.74999) 46,028 90,556 85,027 221,611

Maximum value 47,164 90,720 85,919 223,450

Minimum value 43,815 90,373 83,732 219,093

Sampling method Case 1  Average value (1.00, 0.75, 0.50) 44,874 90,567 84,681 220,122

Maximum value 45,890 90,760 85,694 221,256

Minimum value 46,168 90,356 84,502 221,705

Case 2 Average value (0.50, 0.75, 1.00) 47,182 90,546 85,370 223,100

Maximum value 48,326 90,700 86,463 224,308  
 

after approximately 2,500 samples, the difference between values generated by both 

methods was less than 0.1 percent (see Figure 6.3). 

 The results of case one and case two with different probability distributions for 

housing land use across the plan area are also shown in Table 6.1. Recall that, in case 

one, the probabilities are distributed as 1.00; 0.75; 0.50 across areas I, II, and III. In fact, 

these areas represent high, normal and low probability housing areas. In case two, these 

probabilities are distributed as 0.50; 0.75; 1.00. Table 6.1 indicates that only a small 

variation in utilities of consumers and community exists among the three cases and 

almost no variation for retailers. 

 

6.4.2 The best location solution under different decision styles 

 

Table 6.2 shows the average utilities for all location solutions for all three cases. Several 

conclusions can be drawn from Table 6.2. The location solution ‘None-Centre’ is the best 

option, in terms of the expected value, in both the base case and case two. This means 

only one small shopping centre should be planned in the ‘Centre’ of the plan area. In case 

one, the solution ‘None-North’ performs best. This means only one small shopping centre 

should be planned in the ‘North’ of the plan area. Although the housing probability 

distribution varied from case to case, the utility of the solution only marginally varies 

from case to case because the sum of housing probabilities across the plan area is the 

same and, apparently, the spatial distribution of it has little impact in this case. 

Nevertheless, the best solution does differ. 

 Tables 6.3-6.5 respectively show the ranking of utilities of solutions based on 

different decision rules: ‘maximum maximum utility, maximum average utility, and 

maximum minimum utility’. Table 6.3 shows that the solution ‘None-Centre’ is the best 

option in the base case, regardless of the decision rule applied. This is also true for case 

two as shown in Table 6.5. Similarly, Table 6.4 shows that the solution ‘None-North’ is 

the best option in case one, regardless of the decision style of the retail agent. Thus, we 

conclude that in the present example there is no difference in choice in each case across 

the decision styles.  
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 Table 6.2 Comparison of total utility for all solutions 

 

 Table 6.3 Order of the solution according to the utility value in the base case 

Solution Risk aversion strategy Solution Risk rational strategy Solution Risk taking strategy

None-Center 219,83 None-Center 221,61 None-Center 223,45

None-North 219,51 None-North 220,88 None-North 222,46

None-South 214,55 None-South 216,39 None-South 218,17

North-South 211,43 North-South 212,28 Center-South 213,08

Center-South 210,95 Center-South 212,02 North-South 213,05

North-Center 210,42 North-Center 211,53 North-Center 212,85

Center-North 209,95 Center-North 210,72 Center-North 211,34

South-Center 207,30 South-Center 208,64 South-Center 210,17

Center-None 206,88 Center-None 207,64 Center-None 208,41

South-North 206,18 North-None 207,16 South-North 207,97

North-None 205,97 South-North 207,11 North-None 207,94

South-None 195,25 South-None 197,42 South-None 199,72

None-None 155,98 None-None 159,12 None-None 161,62  
  

 Table 6.4 Order of the solution according to the utility value in case one  

Solution Risk aversion strategy Solution Risk rational strategy Solution Risk taking strategy

None-North 219,75 None-North 221,02 None-North 222,12

None-Center 219,09 None-Center 220,12 None-Center 221,26

None-South 212,55 None-South 214,22 None-South 215,74

North-South 211,38 North-South 212,34 North-South 213,40

North-Center 210,59 North-Center 211,63 North-Center 212,59

Center-North 210,03 Center-South 210,64 Center-South 211,56

Center-South 209,75 Center-North 210,48 Center-North 211,37

South-North 206,22 North-None 207,41 North-None 208,36

North-None 206,21 South-Center 207,05 South-Center 208,06

South-Center 205,78 South-North 206,91 South-North 207,94

Center-None 205,25 Center-None 206,33 Center-None 207,39

South-None 193,36 South-None 195,13 South-None 197,15

None-None 153,79 None-None 156,48 None-None 158,73  
 

 

Solution of Expected value method Sampling method

the location Base case Case 1 Case 2 Base case Case 1 Case 2

combination (0.75,0.75,0.75) (1.0,0.75,0.50) (0.50,0.75,1.00) Min Average Max Min Average Max Min Average Max

North-Center 211,53 211,63 211,44 210,42 211,53 212,85 210,59 211,63 212,59 210,14 211,44 212,55

North-South 212,28 212,34 212,21 211,43 212,28 213,05 211,38 212,34 213,40 211,52 212,21 212,76

North-None 207,16 207,41 206,90 205,97 207,16 207,94 206,21 207,41 208,36 205,90 206,90 207,94

Center-North 210,72 210,48 210,96 209,95 210,72 211,34 210,03 210,48 211,37 210,03 210,96 211,92

Center-South 212,02 210,64 213,40 210,95 212,02 213,08 209,75 210,64 211,56 212,37 213,40 214,54

Center-None 207,64 206,33 208,94 206,88 207,64 208,41 205,25 206,33 207,39 208,15 208,94 209,53

South-North 207,11 206,91 207,31 206,18 207,11 207,97 206,22 206,91 207,94 206,41 207,31 207,91

South-Center 208,64 207,05 210,23 207,30 208,64 210,17 205,78 207,05 208,06 209,00 210,23 211,27

South-None 197,42 195,13 199,72 195,25 197,42 199,72 193,36 195,13 197,15 197,15 199,72 201,91

None-North 220,88 221,02 220,75 219,51 220,88 222,46 219,75 221,02 222,12 219,27 220,75 222,27

None-Center 221,61 220,12 223,10 219,83 221,61 223,45 219,09 220,12 221,26 221,70 223,10 224,31

None-South 216,39 214,22 218,55 214,55 216,39 218,17 212,55 214,22 215,74 216,78 218,55 220,00

None-None 159,12 156,48 161,76 155,98 159,12 161,62 153,79 156,48 158,73 158,78 161,76 164,82
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 Table 6.5 Order of the solution according to the utility value in case two 

 
Solution Risk aversion strategy Solution Risk rational strategy Solution Risk taking strategy

None-Center 221,70 None-Center 223,10 None-Center 224,31

None-North 219,27 None-North 220,75 None-North 222,27

None-South 216,78 None-South 218,55 None-South 220,00

Center-South 212,37 Center-South 213,40 Center-South 214,54

North-South 211,52 North-South 212,21 North-South 212,76

North-Center 210,14 North-Center 211,44 North-Center 212,55

Center-North 210,03 Center-North 210,96 Center-North 211,92

South-Center 209,00 South-Center 210,23 South-Center 211,27

Center-None 208,15 Center-None 208,94 Center-None 209,53

South-North 206,41 South-North 207,31 North-None 207,94

North-None 205,90 North-None 206,90 South-North 207,91

South-None 197,15 South-None 199,72 South-None 201,91

None-None 158,78 None-None 161,76 None-None 164,82  
 

 Although there is no difference in choice across decision styles, we can observe 

some differences in the order of solutions. For example, in Table 6.3, the order of the 

solutions ‘Center-South’ and ‘North-South’ under the risk taking strategy differs from the 

order under the other decision strategies. 

 

6.5 Conclusions 

 

This chapter compared a sampling method against the simpler expected value 

method in location decisions in a retailing context. The sampling method provides 

information about the degree of uncertainty in the utilities of solutions that may differ 

between alternative location solutions. This degree of uncertainty gives additional 

information and allows one to assess the amount of risk which may lead to different 

decisions depending on one’s risk attitude. The sampling method should for large 

samples provide the same average results as the expected value method and this was 

confirmed in this study. According to the simulation in this case study, the average utility 

value of the solution became stable after 2,500 samples were drawn in the sampling 

method, and the deviation became almost completely zero after 61,800 samples were 

drawn.  

When choosing between these two methods, the question is whether the more 

complicated and computation-intensive sampling method is worthwhile the effort. In part 

this depends on whether or not the two methods will produce different decisions. In the 

case, described in this chapter, this turned out not to be true: different risk attitudes led to 

the same final decision outcome. Thus, in principle the sampling method is more 

powerful than the expected value method, in the sense that it can accommodate different 

decision styles, but the latter one is much more efficient in that it requires much less 

computation time. Hence, the choice of method should primarily depend on the 

perception of importance of risk underlying the location decision problem. If it is high, 

the sampling method should be preferred, if not, users may decide to use the simpler and 

computationally less demanding expected value method. 
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The expected extent to which the sampling method reveals uncertainty depends on 

the chosen spatial resolution, i.e., the size of the cells. Keeping everything else constant, 

the smaller the cell-size the smaller the differences in macro-characteristics between 

samples and, hence, the smaller the difference in possible utilities of a solution. The cell-

size in the case considered in this chapter is representative for land-use allocation models 

applied to study areas of the present size in general and, therefore, the results obtained 

may be taken as indicative for other cases as well. However, the dependency on choice of 

spatial resolution also draws the attention to another feature of the sampling method that 

deserves mentioning. That is: the sampling method assumes that land-use probabilities 

between cells are independent of each other, whereas in reality housing, industry, etc., 

agents likely have clustering or spreading preferences regarding their land-uses. More 

articulated differences between spatial patterns may arise when such interdependencies 

are taken into account. This means that uncertainties regarding the environment of an 

agent’s land-use may be bigger or, at least, different from the uncertainties that a cell-

based sampling method indicates. 

The use of a multi-agent planning support system implies by definition that 

knowledge is distributed across several domain agents, each with some autonomy. This is 

reflected in Chapters 5 and 6 which were concerned with knowledge representation of 

individual agents who make land use location decisions independently of other agents. 

However, these individual decisions also need to be coordinated in an urban planning 

process, in which multiple actors interact to reach a final decision or plan. Thus, the 

problem of agent coordination needs to be addressed. In the next chapter, we will develop 

a scenario-based method to represent knowledge of multi-agents in an interactive 

planning environment to generate a final collaborative land use plan approved by all 

agents.  
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Chapter 7 

 

A Multi-Agent Model for Generating Local Land Use Plans  
 

 

 

 

 

 

 

 

 

7.1 Introduction 

 

In Chapter 6 we have proposed a sampling method embedded in a Bayesian decision 

network to represent the knowledge about location decision processes of domain agents 

under conditions of uncertainty in a multi-agent planning support system. This approach 

is concerned with land use location decisions of individual agents under the uncertain 

outcomes of the decisions of other land use agents. However, these individual decisions 

or claims need to be coordinated or negotiated to arrive at a collaborative plan. In this 

chapter, we suggest a scenario-based method to generate such collaborative plan 

alternatives in an interactive planning process, where multi-actors operate in a highly 

complex, dynamic and uncertain environment to achieve a set of collaborative goals 

regarding the future land-uses of the various locations. This multi-player planning 

process is influenced by various objectives that may partly conflict, counteract, or be 

synchronized because decisions are subject to interdependencies in land use decisions of 
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different individual actors’ underlying needs and desires, which may be competitive or 

cooperative. A major difficulty in this context is that actors are unable to determine 

which responses and actions will and will not be effective until the end of the planning 

process. They are often confronted with uncertainty about other actors’ decisions and 

their own individual contributions to the collaborative decisions. Most of the interactions 

between actors in this interactive planning process are based on their personal 

(subjective) beliefs (i.e., expectations), desires (i.e., goals), preferences, and heuristic 

rules, in an attempt to minimize the uncertainty to achieve a set of outcomes satisfied by 

each of them at an aggregate level.  

 In order to represent and simulate the interactions (e.g., action and reaction) of 

multiple actors, we use multi-agents to represent the multiple actors of particular land 

uses. In this chapter, we develop a generic multi-agent system to generate land use plan 

alternatives in an interactive environment of multi-agents, building on Arentze, et al. 

(2006). The goal of the planning support system is to generate meaningful plan 

alternatives for a given land use allocation problem. A set of plan alternatives is 

considered meaningful if it varies in terms of the strategies which the different agents 

could adopt.   

 This chapter is organized as follows. After this introduction section, the second 

section describes the proposed multi-agent system. Next, the third section describes an 

application of the system in a case study to illustrate its properties. Finally, the last 

section summarizes the major discussions.  

 

7.2 Method to generate plan proposals                               

 

7.2.1 Assumptions 

 

Consider the decision problem that a retail agent, a green agent, a school agent and a 

housing agent can expand their land uses in the same administrative plan area. We 

consider retail, green, school and housing as key land-uses in the type of applications 

considered, namely city expansion or restructuring. The system can be readily 

generalised, however, to any set of land-uses. The land-uses of the agents may be either 

present in the existing area or they may be newly introduced. Assume that the size of the 

expansion is known and fixed (i.e., as the outcome of earlier plan decisions) for each 

agent. In the following, we will use the term ‘Task-Size’ to refer to the new demand for a 

land-use or, in other words, the size of the expansion of a land use. Let the plan area be 

represented by a raster of grid cells. The size of the cells is small enough to assume that 

only a single land use exists in each cell. For each cell, the existing land use is given as 

well as the nature of new developments, if any, allowed in the cell. The latter is 

represented as a binary variable for each alternative land use indicating whether or not the 

existing land use may be converted to that alternative land use. 

 The decision problem varies from one agent to another. For example, depending on 

the given task sizes, the retail agent wants to develop new shopping centres, and the 

green agent wants to develop new green parks, etc. For the so-called ‘facility’ agents, i.e., 

retail agent, green agent, and school agent, the decision problems can be generalized as: 
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� how many new facilities are to be located in this area? 

� what is the area size of each facility? 

� where should each new facility be located in the plan area?  

   

 

 The housing agent differs from the facility agents in that it differentiates between 

different housing types. In the case study, we assume that the housing agent considers 

four types of houses, i.e., detached houses, semi-detached houses, row houses and 

apartments in the plan area. The distribution of his Task-Size across these different types 

is given and fixed at the moment of land use planning. His decision problem involves: 

 

 

� where to locate each type of new houses in the plan area? 

 

 

7.2.2 General procedure  

 

In this proposed system, each agent first generates a set of alternatives, so-called macro-

strategies, for his own land use and Task-Size independently of the other agents. A 

macro-strategy is here defined as a strategy for allocating the total size of land for a 

particular land use in the plan area. Later, we detail the strategies that each agent may 

consider. For the planning support system, generating different macro-strategies is 

important as it provides the basis for the ability of the system to generate different 

(overall) plan alternatives for the area. The agents involved are arranged in a sequence. 

Agents earlier in the sequence have priority over agents later in the sequence in claiming 

units of land (i.e., cells in the grid). This means that once the units of land are claimed by 

an earlier agent, other later agents cannot claim these units any more.  

 For each combination of alternative strategies across agents a plan is generated, as 

follows. The first agent in line uses its specialised knowledge to generate his plan (i.e., 

claims of cells) and passes the initiative over to the second agent in line. Given the claims 

made by the first agent, the second agent then generates his plan for his land use and 

passes the initiative to the third agent, and so on. This sequential process results in a plan 

that may not be optimal from the viewpoint of every agent individually because earlier 

agents may wish to change their claims given the land use plans of the later agents. 

