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ABSTRACT 
 

Information Extraction (IE) is defined as the automatic identification and extraction of a 

predefined set of concepts, relevant to a specific domain of knowledge, ignoring 

irrelevant information. IE converts unstructured text into structured data and extracts the 

required information. IE is to some extent domain-specific. In IE, the information to be 

extracted must be specified a priori. In the context of IE, the ontology is used to structure 

and represent the domain knowledge. The IE system extracts information with respect to 

the domain ontology and then populates the ontology with the extracted information. This 

process is referred to as Ontology-Based Information Extraction (OBIE). 

Many jurisdictions apply land use suitability analysis (LUSA) for land use planning. 

LUSA in this context is used to assess the appropriateness of a specific area of land for a 

particular kind of use. Each jurisdiction has its own regulations and policies that are 

applied to assess land use suitability for that geographic area. The regulations provide the 

criteria for the factors to be included in the multi-criteria analysis applied to determine 

the suitability value for each location for a particular land use. Manually finding and 

extracting the criteria and their specific values can be tedious and time-consuming.   

The objective of this work is the building of an OBIE system for the domain of land use 

suitability analysis. The proposed system combines the use of ontology, domain-specific 

gazetteer lists, language processing tools and extraction rules based on regular 

expressions to automatically add semantic annotation to domain documents (such as 

regulations and bylaws) and then extract the criteria to be applied to the LUSA process.   
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The knowledge engineering approach was followed to build the LUSA OBIE system. We 

built an ontology specific for LUSA criteria and created domain-specific gazetteer lists 

(with terminology specific to land use suitability) and extraction rules. 

Our proposed OBIE system covers a domain that so far has not been investigated by 

researchers and therefore few web resources such as ontologies and domain-specific 

lexicons were available. This LUSA domain-specific OBIE system makes a significant 

start towards further investigation and development of resources and tools that will assist 

in land use suitability analysis and related GIS domains.  

The OBIE system does not only identify the type of extracted entities but also links them 

to their semantic descriptions in the ontology. In addition, the output of the OBIE system 

is constructed from elements of the ontology, ensuring that the knowledge is captured and 

represented with respect to the domain model.  

The output of the LUSA OBIE can be presented as an ontology populated with instances 

of the extracted criteria and property values, as a set of semantically (with ontology 

knowledge)  annotated documents or the populated LUSA ontology can be exported to a 

database or a knowledge base or can be saved as an XML file. The ontology or the 

knowledge base can be semantically queried or be used to perform automatic reasoning. 

 The output from LUSA OBIE is applied here to help produce a land use suitability map 

for the City of Regina, Saskatchewan to assist in the identification of suitable areas for 

residential development.  The resulting maps can be input for simulation models, such as 

cellular automata (e.g., for the prediction of urban growth), or can be used in a decision-

making process; e.g., to assess an application for a residential subdivision.  
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1 INTRODUCTION 

1.1 Problem Statement and Motivations 

Urban models and simulations can be used to improve the understanding of urban 

evolution so as to be able to predict change. Current urban simulation approaches take 

advantage of the progress in information technology such as Geographic Information 

Systems (GIS), data availability and complexity theory (such as Cellular Automata and 

artificial intelligence). Cellular automata (CA) have been widely utilized for modeling 

urban growth because of their computational simplicity and explicit representation of 

time and space.  CA-based urban models give realistic representations of the spatial 

dynamics of land use. 

To utilize a CA model for predicting land use change, we need to apply a Land Use 

Suitability Analysis (LUSA) approach to construct a set of suitability maps. Suitability 

analysis in this context is GIS-based analysis used to determine the appropriateness of a 

given area for a particular kind of use. Suitability is determined through a systematic, 

multi-factor (multi-criteria) analysis of different aspects of the landscape. Model input 

includes a combination of a variety of biophysical and socioeconomic factors. The results 

are often displayed on maps that show the relative suitability of areas from high to low 

suitability.  