Therefore, the system invokes a new cycle in which each agent is able to revise his plan 

in the same sequence. The cycles of revision are repeated until none of the agents wishes 

to make a change in his claims anymore. Agents are not allowed to change strategy when 

they revise a current plan. This restriction guarantees that the resulting plan represents 

some optimum within the specific combination of strategies adopted by the agents. 

 For example, in the case study, we assume the following ordering of agents: Retail 

(‘R’) – Green (‘G’) – Schools (‘S’) – Housing (‘H’). Given this order, the retail agent 

generates a retail plan without knowing the plans of all other agents. Then given the retail 

plan, the green agent generates a green-space plan without knowing the plans of other 

agents. Successively, given the retail and green-space plans the school agent generates a 

school plan. The last, housing agent finally generates a housing plan given the plans of all 
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         Figure 7.1 Interaction of multi-agents in the system 

 

 

earlier agents. As said, this process results in a collaborative plan that may not be optimal 

from the viewpoint of each agent’s objectives. For example, the agents (i.e., retail agent, 

green agent, school agent, etc.) in the higher positions may want to change their own 

plans when the plan of the last agent (i.e., housing agent) is known. Thus the system 

invokes a new cycle to allow agents to revise their own plan in the same sequence of R-

G-S-H. This iterative procedure of revision continues as long as agents change their 

claims. The procedure is schematically summarized in Figure 7.1. The user in the system 

can be an urban planner, a decision maker or other kinds of users. He can define some 

parameters embedded in the system, i.e., the size of facilities, and he can also select 

combinations of macro-strategies to be investigated. 
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 In the process of the initial collaborative plan generation, each agent takes into 

account the availability of cells in the plan area for his land use as well as the existing 

land uses of cells. We emphasize that each agent at each moment in the planning 

procedure can override the land use of cells of other agents lower in the hierarchy, as 

long as the land is available for the agent’s land use, whereas the reverse direction is not 

feasible. For example, in the assumed order in the case study, the retail agent can always 

override a green-space land use if the cell is convertible to retail. For the green agent, 

cells in the plan area covered by a retail land use are never available to him. A similar 

situation applies to the school and housing agents. It is important to note that at every 

moment in the procedure, the land use of each cell is defined and taken into account by 

each agent. We will discuss this later in this chapter. 

 An agent needs the following abilities to fulfil its role in the above procedure: (i) a 

method to generate a set of strategies for his land use; (ii) a method to generate a plan for 

his land use; and (iii) a method to revise his current plan for his land use. Revising an 

existing plan does not require additional knowledge compared to generating a plan. A 

revision is the result of successive application of the resetting and generating methods.   

 

7.2.3 Components of the system 

 

7.2.3.1 Plan generation methods  

 

In the proposed system, each agent first generates a set of alternative macro-strategies of 

his land use independently of the other agents. The methods used to generate the 

strategies can differ from one agent to another agent. In this regard, we distinguish two 

types of agents. On the one hand, agents concerned with retail, green-space and school 

facilities are referred to as ‘facility’ agents and, on the other hand, the housing agent is 

classified as an ‘area’ agent. Facility and area agents use different methods to evaluate 

the suitability of locations for their land uses. Facility agents try to optimize a network of 

facilities considering the spatial distribution of demand for the facilities. Location-

allocation models are well-suited for solving this problem. On the other hand, area agents 

conduct a suitability analysis of locations on a cell-by-cell basis whereby the overall 

suitability of a land use plan is calculated as a sum of suitability scores across the cells 

occupied. 

 Although facility and area agents use different methods to generate a plan for their 

land use, their methods also have a common feature. Both types of agents distinguish 

between a macro-strategy and a micro-strategy (Ghosh and McLafferty, 1987). A macro-

strategy represents a specific setting of the parameters of the method used to spatially 

allocate the land use, whereas the micro-strategy represents this allocation solution itself. 

In other words, a micro-strategy is embedded in a macro-strategy and determines how the 

macro-strategy is realized in terms of a land use plan. At both micro and macro levels, the 

facility agents, on the one hand, and area agent(s), on the other hand, use different 

concepts and methods, as we will explain below. 
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Macro-strategies of facility agents 
 

A macro-strategy of a facility agent defines the number of new facilities and the size of 

each new facility. In line with central-place theory, we classify possible macro-strategies 

in terms of a hierarchy of facility locations. In the case study, we assume a three-level 

system. In a three-level system we can distinguish the following strategies: a maximally 

centralized strategy, a semi-centralized strategy and a decentralized strategy. In a 

maximally centralized strategy, the facility-agent realizes as many first-order facilities as 

possible given his Task-Size. In a semi-centralized strategy, the facility agent does not 

develop first order, i.e., city-level, facilities, but develops as many district-level facilities 

as his Task-Size allows. Finally, in a decentralized strategy, the facility-agent only 

develops neighborhood-level facilities. Because the size of the facilities decreases with 

descending order of facilities, the centralized strategy results in a few large facilities, the 

semi-centralized in some more semi-sized facilities and the decentralized in many small 

sized facilities. Note that the macro-strategies assume a standard size for each facility 

order as given. 

 A given Task-Size is not necessarily an exact multitude of a standard size used. The 

size remaining after having developed the maximum number of facilities of the preferred 

size is used for facilities of smaller size. In this way, for example, a city level strategy 

may include lower-level facilities as well as the city-level facilities. In general, an agent 

tries to develop as many as possible facilities of the largest size as allowed by the 

combination of strategy and Task-Size. Thus, a centralized strategy possibly may result in 

no city-level facilities at all and may even result in only neighborhood-level facilities. 

The latter happens if the Task-Size is smaller than the standard size of not only a city-

level facility, but also of a district-level facility, so that only neighborhood-level facilities 

are feasible. 

 

Macro-strategies of area agents  
 

In formulating his alternative macro-strategies, an area agent could take many parameters 

of his method to generate a land use plan into account. However, given the objective of 

the system to generate meaningful plan alternatives for planning support, we suppose that 

only the weights of accessibility of different kinds of facilities (i.e., retailing, green space 

and school) and the weights of adjacency to land uses are relevant here. The lower the 

weight of a specific facility, the less sensitive the area agent is to the plans of that facility 

agent and the higher the probability that the land use of the area agent is located relatively 

distant from the facility. Then, in the revision stage, the facility agent is likely to respond 

and changes the locations of his facilities to better cover the spatial distribution of 

demand. Thus, depending on his macro-strategy, an area-agent either acts as a follower or 

as a leader. This implies that even if, for example, the housing agent appears last in the 

sequence, his preferences may still have a dominant impact on the final plan.   
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Micro-strategies of facility agents: the interchange algorithm 

 

In the system, facility agents use the ‘interchange algorithm’ as a heuristic to find an 

optimal or good solution at the micro level (see Teitz and Bart, 1968). This algorithm 

systematically evaluates marginal changes to a set of facility locations. In this algorithm, 

an initial facility configuration, so-called ‘current solution’, is supplied to the algorithm. 

Thus, the current solution refers to the set of cells currently claimed by the agent for his 

land-use. The first candidate (i.e., cell convertible to the land-use of the agent) not in the 

current solution of the agent is substituted for each cell in the current solution. If the 

utility of the next solution is higher than the utility of the current solution, then the next 

solution substitutes the ‘current solution’ and becomes the ‘current solution’. If not, there 

is no substitution. The system can start at any location solution (named ‘current solution’) 

and the iteration continues until no more substitutions can be made to improve the utility.  

Recall that a micro-strategy is embedded in a macro-strategy. Since the macro-

strategy defines the number and size of facilities only location decisions are left and, 

therefore, the interchange algorithm is a suited method for this stage. The interchange 

algorithm is a widely used heuristic to solve the p-median location-allocation problem 

that is to find the location of a given number of p facilities that improve the objective 

function, e.g., minimizing the travel distance which consumers must travel to reach their 

nearest facility (see Beaumont, 1981). The heuristic is very efficient and appears to be 

robust and effective in the sense that it tends to produce the global optimum or near-

global optimum with high probability (Rosing, et al., 1979). The first step in this method 

involves generating an initial solution randomly and this is followed by an iterative 

procedure of trying to improve the solution by substituting, i.e., interchanging, locations 

in the solution by candidate locations not in the solution. Although the interchange 

algorithm was developed originally for the p-median model (Teitz and Bart, 1968), it has 

been shown to be useful for a larger class of location-allocation models as well (Hilsman, 

1984). 

In the context of the present system, a facility agent may consider several models as 

alternatives. First, the maximum-covering model (Hodgart, 1978) seeks to maximize the 

total demand covered by the facilities. A demand is covered if it falls within the 

catchment area of at least one facility. The radius of the catchment area of a facility is set 

dependent on the size (i.e., order) of that facility: the larger the facility (i.e., the higher its 

order) the larger the catchment area will be and vice versa. Thus, in maximizing the total 

coverage, the maximum covering model seeks the set of locations that minimizes the 

overlap in catchment area between the facilities. At the same time, the model is sensitive 

to the size of the demand available within cells. In case of retail, green-space and school 

facilities, demand for the facilities originate from households at origin locations. The 

higher the density of housing, which may vary between the housing types considered by 

the housing agent, the larger the weight of the cell in the function that calculates the total 

demand covered. Therefore, apart from minimizing the overlap, the model seeks to 

maximize the number of housing cells and in particular high density housing cells within 

catchment areas of facilities. Finally, it is worth noting that the model takes into account 

the size of each facility if the set of facilities to be located is mixed in terms of facility 

sizes. The larger the facilities are, the larger the radius of influence is in the competition 

with other facilities of the same kind.  
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Second, the p-median model minimizes the total weighted distance to the nearest 

facility across the origin locations of demand. Since households are the users of the 

facilities, housing density within cells is used as weight. Thus, the model searches for the 

locations that maximize the accessibility of the facilities for the population served by the 

facility system. The p-median model and maximum covering model may generate similar 

solutions. There are, however, several notable differences. First, because the p-median 

model does not take the size of facilities into account, the model is suitable only in cases 

where all facilities (new or existing in the area) are of the same size (i.e., order) or where 

the size afterwards can be adjusted dependent on the amount of demand attracted. 

Second, the maximum covering model is rather sensitive to the setting of the radius per 

facility category. If the radius is set too wide, the end-solution will depend strongly on 

the random initial solutions as there are many solutions that are equally good (since there 

will always be overlap). The same holds if the radius is set too short. In that case there are 

many solutions that are equally good as well, because there are many ways in which 

overlaps in catchment areas can be avoided. Thus, the maximum covering model is rather 

sensitive to the setting of the radius parameter. 

A number of observations are worth making. First, the interchange algorithm treats 

facility locations as point locations. Therefore, we take the locations (i.e., cells) found by 

the algorithm as the centroids of the areas occupied by the new facilities. Having 

identified the centroid of each new facility, the facility agent claims all the land (i.e., 

cells) in the surrounding of each centroid available for his land use and needed to realize 

the size of the new facility. 

Second, the interchange algorithm requires that all candidate locations are pre-

defined. In the context of our system, each facility-agent considers all cells available for 

his land use as the set of candidate locations. Note that the size of the candidate set will 

be smaller for agents later in the sequence, since the cells claimed by agents earlier in the 

sequence are no longer available as candidates. 

Third, the facility agents face a problem of estimating the size of the demand in each 

cell for their facilities in the plan area. In the initial stage of the procedure, the housing 

plan is unknown at the moment when each facility agent generates a plan, given the 

sequence that we assume in the system. It would not be realistic to assume that demand is 

zero in cells that in the existing situation do not have a housing land use but that are 

available for housing development. Particularly, if the Task-Size for housing is large 

there is a fair chance that non-housing cells will be converted to housing cells. Therefore, 

the facility agents count cells with a potential housing development as well as cells with 

existing housing development as demand locations. Since the future housing density is 

unknown, an average density is assumed for potential housing cells. 

 Fourth, it is important to note that the agents also take the location and size of 

existing facilities into account (e.g., shopping centres, green spaces and schools). Existing 

facilities have the same catchment area definition as the new facilities. The only 

difference is that it is not possible for them to change location, i.e., they are fixed in the 

solution. 
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   Figure 7.2 The plan generation of the housing agent 

 

 

   Finally, we note that the p-median as well as maximum covering model are rather 

restrictive in terms of the assumptions about the spatial choice behavior of users of the 

facilities. In particular, they assume that people always choose the nearest facility (p-

median model) or that a critical distance exists (the maximum covering model). 

 

Micro-strategies of area agents: the swapping algorithm 

 

The algorithm used to generate a plan for the allocation of housing types to the plan area 

is depicted in Figure 7.2.  

 In the algorithm, a plan is generated in two steps. Step 1 determines the suitability of 

each available cell for each particular housing type. The procedure assumes that housing 
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types are arranged in a user-defined sequence. First, the best cell is assigned the housing 

type considered first. Then, the best cell is selected for the next housing type, etc. This 

procedure is repeated until the required number of cells has been assigned for each 

housing type. The result of Step 1 is an initial allocation. Step 2 optimises the pattern of 

housing types distributed in the plan area.  

 In Step 1, the algorithm calculates the suitability score of cell [i,j] given a current 

solution. This current solution includes locations for planned facilities and existing land 

uses. We assume there are ф types of currently existing or planned land uses in the study 

area. For any housing type Γ (e.g., detached house), the algorithm first calculates the 

shortest distance ‘ℓ’ from cell [i,j] to the nearest cell of each existing or planned land use 

ф. On the basis of the shortest distance ℓ, it assigns a score for each land use based on the 

expert knowledge as represented in Appendix. These scores are summed across all land 

uses ф in the study area. Thus, the suitability score of any cell [i,j] for the housing type Γ 

is determined as: 
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where, 

 
Γ

ijSS         is the suitability score of cell [i,j] for housing type Γ; 

Γ

ΦijDS        is the distance score of cell [i,j] for housing type Γ based on the shortest  

          distance ℓ to land use ф; 
Γ

Φ
W

d       is the weight attached to the distance score for land use type ф and     

     housing type Γ; 
Γ

ΦijAS      is the adjacency score of cell [i,j] for housing type Γ based on the      

     adjacency to  land use ф; 
Γ

Φ
W

a       is the weight attached to the adjacency score for land use type ф and    

    housing type Γ. 

 

 

 Note that the land uses ф also includes housing types Γ. Thus the Γ

ijSS score depends 

on the distance and adjacency to each housing type as well. The effect of distance on the 

suitability need not be linearly related to the shortest distance to the nearest cell of a land 

use. Therefore, distance classes are used. The user has to specify the effect of each 

distance class (e.g., see Appendix). Adjacency, on the one hand, is defined at two levels. 