The most important and time-consuming task is to specify the criteria that are 

subsequently applied to determine the suitability value for each location for a particular 

land use. These criteria represent the biophysical (e.g., topography, soil type, surface and 

ground water), social and economic (e.g., population, employment, education) factors 
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that may be used in the construction of land-use suitability maps that support the process 

of evaluating the suitability of a particular area of land for a particular kind of use. Each 

jurisdiction has its own regulations, bylaws, or policies.  Finding and extracting criteria 

and the specific values for the criteria can be tedious and time-consuming.  In some cases, 

there may be no “precise values for criteria and the actual or real values require expert 

judgment. 

 

1.2 Proposed Solution and Contributions 

The proposed solution is to build an Ontology-Based Information Extraction (OBIE) 

system for automating the extraction of criteria and values applied in land-use suitability 

analysis from bylaws and regulations documents, related to a specific geographic area, 

through a mechanism guided by an ontology.  These criteria represent the biophysical, 

social and economic factors that may be used in the construction of land-use suitability 

maps that support the process of evaluating the suitability of a particular area of land for a 

particular kind of use. A core component of the system is the ontology that encodes the 

concepts that are relevant to land use suitability assessment criteria. 

A framework is proposed for integrating the OBIE system and GIS-Based Multi-Criteria 

Decision Making approach (MCDM). The results obtained by LUSA OBIE (land use 

suitability criteria and their values) are incorporated into the MCDM model applied for 

constructing suitability maps for different kinds of land uses.  

Figure 1 illustrates the overall functionality and architecture of the proposed system. 

 Documents Selection and Analysis: A set of relevant bylaw documents in natural 

language, related to the geographic area of interest, is selected.  The selected 
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documents are carefully examined to help identify domain concepts to be 

included in the domain ontology, as well as for enumerating domain-specific 

gazetteer lists. The textual documents available for extraction are processed for 

the purpose of semantically annotating them by the ontology we constructed. 

 Linguistic Preprocessing: The first step is that the set of selected documents go 

through a document structure preprocessing component (as shown in Figure1), 

converting the input text to a format that can be handled by the information 

extraction system (e.g., removing tags from the HTML file and converting it to 

plain text). 

The selected domain documents are written in natural language, therefore it is 

difficult to directly process them and extract the information. The input text 

needs first to be structured to identify its essential lexical and syntactic 

constituents and make the knowledge accessible. We use a set of linguistic 

processing tools to process the text to obtain various linguistic features.  Text 

preprocessing includes tokenization (i.e., splitting the text into tokens), sentence 

splitting (segmenting the text into sentences), shallow lexico-syntactic analysis 

(such as Part of Speech (POS) tagging and morphological analysis) and concept 

lookup. The tools generate several linguistic annotations and features, which are 

used to build the patterns to be matched in the text and extract the information. 

 LUSA Ontology Construction: The structure of the knowledge to be extracted 

from the selected documents is defined in the ontology. The criteria ontology 

encodes the categories of terms describing criteria (factors) that are the input to 

the suitability analysis model, their properties and the relationships that may exist 
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among them, for which the selected documents can be searched. The ontology is 

provided as an input to the extraction system. The ontology guides the extraction 

process, providing the structure and the semantics of the knowledge to be 

extracted. The ontology is also populated with the extracted information. 

 Ontology-Based Semantic Annotation: in this step gazetteer lists and pattern 

matching rules are coupled with the domain ontology. Gazetteer lists contain 

names of instances of domain concepts.  The documents are searched for 

instances of classes and property values defined in the ontology and instances of 

these concepts in the text are annotated with respect to classes and properties in 

the ontology.  In addition to the generic default lists, a set of domain-specific 

gazetteer lists is created; there isone list for each class of criteria in the ontology 

and a set of grammar rules to identify instances in the text. In our OBIE system, 

these lists are linked to the ontology, such that instances in the text are linked to 

concepts in the ontology. If some instances are not annotated in the text, they are 

identified using grammar rules. The grammar rules check if instances found in the 

text belong to a class in the ontology and if so, they link the recognised instance 

to that same class and add ontology and class features to the annotations. 

 Ontology Population: this component generates new instances in the ontology 

from the annotated text. Mentions of instances in the text are linked to instances 

of concepts in the ontology.  

 Output Representation: The output is presented as: 

 Documents annotated with and linked to concepts in the ontology.  
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 The ontology populated with instances generated from the extracted 

information. As illustrated in Figure 1, the information in the populated 

ontology may be exported to a knowledge base, a database, an XML 

document or a text file for use or further analysis. 

 The results are integrated into the MCDM model applied for constructing 

suitability maps for different kinds of land uses.  

A more detailed description of the system is given in Chapter 6. 

 

 

Figure 1-1. General Overview of LUSA OBIE  System 
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My contributions in the field of urban modeling and simulation as well as in OBIE 

systems are as follows: 

 I propose an approach that integrates remote sensing data, GIS technologies and 

cellular automata for the modeling and simulation of the dynamics of urban 

growth. The proposed approach is applied to model the growth of the City of 

Montreal, Quebec over the last three decades. The principal objective is to 

provide a realistic simulation of the dynamics of urban growth for the City of 

Montreal  (Al-Ageili & Mouhoub, 2010; Al-Ageili, Mouhoub, & Piwowar, 2013) . 

 I propose an information extraction system for extracting land-use suitability 

criteria from bylaw documents based on an ontology. I build a domain ontology 

for land use suitability criteria that defines the structure and semantics of the 

knowledge to be extracted. The ontology is integrated with language processing 

tools, information extraction tools and pattern matching rules. The ontology 

drives the extraction process and is also populated with the extracted instances 

from the documents. 

 I propose a framework for integrating the OBIE system and GIS-Based Multi-

Criteria Decision Making approach (MCDM). The results obtained by LUSA 

OBIE (land use suitability criteria and their values) are incorporated into the 

MCDM model applied for constructing suitability maps for different kinds of land 

uses. The resulting maps may be the final desired product or can be incorporated 

into the cellular automata urban modeling and simulation for predicting future 

urban growth.  
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1.3 Related Work 

Information extraction (IE) systems fall into two main groups according to the method 

utilized to build them: knowledge engineering approaches and machine learning 

approaches.  

Know ledge engineering approaches rely on hand-crafted extraction rules that capture 

certain patterns in the text. The patterns are usually encoded as regular expression 

grammar. IE systems applying this approach require only a small amount of training data; 

however, their development may be very time consuming as they require expertise in 

language engineering, application domain and IE systems development.  

Another knowledge engineering technique for information extraction is based on the use 

of gazetteers. Gazetteers rely partially on linguistic rules, but identify named entities of a 

certain category instead of pattern matching. The names for the entities to be recognized 

are provided in the form of lists known as gazetteer lists.  

Knowledge engineering techniques are, at least in principle, relatively straightforward but 

are capable of producing relatively good results.  

Examples of ontology-based information extraction (OBIE) systems that employ these 

techniques are Embley's OBIE systems (Embley, 2004) , OntoX system (Yildiz & 

Miksch, 2007), and Textpresso systems for biological literature (Müller, Kenny, & 

Sternberg, 2004). In these systems, linguistic rules that use regular expressions are 

integrated with ontology elements such as classes and properties; the rules are used to 

identify instances of ontology classes and properties in the text. The ontology is 

populated with the extracted information. Other systems rely partly on this method, such 

as KIM (Hwang, 1999) and the system implemented by Saggion, Funk, Maynard, and 
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Bontcheva (2007). The linguistic rules for the mentioned systems are manually identified 

from the documents of the corpus of the targeted domain. To address the issue of the time 

to be spent by the system developers in reading all of the documents in order to identify 

and construct the rules, some systems have been designed with the capability to mine 

extraction rules from the text using a learning component. The system implemented by 

Vargas-Vera, Motta, Domingue, Shum, and Lanzoni  (2001) is based on this principle. 