The first level represents the four lateral neighbouring cells around the cell of interest, the 

second level represents the additional four corner cells. The AS-score is the sum of the 

adjacency effects of eight neighbouring cells. Note, however, that in the first initialising 

step of allocating area-type land-uses to the plan area, the weight for adjacency is set to 

zero.    
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 Housing type Γ is assigned to the cell with the highest suitability score. Note that 

after housing type Γ is assigned to cell [i,j], the suitability of all remaining vacant cells 

must be updated because housing type Γ in cell [i,j] has become one of currently existing 

land uses ф. Thus, when calculating the suitability scores for the next housing type, the 

cell assigned by housing type Γ previously will be taken into account. This procedure to 

calculate the suitability scores and assign housing types to the most suitable cell is 

repeated until no more cells can be assigned. The assignment of cells to housing types 

follows a pre-determined order (e.g., detached houses, semi-detached houses, row houses 

and apartments). First, a cell will be assigned to the first housing type, the next cell will 

be assigned to the second, etcetera. This process continues until the Task-Size of each 

housing type has been fulfilled. After all housing types are assigned to cells in the plan 

area, the utility of this solution can be determined as: 

 

 
Γ

Γ

Γ
∆×∑∑ ∑= ij

i j
ijSSU                                      (7.2) 

 

 

where, 

 

U          is the utility of the current solution; 
Γ

∆ ij          is 1 if housing type Γ has been assigned to cell [i,j], 0 otherwise. 

 

 

 In Step 1, all housing types are temporarily allocated to cells in the plan area based 

on the suitability of each cell for each housing type. Due to the sequential allocation of 

housing types to cells and because the adjacency effects, i.e., whether the adjacent land 

uses have positive or negative effect on the suitability, were not taken into consideration, 

the total suitability score might not be optimal in terms of those adjacency effects. 

Therefore, Step 2 involves an optimisation process by swapping housing cells of different 

types to improve the overall utility of the solution. The algorithm optimises the 

distribution pattern of housing types across the plan area by swapping any two cells if 

this increases the utility. The utility for the new situation is calculated as: 

 

 
Γ

Γ

Γ
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i j
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where,  

 

Unew         is the utility of the new situation of housing distribution after swapping; 
Γ

newijSS ,        is the new suitability score of cell [i,j] for housing type Γ; 

Γ
∆ newij ,        is 1 if housing type Γ has been assigned to cell [i,j] after swapping,     

           0 otherwise. 
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 Now, the effects of adjacency are taken into account as well. The algorithm 

compares the new utility with the previous utility. If the new utility value is higher than 

the previous utility value (Unew > U), swapping is accepted and the new solution becomes 

the current solution; if not (Unew ≤ U), there is no swap. This procedure continues until no 

more swaps can be made to increase the utility of the ‘current’ solution. The allocation of 

housing types by the housing agent is then completed. 

 Note that the algorithm considers two sets of factors: (i) factor related to adjacent 

land uses; and (ii) factors related to the physical distance to a facility. The former factor, 

i.e., the user-defined adjacency scores, expresses a relative impact (e.g., high or low, 

positive or negative) of the presence of a particular land use in the neighbourhood. The 

latter factors related to two types of distance to calculate the suitability scores, namely (a) 

the shortest distance to the nearest cell of a particular land use of a facility, and (b) the 

distance to the centroid of the facility. The user-defined distance weights based on (a) 

indicate the relative suitability of the presence of a new land use in the neighbourhood. 

The user defined distance weights based on (b) indicate the effect of the physical distance 

to the centroid cell of a new facility land use. This distance captures travel distances to 

the centroid point of the facilities. To give an example, illustrating the relevance of this 

distinction: residents may, on the one hand, do not want to live adjacent to a shopping 

centre, but, on the other hand, appreciate a short travel distance to a shopping centre, i.e., 

the distance to the nearest boundary of a shopping centre and the distance to the centroid 

point of a shopping centre.   

 

7.3 Illustration 

 

7.3.1 The decision problem 

 

As an illustrative case, we consider Meerhoven, which is an area designated for the 

expansion in the City of Eindhoven, The Netherlands. Meerhoven is located in-between 

Veldhoven (a smaller city), Eindhoven, and Eindhoven Airport and experiences the 

influence of both cities. The area is currently being developed. For illustration purposes, 

we simplified the existing situation and assume that the Task-Size of each land use for 

the area is known and a land use plan is yet to be determined.  

 The size of the larger study area is 1,250 hectares
 
and is represented by a grid of 50 x 

50 meter cells (see Figure 7.3). For this cell size it is still reasonable to assume that cells 

can take on only a single land use. Thus, the total area comprises 5,000 cells. The plan 

area, i.e., the area designated for the new developments, covers a subset of 1,500 cells 

with an area size of 3,750,000 m
2
 (375 hectares).  

 Figure 7.3 shows the different land uses in the study area: vacant land use (plan 

area), recreation (e.g., golf), industry, landscape (canal), agriculture, schools (Sch1, Sch2, 

Sch3 and Sch4), shopping centres (SC1L, SC2M and SC3M), housing (housing I, housing 

II, housing III and housing IV), and transportation network (highway and road) and other 

type of infrastructure. In addition, there is no existing green space (e.g., green park) land 

use in the study area. Specifically, the land use ‘housing’ is subdivided into four types of 

houses, i.e., detached houses (housing I), semi-detached houses (housing II), row houses 
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Figure 7.3 The study area 

 

(housing III) and apartments (housing IV). Three shopping centres are located in the 

external area: one large shopping centre (SC1L) and two medium-sized shopping centres 

(SC2M and SC3M). In the plan area where the vacant land use exists, approximately 6,000 

new houses together with the necessary facilities need to be developed. 

 The system includes four agents: three facility agents (retail, green space, schools) 

and one area agent (housing). The area agent is responsible for the land use planning of 

each housing type distinguished. Industry, agriculture and landscape play a role in the 

existing area, but are not involved as new developments in the plan area. Hence, a single 

area agent suffices in the present case study. A special land use category that the system 

takes into account is called Restgreen (land use code ‘6’). Restgreen is the land use that 

remains if no specific development is specified for a plan-area cell. Thus, in the existing 

situation all plan-area cells have a Restgreen land use. We further assume that each cell in 

the plan area is allowed to be converted to each other land-use. 

 A road is not considered a land use but rather an attribute of a cell. A case where a 

road covers a complete cell can be represented by means of appropriate settings of the 

remaining attributes of the cell. That is, a dummy land use ‘Ignore’ is assigned to the cell 

to let the system know it has no specific land use (other than ‘road’). At the same time, 

the availability variables should be set to zero to let the system know that the cell is not 

available for any other land use. In the case study, we assumed that no roads are planned 

yet for the new area. Roads are present and taken into account in the existing area 

surrounding the plan area. 

 Table 7.1 shows parameters for the facility agents relevant for determining macro-

strategies. For the retail agent, the Task-Size equals 10,000 m
2
. Based on this Task-Size 

and standard sizes of shopping centres that are representative of the Dutch situation, the 

macro-strategies available include a maximally centralized strategy (one big shopping 

centre), a semi-centralized centre (two district-level shopping centres) and a decentralized 

strategy (four neighbourhood-level shopping centres). In a similar way, the green agent 
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Table 7.1 Task size and available macro-strategies of facility agents 

 
Critera Macro-strategy Agent Land 

use 
code 

Task 
size 

(10
3
m

2
) 

Hierarchical  
orders Required       

inhabitants 
 

Size per 
facility         
(10

4
m

2 
) 

No. of 
facilities 

No. of 
cells per 
facility 

   City (section)   Approx. 20x10
3
 1.0 1 4 

Retail  4 10 District  (10~20) x 10
3
 0.5 2 2 

   Neighborhood   (6~10) x 10
3
 0.3~0.4 4 1 

   City (section) Approx. 20x10
3
 14~135 1 200 

Green 5 500 District  (10~20) x10
3
 4.25~14 5 40 

   Neighborhood   (6~10) x 10
3
 < 4.25 11 17 

   City (section) 3200 households   ─ 1 4 
School 7 9.6 District  1600 households ─ 2 2 
   Neighborhood  800 households ─ 4 1 

 

 

Table 7.2 Task sizes of the housing agent 

 
Task size Criteria Housing 

type 
 

Land 
use 

code 
Proportion of     
house types 

No. of  
houses 

Space required 
per house per 

type (m
2
) 

No. of new 
houses per cell 

No. of cells 

Detached 1 10% 600 900 2.8 215 
Semi-detached 2 25% 1,500 450 5.6 268 
Row houses 3 45% 2,700 360 7.0 386 
Apartment 8 20% 1,200 270 9.3 130 

 

has as options: one big green park (of 200 cells), 5 district parks and 12 neighbourhood 

parks. Finally, the school agent considers one large school, two  medium schools and four 

small schools. 

Table 7.2 shows the task sizes of the housing agent. The plan area should 

accommodate a total of 6,000 new households distributed across housing types as 

follows: 600 detached houses, 1500 semi-detached houses, 2,700 row houses and 1,200 

apartments. Using standard figures for housing densities for the different types, these 

quantities lead to 215, 268, 386 and 130 cells for the housing types respectively. The 

appendix summarizes the settings to determine the suitability scores. 

 

7.3.2 Plans generated by the system 

 

In this section, we will discuss the results of an application of the system to this case. 

Each facility-agent has three macro-strategies, i.e., centralized, semi-centralized and 

decentralized. Thus, in terms of the facility agents alone, the system can generate as  

many as 27 collaborative plan alternatives. If we add to this the macro-strategies the 

housing agent may consider, the number of options is a multitude of this figure. In this 

chapter, we discuss the results of only three cases as examples. These include: each 

facility agent uses a centralized strategy, each facility agent uses a semi-centralized 

strategy and each facility agent uses a decentralized strategy. The housing agent does not 

vary the parameters of his behaviour across cases, i.e., does not adopt any specific 
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Table 7.3 Settings of parameters of the facility agents 

 
Agent Facility size No. of cells 

per facility 
Radius of a catch-     

ment area (m) 
α β No. of trips per 

household/month 

 City (section) 4 900 2.7 -0.003 

Retail District 2 550 1.65 -0.003 

 Neighbourhood 1 400 1.2 -0.003 

 

121 

 City (section) 200 1,000 3.0 -0.003 0.42 

Green District 40 500 1.5 -0.003 0.82 

 Neighbourhood 17 350 1.05 -0.003 2.02 

 City (section) 4 900 2.7 -0.003 

School District 2 700 2.1 -0.003 

 Neighbourhood 1 450 1.35 -0.003 

 

4.51 

 

strategy. As an illustration, the retail and school agents use the maximum covering model 

and the green agent uses a p-median model for determining a micro-strategy in each case. 

Table 7.3 summarizes the settings of facility-agent parameters that were kept constant 

across cases. The parameters α and β are used in a MNL model to predict the demand 

attracted to each facility under the condition of a plan. The MNL models do not play a 

role in the planning process, but are used for analysing the performance of a plan in terms 

of travel demands and the economic performance of facilities in the system. The 

parameters are defined for each size category and each facility type respectively and 

indicate a constant (α) and a distance coefficient (β) respectively. The radii of catchment 

areas were calibrated such that the maximum covering model displayed the maximum 

sensitivity and produced unique solutions. The number of trips per household per month 

per facility type represents an average. These parameters are used to calculate travel 

demands in the system as part of a performance analysis of plans generated. 

 Figures 7.4-7.6 show the three plan alternatives resulting from the centralized, semi-

centralized and decentralized macro-strategies of facility agents respectively. The legend 

at the bottom of each figure indicates the colours for different land uses. The code ‘1-12’ 

represents the land uses ‘detached house, semi-detached house, row house, retail, green 

space, restgreen, school, apartment, landscape, industry, road/highway and agriculture’ 

respectively. These figures show only the left part of the study area to highlight the plan 

area, but we emphasize that the solutions generated are sensitive to the situation in the 

right part of the study area as well. Several patterns are visible in the results. First, in each 

plan, housing types are clustered in more or less homogeneous areas reflecting a 

preference to develop the same housing type in adjacent cells. Second, Restgreen tends to 

be arranged as buffer zones around clusters of housing types and between housing and 

industry in all solutions. Third, as a tendency, high density housing (apartments and row 

houses) is centred around facilities such as retail and green spaces. Lower density 

housing is concentrated in more peripheral layers around high density areas. As a result 

the plans vary in the extent to which they give rise to a single-centric versus a poly-

centric structure of the area.  

                                                 
1 We assume equal trip frequencies for all sizes of retail facilities and school facilities respectively. 
2
 For the green space, we assume that the number of visits depends on the facility size. 
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Figure 7.4 The plan alternative for the centralized macro-strategy 
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 Figure 7.5 The plan alternative for the semi-centralized macro-strategy 
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 Figure 7.6 The plan alternative for the decentralized macro-strategy 

 
Table 7.4 Performance indicators  

 
 

Strategy 

 

Agent 

Distance to the  

nearest facility  

(m) 

Distance of trips     

(predicted) 

(m) 

Total demand new facilities  

(visits per month)  

(predicted) 

  Average Maximum Average Total  Ratio3 Minimum 

Retail 840 1,914 905 53,018 5.302 53,018 

Green 1,707 3,250 1,707 6,973 0.014 6,973 

 

Centralized 

School 588 1,649 672 30,156 3.016 30,156 

Retail 793 1,914 888 56,799 5.191 25,958 

Green 1,305 3,092 1,438 13,945 0.013 1,338 

 

Semi-centralized 

School 500 1,208 608 30,537 2.978 14,888 

Retail 743 1,856 875 61,517 4.823 12,059 

Green 1,232 3,105 1,469 34,863 0.032 1,344 

 

Decentralized 

School 436 1,603 582 30,525 2.907 7,268 

                                                 
3Ratio is the minimum demand per floor space of the facility. 
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  Table 7.5 Suitability scores for three macro-strategies 

 
Centralized  (10

3
) Semi-centralized  (10

3
) Decentralized (10

3
) Land use 

Dist. Adja. Total Dist. Adja. Total Dist. Adja. Total 

Detached  31.0 14.4 45.4 33.0 14.5 47.4 32.5 14.5 47.0 

Semi-detached  34.7 18.3 53.0 39.3 17.9 57.2 40.0 18.1 58.1 

Row house 79.6 60.7 140.4 86.6 60.7 147.3 89.2 60.6 149.8 

Retail - - - - - - - - - 

Green - - - - - - - - - 

Restgreen 5.6 14.0 20.0 5.7 14.3 20.0 6.5 14.8 21.3 

School - - - - - - - - - 

Apartment 35.1 30.9 66.0 39.5 30.8 70.3 39.8 30.8 70.6 

Landscape - - - - - - - - - 

Industry - - - - - - - - - 

Total 186.1 138.7 324.8 204.0 138.2 342.2 208.0 138.9 346.9 

 

 Table 7.4 shows the results of a performance analysis of the plans under the different 

strategies. The calculated indicators relate to accessibility (average and maximum 

distance to the nearest facility across households, average trip length across households) 

and economic performance of facilities (total and minimum demand attracted across 

facilities) and are expressed per facility type (retail, school, green). Predicted trip length 

and predicted demand are derived from a MNL model for each facility type (see Table 

7.3 for parameters). Note that, in contrast to chapters 5 and 6, only home based trips are 

assumed in this chapter. As expected, the accessibility increases with increasing 

decentralization. For example, for retailing the average distance to the nearest facility 

decreases from 840 meter (centralized), to 793 meter (semi-centralized) to 743 meter 

(decentralized). Exceptionally, for the retail facilities, the maximum travel distance keeps 

constant in the centralised and semi-centralised solutions, but decreases in the 

decentralised solution. The reason is that the locations of retail facilities in centralised 

and semi-centralised solutions do not impact much on the maximum travel distance (e.g., 

some people in the plan area still have to travel that amount distance to access the 

shopping centre), but significantly the locations of retail facilities in the decentralised 

solution varied largely, i.e., dispread across the plan area, compared to the first two 

solutions, thus it has the noticeable impact on the maximum travel distance. For the green 

and school facilities, the maximum travel distances decreases very much from the 

centralised to the semi-centralised solutions, but increases slightly in the decentralised 

solution, however, it is still shorter than it in the centralised solution. This is because the 

large variation of the locations of green and school facilities from the centralised to the 

semi-centralised solution gives a strong effect on the maximum travel distance, while the 

effect becomes weak from the semi-centralised to the decentralised solutions because the 

variation of the locations is not significant. But if we compare the maximum travel 

distance in the decentralised solution with it in the centralised solution, we notice that it is 

still shorter because the large variation of locations, i.e., dispread across the plan area in 

the decentralised solution. Perhaps more surprisingly, the total demand attracted to new 

facilities in the solution increases for the retail and green facilities, but it does not vary 

much for the school facility because the total visits to the school facility does not change 

much, not like the retail and green facilities which may attract more visits due to the 

shorter distance from the centralised solution to the decentralised solution. Note that the 

total demand for retail and school facilities as well as the total size of all facilities in the 
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study area stays constant across the plans. Hence, an increase in demand attracted by the 

new facilities means a decrease in the demand attracted by the existing facilities in the 

area. Therefore, the new retail, green space and school facilities as a set appear to be 

more competitive in the semi-centralized solutions. The ratio (the minimum demand 

divided by the floor space of the corresponding new facility) decreases with decreasing 

centralization for retail and school facilities, but it does not hold for the green space, 

because much more visits to the green space can be generated in the decentralised 

solution, leading to a high ratio for the green space. The ratio represents the economic 

performance of the facility that attracts the least or minimum demands. Thus this means 

that economic performance is better in the centralised solutions as expected, except the 

green space which has the best economic performance in the decentralised solution. 

 Finally, Table 7.5 shows a summary of the land use suitability scores for each land 

use in each plan. As it appears and in line with the earlier findings, the total suitability 

score across cells increases with decreasing centralization for most land uses, except the 

detached housing land use which has a slight decreasing because of much higher intensity 

in the decentralised solution, compared with it in the semi-centralised solution. This may 

cause a slight longer travel distance in average to access a facility, e.g., a shopping centre. 

The increase is due to the distance component of the suitability scores, as the adjacency 

component stays approximately the same across the plans. The explanation is 

straightforward: in more decentralized solutions distances to nearest facilities tend to be 

shorter by which the suitability scores increase. 

In sum, the results of this analysis indicate that a decentralized strategy yields a 

better performance in terms of the accessibility and suitability indicators considered here. 

At the same time, the economic performance increases. Larger centres may reduce the 

costs per unit floor space and in that way increase the profitability of centres. 

Furthermore, the parameters of the multinomial logit model were not calibrated using 

data on consumer behaviour.  

 

7.4 The scenario method and uncertainty 

 

The scenario method described above allows the system to generate different alternative 

plans. If each of the 4 agents considers N macro-strategies, then the system generates 4
N
 

alternative plans for the study area. As the illustration showed, the ability of the system to 

generate alternative plans is a strength as it allows users to evaluate possible plans and 

bring in their own assessments, judgments, etc. in this process to arrive at a final choice. 

However, from the perspective of the central research question of the present study it is 

also interesting to be able to use the system in another mode where the agents themselves 

make decisions that results in a choice among the 4
N
 plan alternatives without interaction 

with the end-user. In that case, the system would thus generate a single plan. In this 

section we pay attention to a possible agent-based method of performing this last choice 

step. 

 From the perspective of each facility agent, there are N choice alternatives (macro 

scenarios) and 3
N
 possible plan scenarios of the other agents’ actions under each choice. 

In the case study for example, the retail agent can choose between 3 macro-strategies and, 

under each retail plan, there are 3 x 3 x 3 possible outcomes for the plan area if each 
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agent lower in the hierarchy also considers 3 macro-strategies as optional. Thus, in 

general each agent is faced with making a decision under multiple scenarios of actions of 

other agents. If the first agent in the sequential arrangement that we assume, makes a 

decision first, then the second agent faces a choice between N alternatives with 2
N
 

possible scenarios (given the plan of the first agent); the third agent faces a choice 

between N alternatives with N possible scenarios (given the combined land-use plans of 

agents 1 and 2) and the last agent faces a choice between N alternatives under full 

information (given the combined land-use plans of agents 1 - 3). 

 The above process model implies that in general each agent (except the one last in 

sequence) has to determine a choice under multiple scenarios about what agents later in 

the process will choose. Each agent has no information about choice probabilities of other 

agents and therefore attaches an equal probability to each scenario. The agent is, 

however, able to evaluate the utility of each possible outcome based on his own set of 

criteria (reflecting his own preferences). Based on this information, the agent can 

determine for each choice alternative the expected utility, the maximum utility and the 

minimum utility. Depending on the decision style he may choose the alternative that 

either maximizes the expected, maximum or minimum utility. 

 The decision of the first agent determines which 3
N
 alternatives out of the 4

N
 plan 

alternatives are relevant for the next agent’s decision problem. The decision of the next 

agent, which is based on a same decision process, results in a further reduction of the 3
N
 

to 2
N
 alternatives and so on until the last agent reduces the set from N to 1 alternative. In 

this way, the system generates a final, single plan taking into account the agents’ decision 

styles in face of uncertainty.   

 

7.5 Conclusions 

 

This chapter developed and illustrated a generic multi-agent system to generate land use 

plan alternatives in an interactive environment of multi-agents arranged in a hierarchy. 

Each agent in the system is specialized in a certain land use (i.e., facility agents including 

retail, green space and school agents; an area agents taking care of detached housing, 

semi-detached housing, row housing and apartment housing type). The different agents 

may use different methods to generate plans for their land use. Particularly, facility 

agents use the interchange algorithm and formulate their location problem as a maximum 

covering model or p-median model to optimize a network of facilities considering the 

spatial distribution of demand for the facilities; whereas the area agent uses a swapping 

heuristic based on a suitability analysis of locations on a cell-by-cell basis whereby the 

overall suitability of a land use plan is calculated as a sum of suitability scores across the 

cells occupied. Apart from the methods used, each agent in addition may consider 

different (macro) strategies in the problem solving process. As illustrated in a case study, 

centralized, semi-centralized and decentralized macro-strategies may be varied to 

generate alternative plans that are interesting from a planning support point of view. We 

conclude, therefore, that the macro-strategy approach provides a promising framework 

for representing coordinated efforts in land use location decisions in a multi-agent 

planning support system that allows users to generate collaborated, knowledge-driven, 

land use plan alternatives.  
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Conclusions and Discussions 
 

 

 

 

 

 

 

 

 

The aim of this research project has been to explore possibilities of developing a 

knowledge-based model of domain agents as part of the multi-agent MASQUE planning 

support system. In particular, the problem of how to incorporate the uncertainty about the 

future spatial distribution of competitive and synergetic land uses has been addressed. 

This problem is particularly relevant to a multi-agent system, because the knowledge 

embedded in such systems is distributed among several domain agents. However, also in 

planning practice, this type of uncertainty is a challenge that has not been addressed in 

existing land use suitability analyses. The developed model can thus be used in the multi-

agent planning support system to support planners or decision markers in land suitability 

analysis and allocation decisions.    

To appreciate the contribution of this thesis, we have first given a review of the -

state-of-the-art in land use suitability analysis, discussing algebraic methods, as often 

used in ‘Multi-Criteria Evaluation (MCE)’, Non-algebraic methods, a  combination of a 

Non-algebraic method with a Multi-Criteria Evaluation method, and Fuzzy set theory.  

 The ‘Multi-criteria evaluation (MCE)’ methods are theoretically well grounded and, 

for some time now, have been very popular with researchers in an applied spatial context. 

Most of these methods use “algebraic equations” to express land suitability, typically as a 
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weighted function of suitability scores. With the development of the Analytical Hierarchy 

Process, the efficiency of evaluation has been enhanced by dividing a large decision 

problem into small pieces in a hierarchy and supporting the process of establishing 

(subjective) weights of criteria by means of pair-wise comparisons. Thus, MCE 

techniques have become efficient and powerful evaluation and assessment tools. 

However, most algebraic additive methods explicitly or implicitly assume trade-off 

relationships between criteria in determining overall suitability of evaluation scores. 

These traditional methods can handle only compensatory decision processes, which seem 

unnecessarily restrictive. At least, it seems that one should prefer an approach that allows 

the representation of different types of decision making processes (both compensatory 

and non-compensatory).  

  Decision tables offer a good alternative in this regard, as it allows the representation 

of non-compensatory decision processes, in addition to approximations of compensatory 

processes and many hybrid forms. A decision table represents an exhaustive set of 

mutually exclusive decision rules related to a problem domain. This characteristic of the 

DT formalism makes them very suitable for expressing how experts organise their 

knowledge by displaying the possible actions that a decision maker can take under a set 

of relevant conditions. In addition, the DT formalism makes it easy to check the 

completeness, correctness and consistency of the information input. However, the strict 

and rigid character makes that DTs are unable to deal with uncertainty.  

 Fuzzy set theory has often been positioned as a formalism to deal with uncertainty 

caused by vague information. It creates a possibility to express imprecise knowledge and 

concepts in an exact mathematical way using the concept of membership function. 

Although relevant in its own right, upon closer reflection, we argue that fuzzy set theory 

is less relevant to address the problem of the inherently uncertain future land use pattern 

of competitive and synergetic land use from the perspective of a particular land use. 

Thus, although all these methods may support urban planners and decision makers in 

varied ways, they are not concerned with the uncertainty with respect to the future spatial 

distribution of land uses, which is a characteristic of any land development process, 

because an agent, representing a particular land use, is not only uncertain about his own 

future land use decisions, but also uncertain about the land use decisions of other agents 

throughout the interactive planning process.  

Based on this conclusion, we continued exploring the potential of methods of 

knowledge representation that, to the best of our knowledge, have hitherto not been used 

in land use suitability analyses. In particular, two approaches were critically discussed 

and evaluated: ‘Decision Trees’ and Bayesian Belief Networks (BBNs) possibly extended 

as a Bayesian Decision Networks (BDNs). Decision trees provide a framework that 

allows decision makers to fully analyze the possible (uncertain) consequences of a 

decision, quantify the values of outcomes (utilities) and the probabilities of these 

uncertain outcomes. However, it has the disadvantage of inefficiency. That is, the 

decision trees soon become very large and intractable as the number of decision or 

chance nodes increase. The knowledge represented by a decision tree can always be 

represented by a ‘decision network’, whereas the other way round does not always hold. 

The decision network is much more compact and allows one to specify the conditional 

probabilities in a form that is more natural and intuitive.  
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 Bayesian networks provide users a probabilistic formalism to allow reasoning using 

partial beliefs under conditions of uncertainty. ‘Bayes’ rule forms the basis for the causal 

reasoning in the Bayesian approach to update beliefs and expected utilities of decision 

options. The cause-effect relationship between a node and its parent node(s) are 

probabilistically defined in conditional probability tables (CPTs). Uncertainty is modelled 

in terms of a probability distribution across states of nature variables. Bayesian belief 

networks (BBNs) constituting only nature nodes offer experts an approach to formally 

represent knowledge, allowing probabilistic reasoning. BBNs model decision problems 

with uncertain consequences of possible actions.  The extension of BBNs with decision 

nodes and utility nodes creates an even more powerful formalism that of Bayesian 

decision networks (BDNs). This formalism allows users to evaluate decision options in 

terms of expected utilities. Probabilities defined in CPTs represent the impact of decision 

and situational variables on outcome variables in reasoning chains. By reasoning 

backwards expected utilities can be determined for the decision options. The degree of 

uncertainty is reflected by the uniformity of the probability distributions across the states 

of the outcome variables. Similar as the uncertainty reflected in the CPTs, the uniformity 

of utility value distribution indicates the degree of indifference upon experts’ preferences. 

Specifically, Bayesian decision networks represent expert knowledge qualitatively and 

quantitatively in terms of (i) the flexible definition of relevant variables and causal links 

between them, where the states of variables can be qualitative and/or quantitative; (ii) 

CPTs and CUTs indicating the conditional probabilities and preferences respectively; and 

(iii) the expected utility value for each of decision options. Thus, it helps decision makers 

to identify the decision options with the highest utility value and trace the underlying 

inferences.  

Based on this assessment of alternative methods, we argue that DN is a well-suited 

formalism to represent the agents’ expert knowledge. A problem of such an application, 

however, is that uncertainty follows from the actions of other agents and it is not clear 

how the CPTs reflecting this uncertainty can be derived. To alleviate this problem and 

enhance the usefulness of decision networks, we therefore suggested a sampling method 

to estimate the probabilities in CPTs, which are the core of such networks. According to 

this sampling method, which was illustrated for a retail agent, samples are repeatedly 

drawn from all possible spatial configurations of housing allocations based on the known 

probability of residential land use across cells. After obtaining n samples, values are 

categorized into different intervals (i.e., states) defined by each variable. Thus the 

probabilities of a CPT are determined as the number of counts (frequency) of the value in 

each interval divided by the total number of samples. The degree of uncertainty is 

reflected in the probability which means that the utilities can be defined for each outcome 

variable in CUTs. Once the CPTs and CUT(s) for all variables are specified, the expected 

utilities can be derived using the standard probability propagation algorithm. The 

decision option with the highest expected utility can then be identified.  

The study results showed that the degree of uncertainty gives additional information 

and allows decision makers to assess the amount of risk that may lead to different 

decisions depending on one’s risk attitude. Besides the expected utility, the uncertainty 

information indicates the maximum and minimum utilities across the possible outcomes 

of a particular location choice. The simulation experiment proved that, as expected, if the 

number of samples is large enough, the sampling method results in the same utility value 
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for each location choice as the expected value method. Thus, the suggested sampling 

method in combination with the Bayesian decision network allows one to take into 

account the maximum, average and minimum utilities of decision options, which may 

affect the outcomes of decisions depending on one’s risk attitude. In this sense, the 

sampling method is more powerful than the expected value method, but the latter is much 

more efficient in that it requires much less computation time.  

  Bayesian decision networks address the declarative component of the knowledge 

representation of an individual agent to make land use decisions independently of other 

agents. However, this model should be integrated in a realistic urban planning process, 

where multiple agents interact with each other to arrive at a final, collaborative plan 

regarding the future location of the various land uses which is satisfactory by all agents 

involved. To represent such procedural knowledge as well as the declarative knowledge 

(the DN models) and the interaction between agents in a planning process, we developed 

a scenario-based approach to cope with uncertainty. According to this approach, different 

agents may use different methods to generate a set of alternative strategies for his 

particular land use, independently of the other agents. In the application example, we 

assumed that facility agents formulate their location problem as a maximum covering 

model or p-median model, and try to optimise a network of facilities considering the 

spatial distribution of demand for the facilities; whereas area agents use a different 

heuristic to conduct a suitability analysis of locations on a cell-by-cell basis whereby the 

overall suitability of a land use plan is calculated as a sum of suitability scores across the 

cells occupied. The agents consider several possible strategies for their plans. Each 

combination of strategies across agents may lead to a unique land-use plan or, in other 

words, a particular scenario for the plan area. The plan scenarios are interesting in their 

own right as they represent meaningful alternative ways of developing the plan area that a 

planner could consider. At the same time, the scenarios provide agents with information 

about the possible outcomes of each strategy they consider and this allows them to assess 

the robustness of each strategy to possible responses of other agents. Thus, multi-agents 

can take this robustness into account in making a choice between possible strategies. As 

illustrated in the case study, centralized, semi-centralized and decentralized macro-

strategies may be varied to generate alternative plans that are interesting from a planning 

support point of view. 