IE extraction systems that employ machine learning techniques depend on training 

extraction models with an annotated corpus of domain-relevant text. Therefore, there is 

no need for system expertise but building the training data may be very expensive. When 

using machine learning techniques for OBIE, classifiers are trained to identify different 

components of an ontology such as instances and property values.  

Examples of systems that employ machine learning classifiers are the Kyline OBIE 

system (Wu & Weld, 2007), the system implemented by Li and Bontcheva  (2007), and 

the system developed by Maedche and Staab (2001), where classification algorithms are 

used to identify instances of an ontology.  

Additionally, OBIE systems can apply a combination of these methods (rule-based, 

gazetteers, and machine learning classification techniques). The TRUCKS system for 

term recognition employed linguistic and statistical techniques, making use of contextual 

information to bootstrap learning (Maynard, Li, & Peters, 2008). 

Other dimensions along which OBIE systems may differ from one another are the way 

the ontology is constructed (i.e., whether the ontology is provided as an input or is 

constructed automatically by the extraction process) and the type of input documents 

(domain-related documents, web pages, etc.). 
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In this thesis, we are constructing an OBIE system that uses domain ontology to 

automatically add semantic annotation and extract information from unstructured 

documents (natural language documents) related to our domain of interest.  Once the 

information is extracted, the ontology is populated with instances of the extracted 

information. To accomplish this, we follow the knowledge engineering approach to build 

our information extraction system. The work is divided into three main phases: ontology-

based semantic annotation phase, information extraction phase and ontology population 

phase. More details of the system are provided in Chapter 6. 

After the information has been extracted and the ontology populated, the user may query 

the ontology, may attempt to make inferences, or may export content to a knowledge base 

prior to further analysis. 

We develop our system using the General Architecture for Text Engineering (GATE)  

(Cunningham, Maynard, & Bontcheva, 2011). GATE provides a ready-made information 

extraction system called ANNIE. The ANNIE application is mainly used for identifying 

generic named entities such as person names, organization names and locations. ANNIE 

does not cover concepts in the domain of land-use suitability assessment (or other 

specialized domains); therefore, we need to also develop more domain-specific extraction 

rules and gazetteer lists.  

In our system, we manually build an ontology specific to the domain of interest and 

create domain-specific gazetteer lists and extraction rules. Our approach is perhaps most 

similar to that followed by Saggion et al. (2007), and in KIM implemented by  (Popov, 

Kiryakov, Ognyanoff, Manov, & Kirilov, 2004) in that the ontology is manually defined 

and domain-specific gazetteer lists and pattern-extraction rules are created. These 
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systems also extract information from domain-related documents. Other researchers have 

taken approaches which differ from ours in some aspects. For example, in the system 

built by (Hwang, 1999), the ontology is dynamically created by the information 

extraction process from textual data by combining techniques from knowledge 

engineering, natural language processing and machine learning. To build such an 

ontology, a large amount of training data is needed and the results may not be completely 

accurate and need subsequent human verification. In both the SOBA system  (Buitelaar, 

Cimiano, Racioppa, & Siegel, 2006) and the iDocument system (Adrian, Hees, Van Elst, 

& Dengel, 2009), the ontologies used are off-the-shelf ontologies built by others. Other 

systems rely only on linguistic rules and do not create their own gazetteer lists, such as 

the system implemented by Embley (2004), ontoX system by Yildiz and Miksch (2007), 

and the system built by Vargas-Vera et al. (2001). 

Our proposed OBIE system covers a new domain that so far has not been investigated by 

researchers. This opens the door for further research on integrating the results obtained by 

information extraction systems into land use modeling and simulation applications.     

Integrating domain ontology with pattern extraction rules and domain-specific gazetteer 

lists offers a rich functionality for the extraction of domain-specific information. Also, 

creating and using domain-specific gazetteer lists provide rich coverage for domain 

concepts. It is much easier to modify gazetteer lists instead of relying only on extraction 

rules and having to rewrite the rules to adapt to the application domain.  

Manually constructing the ontology makes it more adaptable for updating and 

maintenance (for instance, adding new classes or deleting existing ones). For example, in 
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the case of our criteria ontology, if new classes of criteria are applicable to a specific 

geographic area, then we can easily add new classes to represent those criteria in the 

ontology. 