In summary, we developed a generic multi-agent system to generate land use plan 

alternatives in an interactive environment of multi-agents arranged in a hierarchy in this 

system, where multi-agents operate in a complex, dynamic and uncertain setting to 

achieve a set of goals regarding the future location of the various land uses. We addressed 

the question of how each agent can use his expert knowledge to generate plan alternatives 

for his land use interaction with other agents. It goes without saying that the focus of this 

thesis has been on exploring the applicability of the suggested way of declarative and 

procedural knowledge representation of domain agents. Further elaboration is possible 

and necessary. First, the knowledge of current agents should be extended and other 

agents should be added to the system. The expert knowledge used in the system does not 

cover all requirements or criteria that can be used in case of a complicated decision 

problem. In addition, eight types of major land uses are classified in this study, but only 

retail, green space, school and housing agents and rest green  land use are considered in 

this system, and some of which not in very much detail. If other major agents 
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representing different land uses can be incorporated in the system, the improved multi-

agent system will give full-range support covering different land uses. Second, the 

objective function underlying the multi-agent system may become more flexible. The 

current maximum-covering-objective function in the system is suitable in the initial-plan 

generation stage when limited information, in particular about housing, is available. 

However, it is too simplistic in the optimization stage where a plan can be generated 

under conditions of information about the housing plan. The objective function for the 

optimization stage should be replaced by the more refined DN-models following the 

approach developed in this thesis and illustrated for the retail agent. Then, we can take 

the interests of all parties involved, i.e., consumers, retailers and the community into 

account. Finally, we can then incorporate different kinds of shopping trips, e.g., home-

based shopping trip, work-based shopping trip, school based shopping trips, etc, or even 

complete activity-travel patterns. Also, the demographics of residents can be considered, 

including household income and expenditure, household size, etc to define market 

segments.  
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I-Suitability attributes (the distance in meter to other land uses) for the detached house 

  

Detached house 

Adjacent score Distance score  

Land use Neigh

-bour 

cell 

Corner 

cell 

 

0 

 

1 

 

2 

 

3 

 

4 

 

5 

 

Weight 

 

                             1Distance to the nearest cell of the area of a land use 
 

Detached house 10 5 >260 210-260 160-210 110-160 60-110 0-60 7 

Semi-detached 

house 

-5 -2  0-50  50-200  >200 5 

Row house -5 -2  0-100  100-500  >500 5 

Shopping centres -5 -3 >2000 1500-2000 1000-1500 500-1000 0-500  2 

Green space  10 5 >800 400-800 200-400 100-200 0-100  3 

Restgreen 10 5 >200  100-200  0-100  2 

Schools -1 0 - - -  -  - 

Apartment -5 -2  0-200  200-1000  >1000 5 

Landscape  20 10 >800 500-800 200-500 100-200 0-100  3 

Industry -20 -10 >1000 500-1000 0-500     -5 

 

                     
2Distance to the centroid of the area of a land use 

 

Retail (1
st 

order)
 
   >2000 1700-2000 1200-1700 800-1200 0-800  2 

Retail (2
nd

 order)   >1500 1200-1500 900-1200 600-900 0-600  2 

Retail (3
rd

 order)   >1300 1000-1300 800-1000 500-800 0-500  2 

Green (1
st
 order)   >2000 1400-2000 800-1400 500-800 0-500  2 

Green (2
nd

 order)   >1500 800-1500 500-800 250-500 0-250  2 

Green (3
rd

 order)   >800 500-800 300-500 100-300 0-100  2 

          

Transportation   0-500    >500  4 

          

School (1
st
 order)   >1600  1000-1600  0-1000  3 

School (2
nd

 order)   >1600  1000-1600  0-1000  3 

School
  
(3

rd
 order)   >1600  1000-1600  0-1000  3 

 

 

 

 

 

 

 

 

                                                 
1
 The physical distance to the nearest cell of the area of a land use based on the grid of cell size 50x50 metre. 

2 
The physical distance to the centroid of the area of a land use based on the grid of cell size 50x50 metre. 
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II-Suitability attributes (the distance in m to other land uses) for the semi-detached house 

  

Semi-detached house 

Adjacent score Distance score  

Land use Neigh

-bour 

cell 

Corner 

cell 

 

0 

 

1 

 

2 

 

3 

 

4 

 

5 

 

Weight 

                                                               

                                                                      3Distance to the nearest cell of the area of a land use 
 

Detached house -5 -2  >200  50-200  0-50 5 

Semi-detached 

house 

10 5  >210 160-210 110-160 60-110 0-60 4 

Row house -5 -2  0-50  50-200  >200 4 

Shopping  centres -5 -3 >1600 1200-1600 750-1200 450-750 0-450  3 

Green space  10 5 >800 400-800 200-400 100-200 0-100  4 

Restgreen 10 5 >180  80-180  0-80  3 

Schools -1 0 - - -  -  - 

Apartment -5 -2  0-100  100-500  >500 4 

Landscape  0 0 - - - - - - - 

Industry -20 -10 >1000 500-1000 0-500    -5 

                                                                                                            

                                                                 
4Distance to the centroid of the area of a land use 

 

Retail (1
st
 order)   >1800 1500-1800 1100-1500 700-1100 0-700  3 

Retail (2
nd

 order)   >1450 1100-1450 800-1100 500-800 0-500  3 

Retail (3
rd

 order)   >1250 900-1250 700-900 400-700 0-400  3 

Green (1
st
 order)   >1800 1250-1800 750-1250 450-750 0-450  4 

Green (2
nd

 order)   >800 500-800 350-500 300-350 0-300  4 

Green (3
rd

 order)   >750 550-750 350-550 150-350 0-150  4 

          

Transportation    0-450  450-800  >800  3 

          

School (1
st
 order)   >1500  800-1500  0-800  4 

School (2
nd

 order)   >1500  800-1500  0-800  4 

School 
 
(3

rd
 order)   >1500  800-1500  0-800  4 

 

 

 

 

 

 

 

 

 

                                                 
3
 The same as footnote

1 
in the appendix. 

4
 The same as footnote

2
 in the appendix. 
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III-Suitability attributes (the distance in m to other land uses) for the row house 

  

Row house 

Adjacent score Distance score  

Land use Neigh

-bour 

cell 

Corner 

cell 

 

0 

 

1 

 

2 

 

3 

 

4 

 

5 

 

Weight 

                                                                         

                                                           5Distance to the nearest cell of the area of a land use 
 

Detached house -5 -2  >200  50-200  0-50 5 

Semi-detached 

house 

-5 -2  >200  50-200  0-50 4 

Row house 10 5  >210 160-210 110-160 60-110 0-60 3 

Shopping centres -5 -3 >1750 600-1700 400-600 200-400 0-200  5 

Green space  10 5 >700 400-700 200-400 100-200 0-100  5 

Restgreen 10 5 >150  60-150  0-60  3 

Schools -1 0 - - -  -  - 

Apartment -5 -2  0-50  50-200  >200 3 

Landscape (canal) 0 0 - - - - - - - 

Industry -20 -10 >1000 500-1000 0-500    -5 

                                                   

                                                 
6Distance to the centroid of the area of a land use 

 

 

Retail (1
st
 order)   >1600 1300-1600 1000-

1300 

600-1000 0-600  5 

Retail (2
nd

 order)   >1250 1050-1250 750-

1050 

450-750 0-450  5 

Retail (3
rd

 order)   >1050 800-1050 600-800 300-600 0-300  5 

Green (1
st
 order)   >1600 1200-1600 700-

1200 

400-700 0-400  5 

Green (2
nd

 order)   >1000 700-1000 400-700 200-400 0-200  5 

Green (3
rd

 order)   >600 400-600 200-400 100-200 0-100  5 

          

Transportation    0-400  400-750  >750  2 

          

School (1
st
 order)   >1500  800-

1500 

 0-800  4 

School (2
nd

 order)   >1500  800-

1500 

 0-800  4 

School
  
(3

rd
 order)   >1500  800-

1500 

 0-800  4 

 

 

 

 

                                                 
5
 The same as footnote

1 
in the appendix. 

6
 The same as footnote

2 
in the appendix. 
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IV-Suitability attributes (the distance in m to other land uses) for the retail land use 

 

Retail  

Adjacent score Distance score  

Land use Neigh

-bour 

cell 

Corner 

cell 

 

0 

 

1 

 

2 

 

3 

 

4 

 

5 

 

Weight 

                                                                         

                                                                       7Distance to the nearest cell of the area of a land use 

 

Detached house 0 0        

Semi-detached 

house 

0 0        

Row house 0 0        

Shopping  centres 0 0        

Green space 0 0        

Restgreen 0 0        

Schools 0 0        

Apartment 0 0        

Landscape (canal) 0 0        

Industry 0 0        

   
8Distance to the centroid of the area of a land use 
 

 

Retail (1
st
 order)          

Retail (2
nd

 order)          

Retail (3
rd

 order)          

Green (1
st
 order)          

Green (2
nd

 order)          

Green (3
rd

 order)          

          

Transportation           

          

School (1
st
 order)          

School (2
nd

 order)          

School
  
(3

rd
 order)          

 

 

 

 

 

 

 

 

 

                                                 
7
 The same as footnote

1 
in the appendix. 

8
 The same as footnote

2 
in the appendix. 
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V-Suitability attributes (the distance in m to other land uses) for the green space land use 

 

Green space 

Adjacent score Distance score  

Land use Neigh

-bour 

cell 

Corner 

cell 

 

0 

 

1 

 

2 

 

3 

 

4 

 

5 

 

Weight 

                                                                                             

                                                                        9Distance to the nearest cell of the area of a land use 

 

Detached house 0 0        

Semi-detached 

house 

0 0        

Row house 0 0        

Shopping centres 0 0        

Green space  0 0        

Restgreen 0 0        

Schools 0 0        

Apartment 0 0        

Landscape (canal) 0 0        

Industry 0 0        

   
10Distance to the centroid of the area of a land use 
 

 

Retail (1
st
 order)          

Retail (2
nd

 order)          

Retail (3
rd

 order)          

Green (1
st
 order)          

Green (2
nd

 order)          

Green (3
rd

 order)          

          

Transportation           

          

School (1
st
 order)          

School (2
nd

 order)          

School
  
(3

rd
 order)          

 

 

 

 

 

 

 

 

                                                 
9
 The same as footnote

1
 in the appendix. 

10
 The same as footnote

2
 in the appendix. 
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VI-Suitability attributes (the distance in m to other land uses) for the restgreen land use 

 

Restgreen 

Adjacent score Distance score  

Land use Neigh

-bour 

cell 

Corner 

cell 

 

0 

 

1 

 

2 

 

3 

 

4 

 

5 

 

Weight 

                                     

                                                                        11Distance to the nearest cell of the area of a land use 

 

Detached house 10 5        

Semi-detached 

house 

10 5        

Row house 10 5        

Shopping centres 0 0        

Green space  0 0        

Restgreen 0 0        

Schools 0 0        

Apartment 10 5        

Landscape (canal) 0 0        

Industry 20 10 >1000  500-1000  0-500  5 

   
12Distance to the centroid of the area of a land use 
 

 

Retail (1
st
 order)   >300  200-300  0-200  2 

Retail (2
nd

 order)   >250  150-250  0-150  2 

Retail (3
rd

 order)   >150  100-150  0-100  2 

Green (1
st
 order)          

Green (2
nd

 order)          

Green (3
rd

 order)          

          

Transportation    >300  150-300  0-150  5 

          

School (1
st
 order)          

School (2
nd

 order)          

School
  
(3

rd
 order)          

 

 

 

 

 

 

 

 

                                                 
11

 The same as footnote
1
 in the appendix. 

12
 The same as footnote

2
 in the appendix. 
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VII-Suitability attributes (the distance in m to other land uses) for the school land use 

 

School 

Adjacent score Distance score  

Land use Neigh

-bour 

cell 

Corner 

cell 

 

0 

 

1 

 

2 

 

3 

 

4 

 

5 

 

Weight 

                                                                                             

                                                                        13Distance to the nearest cell of the area of a land use 

 

Detached house 0 0        

Semi-detached 

house 

0 0        

Row house 0 0        

Shopping centres 0 0        

Green space  0 0        

Restgreen 0 0        

Schools 0 0        

Apartment 0 0        

Landscape (canal) 0 0        

Industry 0 0        

   
14Distance to the centroid of the area of a land use 
 

 

Retail (1
st
 order)          

Retail (2
nd

 order)          

Retail (3
rd

 order)          

Green (1
st
 order)          

Green (2
nd

 order)          

Green (3
rd

 order)          

          

Transportation           

          

School (1
st
 order)          

School (2
nd

 order)          

School
  
(3

rd
 order)          

 

 

 

 

 

 

 

 

 

 

                                                 
13

 The same as footnote
1
 in the appendix. 

14
 The same as footnote

2
 in the appendix. 
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VIII-Suitability attributes (the distance in m to other land uses) for the apartment 

 

Apartment 

Adjacent score Distance score  

Land use Neigh

-bour 

cell 

Corner 

cell 

 

0 

 

1 

 

2 

 

3 

 

4 

 

5 

 

Weight 

                                                                                             

                                                                        15Distance to the nearest cell of the area of a land use 

 

Detached house -5 -2  >200  50-200  0-50 2 

Semi-detached 

house 

-5 -2  >300  50-300  0-50 2 

Row house -5 -2  >400  100-400  0-100 2 

Shopping centres -5 -3 >1500 600-1500 300-600 100-300 0-100  5 

Green space 

(park) 

10 5 >600 200-600 100-200 50-100 0-50  5 

Restgreen 10 5 >120  500-120  0-50  3 

Schools 0 0 - - -  -  - 

Apartment 10 5 >210 160-210 110-160 60-110  0-60 2 

Landscape (canal) 0 0 - - - - - - - 

Industry -20 -10 >1000 500-1000 0-500    -5 

    
16Distance to the centroid of the area of a land use 
 

 

Retail (1
st
 order)   >1400 1200-1400 800-

1200 

500-800 0-500  5 

Retail (2
nd

 order)   >1200 900-1200 600-900 300-600 0-300  5 

Retail (3
rd

 order)   >1000 700-1000 500-700 200-500 0-200  5 

Green (1
st
 order)   >1450 1050-1450 650-

1050 

350-650 0-350  5 

Green (2
nd

 order)   >900 600-900 350-600 150-350 0-150  5 

Green (3
rd

 order)   >500 300-500 150-300 80-150 0-80  5 

          

Transportation    0-200  200-400  >400  2 

          

School (1
st
 order)   >1050  600-

1050 

 0-600  4 

School (2
nd

 order)   >1050  600-

1050 

 0-600  4 

School
  
(3

rd
 order)   >1050  600-

1050 

 0-600  4 

 

 

 

 

                                                 
15

 The same as footnote
1
 in the appendix. 

16
 The same as footnote

2
 in the appendix. 



Appendix         

 133 

 

 
 

 

 

IX-Suitability attributes (the distance in m to other land uses) for the landscape land use 

 

Landscape 

Adjacent score Distance score  

Land use Neigh

-bour 

cell 

Corner 

cell 

 

0 

 

1 

 

2 

 

3 

 

4 

 

5 

 

Weight 

 

                                                                        17Distance to the nearest cell of the area of a land use 

 

Detached house 0 0        

Semi-detached 

house 

0 0        

Row house 0 0        

Shopping centres 0 0        

Green space  0 0        

Restgreen 0 0        

Schools 0 0        

Apartment 0 0        

Landscape (canal) 0 0        

Industry 0 0        

 

  
 
18Distance to the centroid of the area of a land use 
 

 

Retail (1
st
 order)          

Retail (2
nd

 order)          

Retail (3
rd

 order)          

Green (1
st
 order)          

Green (2
nd

 order)          

Green (3
rd

 order)          

          

Transportation           

          

School  (1
st
 order)          

School  (2
nd

 order)          

School
  
(3

rd
 order)          

 

 

 

 

 

 

 

 

 

                                                 
17

 The same as footnote
1
 in the appendix. 

18
 The same as footnote

2
 in the appendix. 



Knowledge Representation Under Inherent Uncertainty in a Multi-Agent System for Land Use Planning  

 134 

 

 
 

 

 

X-Suitability attributes (the distance in m to other land uses) for the industry land use 

 

Industry 

Adjacent score Distance score  

Land use Neigh

-bour 

cell 

Corner 

cell 

 

0 

 

1 

 

2 

 

3 

 

4 

 

5 

 

Weight 

                                                                                               

                                                                       19Distance to the nearest cell of the area of a land use 

 

Detached house 0 0        

Semi-detached 

house 

0 0        

Row house 0 0        

Shopping centres 0 0        

Green space  0 0        

Restgreen 0 0        

Schools 0 0        

Apartment 0 0        

Landscape (canal) 0 0        

Industry 0 0        

   
20Distance to the centroid of the area of a land use 
 

 

Retail (1
st
 order)          

Retail (2
nd

 order)          

Retail (3
rd

 order)          

Green (1
st
 order)          

Green (2
nd

 order)           

Green (3
rd

 order)          

          

Transportation           

          

School (1
st
 order)          

School (2
nd

 order)          

School
 
(3

rd
 order)          

 

                                                 
19

 The same as footnote
1
 in the appendix. 

20
 The same as footnote

2
 in the appendix. 
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Urban land use planning is concerned with a broad spectrum of societal activities and 

various actors and factors influencing the decision making process, which is inherently 

complex, uncertain and inter-subjective. Planners have to deal with multidisciplinary 

problems induced and imposed by a multitude of planned and autonomous factors. These 

factors may be partly conflicting and partly counteracting, and partly synchronous and 

partly asynchronous, adding to the complexity of the problem. Moreover, urban planners 

rarely, if ever, solve problems or develop proposals in isolation but rather in discussion 

with experts and the public. This induces the need to communicate or negotiate with 

different experts during the planning process, again adding to the complexity due to 

existing or potential conflicting desires (i.e., goals and expectations) and beliefs (i.e., 

observations and perceptions) from different parties involved, and making the outcome 

inter-subjective at best. Further, urban planners are uncertain about the outcomes of the 

decisions of other actors and also uncertain about which responses and actions will and 

will not be effective at the moment of decision making. Thus, the inherent complexity, 

uncertainty and inter-subjectivity of the planning process makes decision makers to take 

into account various potentially conflicting interests to achieve a set of explicit or implicit 

objectives. Many different methods, techniques and models have been developed ranging 

from formal models to case-based reasoning, to support planners in plan development 

and assessment.  
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 Often, these methods are embedded into planning support systems. The multi-player 

decision-making process that characterizes urban planning has stimulated the 

development of multi-agent systems that consist of multiple ‘agents’. Each agent is 

autonomous and able to provide (updated) information and expert knowledge and can 

perform different kinds of tasks. One such system, currently under development by 

members of the Urban Planning Group of the Eindhoven University of Technology is 

called ‘MASQUE’ (A Multi-Agent System for Supporting the Quest for Urban 

Excellence). The present study is conducted as part of this research programme.  

 In this multi-agent system, domain agents represent particular land uses based on a 

commonly used classification of land uses in Dutch planning practice (the IMRO model), 

including commerce, housing, transportation, recreation, landscape, technical 

infrastructure, hydraulic construction and service. Each individual domain agent uses his 

expert knowledge (e.g., regulations, requirements, criteria, constraints, decision rules, 

techniques, etc.) to develop beliefs about the likely distribution of land uses across space 

and to formulate land claims for his land use. The key decision problem for domain 

agents thus is to decide where to locate their land uses, given available locations and 

possible claims of other agents. A particular location can only be occupied by a single 

actor, while multiple actors may be interested. Moreover, any specific land use will have 

external effects on existing or planned land uses not only in adjacent zones, but perhaps 

also at some distance. To assist land use planning, planning support systems often include 

a land use suitability analysis. It involves the assessment of the suitability of a particular 

piece of land for a particular land use in light of the characteristics of the land itself and 

the spatial distribution of a series of land uses. 

 Over the past decades, land suitability analysis has typically involved the use of 

“algebraic equations” to express land suitability as a weighted additive function of 

suitability scores. These additive equations explicitly or implicitly assume some trade-off 

between the factors influencing land suitability. Therefore, factors of land suitability are 

often included in Multi-Criteria Evaluation (MCE) techniques, in which each criterion is 

assigned a specific weight reflecting the importance of that criterion relative to other 

criteria under consideration.  

 Existing land use suitability analyses may be criticized for a variety of reasons. First, 

the commonly used additive suitability functions imply that the planner implicitly or 

explicitly assumes a compensatory decision making process in the sense that a low 

suitability score on one criterion may at least partially be compensated by high suitability 

scores on one or more of the other factors influencing land suitability. This will be an 

unrealistic assumption in theory and practice, e.g., when a certain factor has passed some 

threshold or does not meet certain regulations, prohibiting that land use. Secondly, the 

land use suitability scores will typically be imperfect due to a lack of data/information, 

and perhaps an improper or limited specification of what constitutes suitability. The 

outcome of a land use suitability analysis may be sensitive to such imperfection. From a 

methodological perspective, this potential problem is amplified by the fact that validity 

testing is limited: in general there will not be empirical evidence but inter-subjective 

agreement at best. Thirdly, the suitability of a particular land parcel is a function of land 

use in adjacent and perhaps more distant land parcels. However, during plan development 

when the suitability of a land parcel for a particular land use is assessed, there is a high 

degree of uncertainty about the land use of perhaps many other land parcels. 
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 The first two potential limitations of land use suitability analysis have resulted in the 

development of alternative methods and procedures that alleviate the problem or allow 

the planner to better understand the impact of his choice on the outcomes of the method. 

The use of veto criteria or alternative model forms has made the representation of non-

compensatory decision making processes possible, thus it overcomes the potential 

problem of a compensatory decision making process. Similarly, imperfect data and 

misspecification has been addressed by examining the sensitivity of the land use 

suitability analysis as a function of possible error and missing data. The problem of 

uncertainty about future land use on the other hand has, to the best of our knowledge, not 

received fundamental attention in any land use suitability analysis and any planning 

support systems. 

This study, therefore, aimed at exploring possibilities to incorporate uncertainty 

about the future land use in the location decision problem. More specifically, it develops 

a knowledge-based model of domain agents as part of the multi-agent MASQUE 

planning support system. In particular, the problem of how to incorporate the uncertainty 

about the future spatial distribution of competitive and synergetic land uses has been 

addressed. This problem is particularly relevant to a multi-agent system, because the 

knowledge embedded in such systems is distributed among several domain agents. 

However, also in planning practice, this type of uncertainty is a challenge that has not 

been addressed in existing land use suitability analyses. The developed model can thus be 

used in the multi-agent planning support system to support planners or decision markers 

in land suitability analysis and allocation decisions. The developed knowledge-based 

model in this context means a representation of (i) facts that express valid propositions; 

(ii) beliefs that express plausible propositions; and (iii) heuristics (rules of thumb) or 

strategies that are applied by the agent to address a particular problem. The elements (i) 

and (ii) together constitute the declarative knowledge of agents, whereas element (iii) 

refers to the procedural knowledge each agent uses to arrive at decisions in interaction 

with other agents. The modelling of declarative knowledge is illustrated especially for an 

individual retail agent and the modelling of procedural knowledge is illustrated for a 

group of interacting agents including a retail, housing, green space and school agents. 

Given the scope of the multi-agent system and the specific aims and objectives of 

this PhD project, the key problem is how to represent the domain knowledge at 

declarative and procedural levels that the agents are assumed to use in assessing the 

suitability of any particular land parcel and making land-claim decisions, taking into 

account uncertainty about the future spatial distribution of land uses in the plan area and 

how this uncertainty can be reflected in the processes of decision making.  

       To appreciate the contribution of this thesis, we have first positioned this study 

within the framework of MASQUE and categorized the multidisciplinary expert 

knowledge of domain agents in the multi-agent system. Next, we gave a review of the -

state-of-the-art in land use suitability analysis, discussed algebraic methods as often used 

in ‘Multi-Criteria Evaluation (MCE)’, Non-algebraic methods for example decision table 

(DT), a combination of a Non-algebraic method with a Multi-Criteria Evaluation method, 

and Fuzzy set theory.   

Most of MCE methods use “algebraic equations” to express land suitability, typically 

as a weighted function of suitability scores. However, most algebraic additive methods 

explicitly or implicitly assume trade-off relationships between criteria in determining 
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overall suitability of evaluation scores. As noted, these traditional methods can handle 

only compensatory decision processes, which seem unnecessarily restrictive. At least, 

one should prefer an approach that allows the representation of different types of decision 

making processes, i.e., both compensatory and non-compensatory.  

 Decision tables offer a good alternative in this regard, as it allows the representation 

of non-compensatory decision processes, in addition to approximations of compensatory 

processes and many hybrid forms. A decision table represents an exhaustive set of 

mutually exclusive decision rules related to a problem domain. This characteristic of the 

DT formalism makes them very suitable for expressing how experts organise their 

knowledge by displaying the possible actions that a decision maker can take under a set 

of relevant conditions. In addition, the DT formalism makes it easy to check the 

completeness, correctness and consistency of the information input. However, the strict 

and rigid character makes that DTs are unable to deal with uncertainty, e.g., vague or 

imprecise knowledge.  

 Fuzzy set theory has often been positioned as a formalism to deal with uncertainty 

caused by vague information. It creates a possibility to express imprecise knowledge and 

concepts in an exact mathematical way using the concept of membership function. 

Although relevant in its own right, upon closer reflection, we argue that fuzzy set theory 

is less relevant to address the problem of the inherently uncertain future land use pattern 

of competing and synergetic land use from the perspective of a particular land use. Thus, 

although all these methods may support urban planners and decision makers in varied 

ways, they are not concerned with the uncertainty with respect to the future spatial 

distribution of land uses, which is a characteristic of any land development process, 

because an agent, representing a particular land use, is not only uncertain about his own 

future land use decisions, but also uncertain about the land use decisions of other agents 

throughout the interactive planning process. 

Based on this regard, we continued exploring the potential of methods of knowledge 

representation that, to the best of our knowledge, have hitherto not been used in land use 

suitability analyses. In particular, two approaches were critically discussed and evaluated: 

Decision Trees and Bayesian Belief Networks (BBNs) extended as Bayesian Decision 

Networks (BDNs). These methods provide formalisms that allow decision makers to 

represent the uncertainty in terms of probabilities (beliefs) inferred in the network. 

Decision trees provide a framework that allows decision makers to fully analyze the 

possible (uncertain) consequences of a decision, quantify the values of outcomes 

(utilities) and the probabilities of these uncertain outcomes. However, it has the 

disadvantage of inefficiency. That is, the decision trees soon become very large and 

intractable as the number of decision or chance nodes increase. The knowledge 

represented by a decision tree can always be represented by a ‘decision network’, 

whereas the other way round does not always hold. The decision network is much more 

compact and allows one to specify the conditional probabilities in a form that is more 

natural and intuitive.  

 Bayesian networks provide users a probabilistic formalism to allow reasoning using 

partial beliefs under conditions of uncertainty. ‘Bayes’ rule forms the basis for the causal 

reasoning in the Bayesian approach to update beliefs and expected utilities of decision 

options. The cause-effect relationship between a node and its parent node(s) are 

probabilistically defined in conditional probability tables (CPTs). Uncertainty is modelled 
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in terms of a probability distribution across states of nature variables. Bayesian belief 

networks (BBNs) constituting only nature nodes offer experts an approach to formally 

represent knowledge, allowing probabilistic reasoning. BBNs model decision problems 

with uncertain consequences of possible actions.  The extension of BBNs with decision 

nodes and utility nodes, called ‘Bayesian decision networks (BDNs), creates an even 

more powerful formalism, compared to Bayesian belief networks (BBNs). This 

formalism allows users to evaluate decision options in terms of expected utilities. 

Probabilities defined in CPTs represent the impact of decision and situational variables 

on outcome variables in reasoning chains. By reasoning backwards expected utilities can 

be determined for the decision options. The degree of uncertainty is reflected by the 

uniformity of the probability distributions across the states of the outcome variables. 

Similar as the uncertainty reflected in the CPTs, the uniformity of utility value 

distribution reflected in the CUTs indicates the degree of indifference in experts’ 

preferences. Specifically, Bayesian decision networks represent expert knowledge 

qualitatively and quantitatively in terms of (i) the flexible definition of relevant variables 

and causal links between them, where the states of variables can be qualitative and/or 

quantitative; (ii) CPTs and CUTs (conditional utility tables) indicating the conditional 

probabilities and preferences respectively; and (iii) the expected utility value for each of 

decision options. Thus, it helps decision makers to identify the decision options with the 

highest utility value and trace the underlying inferences.  

Based on this assessment of alternative methods, we argue that DN constitute a well-

suited formalism to represent the agents’ expert knowledge. A problem of such an 

application, however, is that uncertainty follows from the actions of other agents and it is 

not clear how the CPTs reflecting this uncertainty can be derived. To alleviate this 

problem and enhance the usefulness of decision networks, we therefore suggested a 

sampling method to estimate the probabilities in CPTs, which are the core of such 

networks. According to this sampling method, which was illustrated for a retail agent, 

samples are repeatedly drawn from all possible spatial configurations of housing 

allocations based on the known probability of residential land use across cells. After 

obtaining n samples, values are categorized into different intervals (i.e., states) defined by 

each variable. Thus the probabilities of a CPT are determined as the number of counts 

(frequency) of the value in each interval divided by the total number of samples. The 

degree of uncertainty is reflected in the probability which means that the utilities can be 

defined for each outcome variable in CUTs. Once the CPTs and CUT(s) for all variables 

are specified, the expected utilities can be derived using the standard probability 

propagation algorithm. The decision option with the highest expected utility can then be 

identified.  