1.4 Plan of the Thesis 

The rest of the thesis is organized as follows: 

In Chapter 2, we discuss qualitative spatial and temporal reasoning in geographic space 

and their integration in a qualitative framework to reason about space, time, and spatial 

change.     

In Chapter 3, we introduce the concept of ontology from different points of view (e.g., 

philosophical, computer science and Artificial Intelligence). We discuss the classification 

of ontologies along different dimensions (degree of formality, degree of precision, level 

of generality or coverage). We also introduce their uses and areas of application.  

In Chapter 4, we introduce the field of information extraction in general and devote more 

emphasis to ontology-based information extraction. We describe the general functionality 

and architecture of OBIE systems and the different types of OBIE systems. We also 

discuss the tools used for their implementation, and the commonly applied measures for 

evaluating their performance. 

In Chapter 5, we present our implementation and application of a cellular automata 

approach based on remote sensing data and GIS-based suitability analysis for the 

modeling and simulation of urban growth in the City of Montreal.  The work in this 

chapter motivated the thesis research work and the ontology-based information extraction 

approach. 
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In Chapter 6, we present our proposed system for information extraction based on an 

ontology that we construct for that purpose. We build an OBIE system to extract 

information from bylaw documents, on criteria applied in constructing the set of 

suitability maps required for CA urban modeling 

In Chapter 7: we present our proposed framework for integrating the LUSA OBIE system 

with land use suitability analysis. We incorporate the extracted criteria into residential 

development suitability analysis in the City of Regina. The resulting maps can be then 

integrated into cellular automata urban modeling and simulation for predicting future 

urban growth. 

In Chapter 8, we summarize the contributions of the work and present problems that can 

be addressed as future work. 
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2 QUALITATIVE SPATIO-TEMPORAL REASONING 

 

2.1 Introduction 

Reasoning about and solving problems in the physical world is one of the most 

fundamental capabilities of human intelligence. Reasoning is the human capacity for 

making sense of things, establishing and verifying facts, inferring new facts, and reaching 

conclusions based on new or existing information. Automatic reasoning is about building 

systems that automate this process, so that computers can reason about the behaviour of 

physical systems, the same way humans do. However, in order to approximate how 

humans carry out the common sense reasoning would require rigorous formal theories to 

be built and implemented on computers. 

Spatial reasoning is evident in our everyday interaction with the physical world. For 

humans, spatial reasoning, the representation and reasoning about space is a particularly 

powerful and accessible mode of cognition. Spatial and temporal cognitive capabilities 

enable humans to act and interact in space intelligently and to communicate about spatial 

environments in meaningful ways. 

The ability to represent and process spatial information and reason about it is essential for 

many common-sense activities. The most common examples for reasoning about 

geographic or large-scale space are navigation tasks for finding our way in the 

environment, learning about the layout of a city or a building, or making decisions about 

where to locate resources or infrastructure, e.g., where to locate a nuclear waste facility.  
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Most human reasoning about geographic space appears to use qualitative abstractions of 

knowledge about space (e.g., the downtown mall is near an RBC bank), rather than 

complete quantitative knowledge. The ability to make qualitative distinctions is an 

excellent way to deal with incomplete and imprecise knowledge. Qualitative reasoning or 

common sense reasoning allows humans to behave successfully in new situations, and 

reason about spatial relations when precise information is neither available nor needed.  

Qualitative spatial reasoning (QSR) emerged as a field of Artificial Intelligence (AI), 

motivated by the need for a qualitative approach for the embodiment of common sense 

spatial knowledge in intelligent systems. The objective of QSR is to develop an automatic 

reasoning mechanism that comes close to simulating people’s spatial conceptualization 

and reasoning. QSR makes qualitative abstraction of spatial relationships, preserving only 

important properties of the knowledge. The challenge is then to provide formal systems 

that enable machines to represent and reason with spatial entities without the need for 

quantitative information that is omnipresent in, for example, computer graphics or 

computer vision applications (Cohn & Hazarika, 2001).  

Time and space are inextricably linked. Reasoning about space usually involves 

reasoning about change in spatial configuration. Spatial configuration undergoes 

continuous change over time. Actions and events form the fundamental link between 

space, time, and spatial change, i.e., spatial configurations change as a result of actions 

and events within the environment. Spatial change is spatio-temporal — it is useful in 

reasoning about the evolution of spatial entities over time.  

Qualitative spatio-temporal reasoning (QSTR) provides a framework to represent and 

reason about space, time, actions, and change in qualitative manner. QSTR research 
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focuses on formalizing commonsense spatial and temporal knowledge and works towards 

integrating qualitative approaches of spatial reasoning with approaches for reasoning 

about spatial change. 

 

2.2 Qualitative Spatial Reasoning (QSR) 

Information about spatial entities is traditionally represented in geographic information 

systems (GIS) by means of numeric coordinates. The coordinate-based approach provides 

a powerful mechanism for the representation and manipulation of spatial information, and 

enables a certain kind of spatial reasoning to be carried out (Bennett, 2008). The 

Cartesian coordinate system enables qualitative relationships to be computed by 

mathematical calculations and is used in scientific models and in computational 

information systems such as GIS (Bennett, 2008).   

Despite all the advantages and robustness of the coordinate-based approach, the numeric 

approach is not appropriate for the description of and common-sense reasoning about 

spatial knowledge (Frank, 1992). Quantitative information about entities in geographic 

space may not always be available and human reasoning about spatial relationships is 

often based on partial or uncertain information and stated in qualitative terms (Bennet, 

1996). However, the high degree of precision that quantitative information offers may not 

be possible, but also may not be necessary in order to convey useful information about 

spatial relationships. Coordinate-based methods rely entirely on numerical quantitative 

data and cannot handle uncertainty and vagueness, which are intrinsic properties of 

spatial information about the real world.  

In everyday interaction with the surrounding environment, humans describe and reason 



16 

 

about spatial situations in a qualitative manner rather than referring to absolute numeric 

coordinates (Allen, 1983; Cohn & Hazarika, 2001; Renz & Nebel, 2007; Schultz, 

Guesgen, & Amor, 2006). Common-sense reasoning about space employs verbal 

descriptions of the general qualitative properties of spatial objects and the relationships 

between them. For example, to describe where UR Toastmasters club meetings are held, 

someone would say “at the Student Union boardroom at the University of Regina” rather 

than giving explicit coordinates of the location.  

Arising from the need for knowledge representation and handling of incomplete and 

imprecise spatial information, research efforts have been directed towards the 

development of qualitative formalisms for spatial reasoning and representation. 

Furthermore, the need for formal systems for qualitative spatial reasoning comes from the 

need for building GIS that can handle uncertainty and reason about spatial information in 

a way similar to human common-sense reasoning about objects in geographic space 

(Frank, 1992). 

More sophisticated GIS applications require more powerful spatial reasoning capabilities. 

Representation of partial and uncertain information is needed in many GIS applications 

where spatial constraints typically occur in qualitative form. QSR is also required for 

flexible query interpretation. Another important use of qualitative spatial representation 

and reasoning in GIS is for data consistency and integrity. For example, a building cannot 

overlap with a road. Extending GIS with the capabilities for qualitative spatial reasoning 

make them more flexible and more user-friendly.   

QSR has become an established field in Artificial Intelligence (AI) and a number of 

formalisms have been established to apply qualitative techniques to the representation of, 
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and reasoning about, spatial entities and their relationships. QSR approaches are now 

being incorporated into GIS design (Almuzaini & Abdelmoty, 2013; Egenhofer & Mark, 

1995; Jung & Elwood, 2010; Kwan & Ding, 2008; Wallgrün, Frommberger, Wolter, 

Dylla, & Freksa, 2007).  