Another question generated is that it is not clear how decision makers use the 

uncertainty information in choosing between alternative solutions. Based on the causal 

retail knowledge represented in the Bayesian decision network, we further explored the 

sampling method to derive the different utility values, i.e., maximum, average and 

minimum utilities across all samples for each solution. The range of the maximum and 

minimum utilities values shows the degree of uncertainty in that solution. This 

uncertainty information may lead to different final decisions, depending on decision style 

with respect to risk.   
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The results of a case study of a retail decision problem showed that the degree of 

uncertainty gives additional information and allows decision makers to assess the amount 

of risk that may lead to different decisions depending on one’s risk attitude. Besides the 

expected utility, the uncertainty information indicates the maximum and minimum 

utilities across the possible outcomes of a particular location choice. The simulation 

experiment proved that, as expected, if the number of samples is large enough, the 

sampling method results in the same utility value for each location choice as the expected 

value method. Thus, the suggested sampling method in combination with the Bayesian 

Decision Network allows one to take into account the maximum, average and minimum 

utilities of decision options, which may affect the outcomes of decisions depending on 

one’s risk attitude. In this sense, the sampling method is more powerful than the expected 

value method, but the latter is much more efficient in that it requires much less 

computation time.  

 Bayesian decision networks address the declarative component of the knowledge 

representation of an individual agent to make land use decisions independently of other 

agents. However, this model should be integrated in a realistic urban planning process, 

where multiple agents interact with each other to arrive at a final, collaborative plan 

regarding the future location of the various land uses which is satisfactory by all agents 

involved. To represent such procedural knowledge as well as the declarative knowledge 

(the DN models) and the interaction between agents in a planning process, we developed 

a scenario-based approach to cope with uncertainty. According to this approach, different 

agents may use different methods to generate a set of alternative strategies for his 

particular land use, independently of the other agents. In the application example, we 

assumed that facility agents formulate their location problem as a maximum covering 

model or p-median model, and try to optimise a network of facilities considering the 

spatial distribution of demand for the facilities; whereas area agents use a different 

heuristic to conduct a suitability analysis of locations on a cell-by-cell basis whereby the 

overall suitability of a land use plan is calculated as a sum of suitability scores across the 

cells occupied. The agents consider several possible strategies for their plans. Each 

combination of strategies across agents may lead to a unique land use plan or, in other 

words, a particular scenario for the plan area. The plan scenarios are interesting in their 

own right as they represent meaningful alternative ways of developing the plan area that a 

planner could consider. At the same time, the scenarios provide agents with information 

about the possible outcomes of each strategy they consider and this allows them to assess 

the robustness of each strategy to possible responses of other agents. Thus, multi-agents 

can take this robustness into account in making a choice between possible strategies. As 

illustrated in the case study, centralized, semi-centralized and decentralized macro-

strategies may be varied to generate alternative plans that are interesting from a planning 

support point of view. 

 In summary, we developed a generic multi-agent system to generate land use plan 

alternatives in an interactive environment of multi-agents arranged in a hierarchy in this 

system, where multi-agents operate in a complex, dynamic and uncertain setting to 

achieve a set of goals regarding the future location of the various land uses. We addressed 

the question of how each agent can use his expert knowledge to generate plan alternatives 

for his land use interaction with other agents. It goes without saying that the focus of this 

thesis has been on exploring the applicability of the suggested way of declarative and 
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procedural knowledge representation of domain agents. Further elaboration is possible 

and necessary. First, the knowledge of current agents should be extended and other 

agents should be added to the system. The expert knowledge used in the system does not 

cover all requirements or criteria that can be used in case of a complicated decision 

problem. In addition, eight types of major land uses are classified in this study, but only 

retail, green space, school and housing agents and rest green land use are considered in 

this system, and some of which not in very much detail. If other major agents 

representing different land uses can be incorporated in the system, the improved multi-

agent system will give full-range support covering different land uses. Second, the 

objective function underlying the multi-agent system may become more flexible. The 

current maximum-covering-objective or p-median-objective function in the system is 

suitable in the initial-plan generation stage when limited information, in particular about 

housing, is available. However, it is too simplistic in the optimization stage where a plan 

can be generated under conditions of information about the housing plan. The objective 

function for the optimization stage should be replaced by the more refined DN-models 

following the approach developed in this thesis and illustrated for the retail agent. Then, 

we can take the interests of all parties involved, i.e., consumers, retailers and the 

community into account. Finally, we can then incorporate different kinds of shopping 

trips, e.g., home-based shopping trips, work-based shopping trips, school based shopping 

trips, etc, or even complete activity-travel patterns. Also, the demographics of residents 

can be considered, including household income and expenditure, household size, etc to 

define market segments.  
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Kennis Representatie Onder Inherente Onzekerheid in een 

Multi-Agent Systeem voor Ruimtelijke Planning (Samenvatting) 
 

 

 

 

 

 

 

 

 

Ruimtelijke planning houdt zich bezig met een breed scala aan publieke activiteiten. 

Verschillende factoren en actoren beїnvloeden het onderliggende besluitvormingsproces, 

dat inherent complex, onzeker en intersubjectief is. De complexiteit wordt veroorzaakt 

door het feit dat het meestal gaat om problemen met vele dimensies, en doordat factoren 

die van invloed zijn op het proces deels conflictueus, deels synchroon en deels 

asynchroon zijn. Het proces is intersubjectief omdat oplossingen tot stand komen in 

samenspraak met experts en met direct en indirect betrokkenen. Hierdoor is er de 

noodzaak tot communicatie en onderhandeling met experts en het publiek, waardoor in 

het meest gunstige geval slechts inter-subjectieve besluiten worden genomen. De 

onzekerheid wordt in belangrijke mate bepaald door het feit dat planners onzeker zijn 

over de uitkomsten van de beslissingen van anderen en van de effecten van bepaalde 

acties.  

Teneinde beter rekening te kunnen houden met deze complexiteit, onzekerheid en  

inter-subjectiviteit van het  planningsproces, zijn verschillende  methoden, technieken en  

modellen ontwikkeld, uiteenlopend van formele modellen tot case-based reasoning. Deze 

methoden vormen vaak één onderdeel van planning support systemen. Het feit dat 

meerdere actoren bij het proces betrokken zijn is een van de redenen dat recent  multi-

agent systems de aandacht hebben getrokken. Deze maken een onderscheid tussen 

meerdere ‘agents’. Iedere agent is autonoom en in staat informatie en expert kennis te 
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geven en kan verschillende taken uitoefenen. Een voorbeeld van zo’n systeem, dat 

ontwikkeld wordt door de Urban Planning Group van de Eindhoven University of 

Technology, is ‘MASQUE’ (A Multi-Agent System for Supporting the Quest for Urban 

Excellence). Deze studie is uitgevoerd als onderdeel van dit onderzoekprogramma.   

 In dit multi-agent systeem representeren domein agents een bepaald grondgebruik, 

gabaseerd op het  IMRO model: handel, wonen, verkeer, recreatie, landschap, technische 

infrastructuur, hydraulische constructie en diensten. Iedere  individuele domein agent 

gebruikt zijn expert kennis (regelingen, eisen, criteria, beperkingen, beslissingsregels, 

technieken, etc) om bepaalde verwachtingen te formuleren over de meest aannemelijke 

ruimtelijke verdeling van grondgebruik en op grond daarvan een bepaald stuk grond te 

claimen. Het kern beslissingsprobleem voor domein agents is dus te beslissen welke 

locatie het beste is, gegeven een bepaald aanbod en de mogelijke claims van andere 

agents.  

 Voor dergelijke problemen gebruiken vele planningssystemen een zogenaamd land 

use suitability analysis. Dit houdt in dat de geschiktheid van een bepaalde locatie wordt 

beoordeeld op grond van de eigenschappen van die locatie zelf en de ruimtelijke 

verdeling van de verschillende vormen van grondgebruik. De geschiktheid wordt 

doorgaans weergegeven als een gewogen lineaire functie van geschiktheidscores op deze 

aspecten. Dit betekent dat impliciet wordt verondersteld dat de verschillende factoren 

elkaar kunnen compenseren.  

 De huidige land use suitability analyses kunnen worden bekritiseerd op de volgende 

gronden. Allereerst is de veronderstelling van compensatie niet realistisch, met name 

indien een bepaalde factor fungeert als een drempelwaarde. In de tweede plaats zullen de 

geschiktheidsscores  imperfect zijn als gevolg van een gebrek aan  data/informatie, en 

wellicht door een ongeschikte specificatie. Dit laatste probleem wordt versterkt door het 

feit dat er geen sprake is van validatie: het gaat om een inter-subjectief proces. Tenslotte, 

en in de context van deze studie het meest belangrijk, is het probleem dat 

geschiktheidsscores mede worden bepaald door het grondgebruik in aanpalende percelen, 

maar dat tijdens het proces van planontwikkeling dit grondgebruik vaak nog niet bekend 

zal zijn. De geschiktheidsmaten houden geen rekening met deze vorm van onzekerheid.  

Als antwoord op de eerste twee problemen zijn alternatieven geformuleerd, maar het 

probleem van onzekerheid heeft voorzover ons bekend geen fundamentele aandacht 

gekregen. 

Deze studie heeft daarom tot doel de mogelijkheden te verkennen onzekerheid over 

toekomstig grondgebruik mee te nemen in het locatie beslissingsprobleem. Hiertoe wordt 

een kennis-gebaseerd model voor domein agents ontwikkeld als onderdeel van 

MASQUE. Zowel declaratieve als procedurele kennis worden gemodelleerd. Het 

modelleren van  declaratieve kennis wordt geїllustreerd aan de hand van een detailhandel  

agent, terwijl het modelleren van  procedurele kennis wordt geїllustreerd voor een groep 

van  interacterende agents: een detailhandel, wonen en school agent. 

       Teneinde de bijdrage van deze dissertatie te accentueren, wordt eerst het meer 

algemene kader, dat ten grondslag ligt aan MASQUE, besproken. Vervolgens wordt een 

state-of-the-art overview gegeven van algebraïsche land use suitability analysis, zoals 

vaak gebruikt in ‘Multi-Criteria Evaluaties’, niet-algebraïsche methoden (bv. 

beslissingstabellen), combinaties hiervan en  Fuzzy set theory.   
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Op grond van dit overzicht wordt vervolgens de potentie van verschillende methoden 

van kennisrepresentatie verkend. In het bijzonder wordt aandacht geschonken aan 

beslissingsbomen en Bayesiaanse beslissingsnetwerken. Beide methoden houden 

rekening met onzekerheid. Het voordeel van de beslissingsnetwerken is hun compactheid.  

Op basis van deze evaluatie van methoden is de conclusie getrokken dat 

beslissingsnetwerken een goed formalisme vormen voor de representatie van expert 

kennis. Onduidelijk echter is hoe onzekerheid in beeld kan worden gebracht. Als 

oplossing voor dit probleem is een sampling methode uitgewerkt om de kansen in de 

conditionele kanstabellen in de netwerken te schatten. Deze methode, geïllustreerd aan de 

hand van een voorbeeld van een detailhandel agent, houdt in dat een serie steekproeven 

wordt getrokken uit alle mogelijke configuraties van woningen, gegeven de kans op 

residentieel grondgebruik in elke cel. De mate van onzekerheid wordt weergegeven in de 

kansverdeling. De range in nutswaarden kan worden gezien als een maat van onzekerheid 

in de uitkomst. Het rekening houden met deze onzekerheid kan leiden tot andere 

beslissingen, afhankelijk van beslissingsstijl met betrekking tot risico.  

 Bayesiaanse beslissingsnetwerken zijn geschikt voor het representeren van  

declaratieve kennis van een individuele agent, onafhankelijk van andere agents.  Dit 

model moet echter geїntegreerd worden in een realistisch ruimtelijk planproces, waarbij 

meerdere agents met elkaar interacteren om tot een finaal, collaboratief plan te komen 

over de toekomstige locatie van verschillende vormen van grondgebruik dat bevredigend 

is voor alle betrokken agents. Teneinde dergelijke procedurele kennis te representeren, is 

een scenario-gebaseerde benadering ontwikkeld. Volgens deze methode hebben 

verschillende agents verschillende methoden voor het genereren van alternatieve 

strategieën voor het eigen grondgebruik, onafhankelijk van andere agents. In een 

toepassingsvoorbeeld, veronderstellen we dat voorzieningen-agents hun locatie probleem 

formuleren als een maximum covering model of als p-median model, en een netwerk van 

faciliteiten trachten te optimaliseren, rekening houdend met de ruimtelijke verdeling van 

de vraag naar de faciliteiten. De gebieds-agents gebruiken een andere heuristiek voor de 

geschiktheidsanalyse op een cel-tot-cel basis, waarbij de geschiktheid van een 

grondgebruiksplan wordt berekend als de som van geschiktheidsscores over de cellen die 

worden bezet. Iedere combinatie van strategieën kan leiden tot een uniek plan scenario. 

Deze scenarios vormen alternatieve wijzen voor de ontwikkeling van een gebied en 

kunnen door planners in ogenschouw worden genomen. Tegelijkertijd geven de scenarios 

informatie aan agents over de mogelijke uitkomsten van iedere strategie, en dit stelt hen 

in staat de robuustheid van iedere strategie met betrekking tot mogelijke reacties van de 

andere agents in te schatten.  

 De nadruk in deze studie heeft gelegen op de verkenning van de 

toepassingsmogelijkheden van de voorgestelde kennisrepresentatie methode voor de 

verschillende. Uitwerking en verfijning is mogelijk en noodzakelijk. In de eerste plaats 

dient de kennis van de agents te worden uitgebreid, en dienen meerdere agents in het 

systeem opgenomen te worden. Op de tweede plaats kan de doelstellingsfunctie flexibeler 

gemaakt worden. De huidige functie is voldoende voor het bepalen van een initieel plan 

van ontwikkeling, maar te eenvoudig in de optimalisatie fase. De functie zou vervangen 

kunnen worden door meer gedetailleerde beslissingsnetwerken zoals was uitgewerkt voor 

de detail handel-agent. Tenslotte, verschillende soorten van verplaatsingen of zelfs 
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volledige activiteitenpatronen zouden opgenomen kunnen worden, en verfijning naar 

marktsegmenten zou overwogen kunnen worden.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



土地利用土地利用土地利用土地利用规划之多元代理商系统于固有不确定情形下的知识表规划之多元代理商系统于固有不确定情形下的知识表规划之多元代理商系统于固有不确定情形下的知识表规划之多元代理商系统于固有不确定情形下的知识表现现现现

都市土地利用规划的决策过程受宽泛的社会活动和各种角色以及因素的影响，有其固有的
复杂性，不确定性和相互主观性。规划者必须处理许多已由被计划和自治因素所导致的和
强加的多重学科间的问题。这些因素也许是部分冲突和抵制，和部分同步与部分异步。这
些都增加了问题的复杂性。而且，都市规划者从来极少孤立地解决问题或开发提案。取而
代之的是与专家和公众进行讨论，这导致了在规划过程中需与不同的专家沟通或协商。由
于被涉及的不同团体已存在或具有潜在的冲突意愿(比如，目标和期望)和信念(比如，观察
和悟性)，这再度增加了使结果达致相互满意且最好的难度。进一步讲，都市规划者在决
策当时无法确定其他团体的决策结果以及哪些反应与行动会对将来有无作用。因此，这种
规划过程中固有的复杂性，不确定性和相互主观性使决策者需考虑到各种各样的潜在兴趣
冲突以求达成一套明确或含蓄的目标。许多不同的方法，技术和包括从正规到基于案例推
理的模型已被开发用以支持规划者进行发展和评估。
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这些方法通常被嵌入规划支持系统中。多元规划者决策的过程特点激发了多元代理系
统包括多元‘代理商’的发展。每个代理商自治且能提供(更新)信息和专业知识，以及执行不
同种类的任务。当前艾茵霍芬理工大学都市规划小组的成员正在研发这样的系统，称作‘MA

SQUE’(一个支持探索都市卓越化的多元代理商系统)。本研究是这个整体研究的一部分。
在这个多元代理商系统中，领域代理商代表其特殊的土地利用者。根据荷兰的土地规

划实践(IMRO模型)，一个常用的土地利用分类包含商务，住宅，交通，休闲，风景，技术基
础设施，水利建设和服务。每个单独领域代理商利用他的专业知识(例如，条例，要求，
标准，限制，决定规则，技术，等等)来开发关于其土地利用的可能空间分配信念和阐明
其土地利用要求。因此，对领域代理商来讲，在给出可使用的地方和其他代理商的可能要
求条件下，关键的决策问题是决定在哪里放其土地利用。一个具体地方只能由一名代理商
占领，即使多个代理商同时对此地方感兴趣。另外，任何具体的土地利用将对现有的或已
规划的土地有外在作用，不仅仅在毗邻区域，或许更远一些距离。为了协助土地利用规划
，规划支持系统经常包括某土地利用适宜性分析。这涉及到根据土地自身的特征和一系列
土地利用的空间分配来对一块指定的土地进行具体的土地利用适宜性评估。
在过去几十年期间，土地适宜性分析通常应用“代数等式”来阐述土地适宜结果的一种

比重叠加加权函数。这些叠加等式明确或含蓄地假设了影响土地适宜性因素之间的某种权
衡。所以，实践中经常应用多指标评估技术(MCE)来评估土地适宜性因素。其中分配给每个
指标的比重反映此指标相对于其他指标的重要性。
现有的土地利用适宜性分析因各种各样的原因被批评。首先，常用的适宜性叠加加权

函数暗示规划者明确或含蓄地假设一个补偿性决策过程，意即一个指标的低适合比分，也
许至少部分地，由其它一个或更多影响土地适宜性因素的高适合比分补偿。在理论与实践
上，这是一个不切实际的假定。例如，当某个因素超过了某个极限或不满足某些规定，禁
止某种土地利用。其次，缺乏数据信息或设立一个不合适或有限的规范导致土地利用的适
合比分不够完美，土地利用适宜性分析的结果或许对这样的缺陷感到敏感。从方法学远景
来看，有效性测试是有限的事实放大了这个潜在的问题。一般而论若没有实验证据，以相
互间的主观协议为好。再者，一块特殊土地的适宜性与毗邻和可能远的土地利用相关联。
然而，在规划发展期间，当为特殊土地利用作适宜性评估时，存在着许多关于其他土地利
用可能性的高度不确定。
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土地利用适宜性分析的前二个潜在局限导致了其它可选择方法和规程的发展，用来减
弱存在的问题或允许规划者更好地了解他的选择对选择此方法的结果所产生的影响。否决
指标评估法或可选择模型的格式使表述非补偿决策过程成为可能。因而，它克服了补偿性
决策过程中一个潜在的问题。相似地，不完美的数据和错误规范可通过检测土地利用适宜
性分析的敏感度来阐述造成的可能性错误及遗漏数据的功能性。关于未来土地利用的不确
定性问题，尽我们所知，至今还没有在任何土地利用适宜性分析和任何规划支持系统中受
到根本的关注。
因此，这项研究旨在探索一种可能性，即把关于未来土地利用的不确定性结合到地点

位置决策问题中。更具体地说，它研发一种基于知识模型的领域代理商来作为'MASQUE'多元
代理商规划支持系统的一部分。特别强调的是在此系统中如何加入关于对未来土地利用空
间分配的竞争与合作的不确定性。这个问题与多元代理商系统尤其相关，因为嵌置在这个
系统中的专业知识分布在几个领域代理商之间。然而，在规划实践中，此类不确定性是对
现有土地利用适宜性分析中其未被关注的一种挑战。被研发的模型可用在多元代理规划支
持系统中以支持规划者或决策者进行土地适宜性分析和地点位置分配决定。被研发的知识
模型在上下文中表达:(i)有效建议的事实;(ii)可信的信念;以及(iii)启发性法则(经验法则)或被代
理商应用论及一个特殊问题的战略。元素(i)和(ii)一起构成代理商的宣称知识，而元素(iii)涉
及到每个代理商应用的程序知识以求在与其他代理商的互动中达成决议。文中特别选用了
一个单独零售代理商来演示宣称知识的模拟，并使用一个互动小组的代理商包括零售，住
房，绿色空间和学校来演示程序知识的模拟。
给出多元代理商系统的范围和此博士项目的具体目标和宗旨后，关键问题是如何来表

现假定这些代理商在评估某个具体土地包的适宜性与宣布土地决策时所使用的宣称和程序
领域知识，并考虑到关于土地利用在规划区域内的未来空间分布不确定性以及如何在决策
过程中反映这种不确定性。
此论文的可赞贡献之处在于，我们先把这项研究定位在多元代理商系统MASQUE的框架

里并对领域代理商所使用的多重学科专业知识进行分类。然后，回顾目前相关的土地利用
适宜性分析方法，包括代数方法如常用的多指标评估方法(MCE)，非代数方法如决策表
(DT)，非代数方法和多指标评估方法的结合以及模糊集合理论。
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大部分多指标评估方法(MCE)使用“代数等式”来表达土地适宜性，典型的例子如适宜性
比分加权函数。然而，多数代数叠加方法明确或含蓄地在评估价综合适宜性得分时假设指
标之间有某种权衡关系。此作注释，这些传统方法只能处理补偿性决策过程，这似乎是不
必要的局限。至少，应该允许不同类型的决策过程表现方法，即补偿性与非补偿性两种。
鉴于此，决策表可提供一个好的选择，除了近似补偿过程和许多混合形式，它允许非

补偿决策过程表现方法。一张决策表表述一套与问题领域有关的详尽且相互专有的决策基
准。决策表的这个格式特征使之非常适合用来描述专家们是如何通过显示决策者在一套相
关的条件下可能采取的行动来组织他们的知识。此外，决策表格式使它更容易检查输入信
息的完整性，正确性和连贯性。然而，其严密与僵化的特性使之无法处理不确定性，例如
模糊或不精确的知识。
模糊集合理论常被定位成处理模糊信息造成的不确定性格式。它创立了一种把不精确

知识和概念用一个确切的数学方式即使用会员概念来表现的可能性。虽然从其本身来讲与
不确定性相关或更接近于处理不确定性，但是，从具体的土地利用观点来看，当论及竞争
与合作关系的未来土地利用规划过程中固有的不确定性问题，我们认为模糊集合理论与此
不太相关。因此，尽管所有这些方法也许以各种各样的方式支持都市规划者和决策者，但
它们与土地开发过程中的特征即对未来土地利用的空间分布不确定性不相关，这是因为互
动式规划过程中，一个具体土地利用的代理商不仅不确定自己的未来土地利用决定，而且
也不定其他代理商的未来土地利用决定。
尊此，我们持续探讨了尽我们所知迄今未用于土地利用适宜性分析的潜在知识表现方

法。特别是，我们主要讨论评估了二种方法，即决策树和贝叶斯信念网(BBNs)及其延伸的
贝叶斯决策网(BDNs)。这些方法提供的格式允许决策者用此网推论出的概率(信念)来表达不
确定性。决策树提供的框架允许决策者充分分析可能出现的(不确定)决策结果，定量这些
结果的价值(效用值)以及出现这些不确定结果的概率。然而，它具有无效率的缺点。意即
，当决策结点或机会结点的数量增加时，决策树很快变得非常大且难以处理。决策树能表
达的知识总是可以用决策网来表达，但反之则不总是可以。决策网则更密实，允许以更自
然和更直观的形式来详述条件概率。
贝叶斯网提供用户一种概率格式，允许在不确定情况下用部分信念进行推理。贝叶斯

规则成为在贝叶斯方法中更新信念和决策选择项期望值的因果推理依据。子结点和其父母
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结点之间的因果关系可用条件概率表来概率地定义。不确定性可依跨自然变量的状态概率
分布来模拟。只含自然结点的贝叶斯信念网(BBNs)提拱专家正式的知识表现及允许概率推
理的方法。贝叶斯信念网模拟可能行动的不确定后果之决策问题。引伸的贝叶斯信念网叫
贝叶斯决策网(BDNs)，其包含决策结和效用结。与贝叶斯信念网相比，它创造了更强有力
的表达格式。此格式允许用户依据期望值来评估决策选择项。在条件概率表(CPTs)里定义
的概率表示决策变量与处境变量在推理链中对结果变量所产生的影响。通过逆向推理，期
望值可决定选择项。不确定性的程度由跨结果(自然)变量的状态概率分布的均匀性来反映
，如在条件概率表(CPTs)里不确定性反映的那样，效用值在条件效用表(CUTs)里分布的均匀
性表明专家对特选的冷漠程度。具体地讲，贝叶斯决策网定性地和定量地表达专业知识于
(i)相关的变量及其之间因果联系的灵活定义，其变量状态可以是定性的或定量的;(ii)条件概
率表(CPTs)和条件效用表(CUTs)分别表明条件概率和特选程度;(iii)每一个决策选择项的期望值
。因此，它帮助决策者辨认具有最高效用值的决策选择项和追踪其基础推论。
基于对可选方法的评估，我们认为贝叶斯决策网(DN)具有更合适的格式来表达代理商

的专业知识。然而，其一个应用问题是不确定其他代理商的追随行动，并且不清楚如何可
以获得能反映不确定性的条件概率表(CPTs)。因此，为了弱化此问题和提高决策网的有用
性，我们建议一种采样法来估计条件概率表(CPTs)里的概率。这是贝叶斯决策网的核心之
处。我们用一个零售代理商演示了这种采样法。此种采样法，根据已知跨小巢的住宅土地
利用概率，从所有住房分布的可能空间轮廓来重复采样。得到N个样品后，其样品值被分
类入不同的间隔(即被定义的每个变量的状态)。因此，条件概率表(CPT)中的概率由在每间
隔被样品总数分割的计数数量(即频率)来确定。概率分布反映的不确定性程度意味著每个
结果变量的效用值可被定义在条件效用表里。一旦确定条件概率表(CPTs)和条件效用表(CUTs

)里的所有变量值，便可用标准概率增生运算法获得期望值。然后识别具有最高期望值的
决策选择项。
引发的另一个问题是不清楚决策者如何在可选解决方案之间选择使用以上提及的不确

定性信息。基于由贝叶斯决策网表达的因果零售专业知识，我们进一步探讨了利用采样法
来获得每种解决方案跨所有样品之不同效用值，即最大值，平均值和最小值。最大值与最
小值之间的范围显示了在那种解决方案里不确定性的程度。依据决策风格的风险性，此不
确定性信息也许会导致不同的最终决策结果。
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论文中一个零售决策问题的专题研究结果显示，不确定性程度提供了额外的信息并且
允许决策者评估也许因不同风险态度而导致的不同决策的风险量。除期望值外，不确定性
信息表明对选择一个具体地点跨所有可能结果的最大和最小效用值。如预期的那样，摸拟
实验证明了如果样品的数量足够多，对于每个地点，选择采样法与传统期待值法产生同样
的值。因此，把所建议的采样法与贝叶斯决策网相结合则允许决策者考虑到决策选择项的
最大值，平均值和最小值。根据一个人的风险态度，这些值可能会影响决策结果。这样，
采样法比期待值法更强有力，但后者较高效因为它需要较少的计算时间。
贝叶斯决策网强调一个单独代理商在独立于其他代理商而做出土地利用决策时表现的

宣称知识成分。然而，在一个实际的都市规划过程，我们应该集成一个这样的模型意即使
多元代理商互动以达成最终令所有代理商满意的关于某个地点未来各种土地利用的合作规
划。为表达这种程序知识和宣称知识(DN模型)以及规划过程中代理商之间的互动，我们开
发了一种基于设想的方法来处理不确定性。依据这种方法，在独立于其他代理商的决策情
况下，每个不同的代理商可以使用不同的方法为其未来具体土地利用产生一套可供选择的
战略方案。在应用实例中，我们假定了设施代理商把其地点问题阐述为一个最大覆盖物模
型或p中间模型，并且考虑到对设施空间分布的需求而试图优化此设施网。而区域代理商
则使用另外一启发式方法对地点进行适宜性分析。此法藉由一个个小巢来计算跨所有小巢
适宜性分数的总和来表示其土地利用的整体适宜性。代理商为其规划考虑出几个可能的战
略方案，每个跨多元代理商的战略方案的组合可能达致一个独特的土地利用规划，换句话
说，一个具体的区域规划设想。有趣的是规划设想本身表现了规划者可能考虑的有意义的
可供选择之区域开发途径。同时，设想提供给代理商所考虑的关于每个战略方案的可能性
结果的信息。这允许代理商们评估每个战略方案对其他代理商所产生的可能反应力度。这
样，多元代理商在可能的战略方案之间做出选择时可考虑此反应力度。如专题研究中所演
示的，从规划支持观点来看，集中化，半集中化和分散化的宏观战略变化可以产生有趣的
可供选择的计划方案。
总之，我们开发了一个通用的多元代理商系统。被按等级安排的多元代理商在一个互

动式环境里规划出土地利用计划选择方案。此系统里，多元代理商在复杂，动态及不确定
的设置下运作以达成一套关于某个区域未来各种土地利用的目标。我们强调的问题即每个
代理商如何在与其他代理商互动下运用其专业知识规划其土地利用计划选择方案。不言而
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喻，这份论文重点在于探讨领域代理商用所建议的方法表现宣称知识和程序知识的可应用
性。尽可能必要的进一步说明，首先，此系统中，当前代理商的专业知识应被延伸并应该
增加更多其他类别的代理商。系统里设置的专业知识没有覆盖对一个复杂决策问题使用的
所有要求或指标。另外，在这项研究中，主要的土地利用被分为八种类型，但此系统只考
虑了零售代理商，绿色空间代理商，学校代理商和房地产代理商及休息绿色土地利用，并
且某些不含细节说明。如果代表不同土地利用的其他主要代理商可以被结合在此系统中，
那么经过改善的多元代理商系统将提供覆盖不同土地利用的全方位支持。其次，着重多元
代理商系统的目标函数可能变得更加灵活。在有限的信息特别是关于住宅信息有限的条件
下，系统中当前的最大值覆盖目标函数或p中间目标函数适合于初始规划阶段。然而，对
于在住宅规划信息已知条件下产生的优化规划阶段，这些目标函数将显得比较简易化。沿
着此论文的研究发展方向以及从对零售代理商的知识表现摸拟演示来考虑，目标函数在优
化阶段应被更精细的决策网(DN)模型取代。接着，我们考虑加入所有团体即消费者，零售
商和社区的兴趣。最后，我们还可以结合不同类别的购物行程，例如基于家的购物行程，
基于工作的购物行程，基于学校的购物行程，等等，甚至活动的旅行模式。再者为定义市
场部门，可以考虑居民人口统计数据，包括家庭收入和支出，家庭大小，等等。
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