 

2.2.1 Fundamental Aspects of Qualitative Spatial Representation 

Information about space is comprised of different types of entities, their properties and 

the relationships among them. Robust formal theories are required for the representation 

of, and reasoning about, spatial entities and their relationships. The theories should 

include formal definitions of the concepts, entities, relationships, and reasoning 

mechanism to compute spatial inference. The basic requirements for building such 

formalisms is to specify what kind of spatial entities to include (i.e., ontological 

commitments), then to develop different ways for describing the relationships between 

these kinds of entities; for example we may consider their size, shape, their relative 

orientation, the distance between them, or the topological relations among them. 

In the following section, I will review the different aspects of spatial knowledge that must 

be included in a theory for spatial knowledge representation and reasoning.  

 

Ontology 

Ontology is an explicit specification of a conceptualization of a part of the reality (Gruber, 

1993). For developing formal theory for spatial reasoning, we need to provide the theory 

with an explicit formal specification of what entities exist in space, types and categories 
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under which these entities fall, and the different sorts of spatial relationships which may 

hold between them.  

In the spatial domain, ontology describes the properties of objects, with their modes of 

existence and with questions such as how objects can be divided in parts, and how they 

fill the space (Cohn, 1996).  

Ontology provides answers to questions such as what are the basic primitive spatial 

entities and what primitive operations are allowed? Another question answered by the 

ontology is how the multi-dimensionality of space is handled (Cohn, 1996). 

Many approaches for building theories of space are based on taking regions rather than 

points as the basic entities (Cohn, 1996; Egenhofer, 1989). Spatial objects always occupy 

space that is region-like rather than a lower dimension space entity. Points and lines can 

be reconstructed from regions, and can still be useful abstractions (Cohn, 1996). 

Spatial Relationships  

Spatial relationships among objects in space result from their locations relative to each 

other. Geographic Information systems (GIS) are often based upon spatial relations. The 

primary function of these systems is determining the relations among objects in space. A 

spatial data model requires formal and sound methods to describe spatial relations and, 

inference mechanisms to infer relations that are not explicitly stated. 

Spatial relations are classified into topological, orientation, and distance relations (Pullar 

& Egenhofer, 1988; Sharma, 1996). 

 Topological relations that are invariant under continuous transformations such as 

rotation and scaling. 
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 Direction relations that help determine the orientation of a primary object relative 

to a reference object. 

 Qualitative Distance relations that specify the distance between two objects such 

as near, close to, far, and very far. 

Representation formalisms for modeling qualitative spatial relations are being developed 

for topological (Clementini, Di Felice, P., & van Oosterom, 1993; Cohn, 1996; Egenhofer 

& Herring, 1990; Egenhofer & Sharma, 1993; Egenhofer, Clementini, & Di Felice, 1994; 

Franzosa & Egenhofer, 1992; Randell, Cui, & Cohn, 1992) direction, and distance 

relationships (Frank, 1992; Frank, 1996; Sharma, 1996). 

 

2.2.2 Approaches for Qualitative Spatial Relations 

Research efforts have been motivated by the need for formal and sound methods for 

representing spatial relations. Not only the domain of GIS will benefit from a formal 

theory for the representation of spatial relations and spatial reasoning, but can be 

beneficial to any field in science and engineering that deals with spatial knowledge. In 

particular its contribution to spatial logic and spatial reasoning will also be helpful in 

areas such as surveying engineering, CAD/CAM, robotics, and VLSI design (Egenhofer 

& Franzosa, 1991). 

A formal approach for reasoning about topological and spatial relationships among 

objects in spatial database must be rigorous, has clear semantics, and a sound inference 

mechanism. Advances in database technology have required database not only to store, to 

retrieve and update data, but also to reason about relationships among objects in the 

database. A formal theory is important in securing data consistency, and to allow 
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database users to formulate complex queries based on simple facts (relations). 

A formal definition of spatial relations that specifies the minimum set of possible binary 

relations between two objects is needed. This part of a more comprehensive theory for 

qualitative relations and spatial reasoning is known as relation algebra. Relation algebra 

is based on a set of qualitative basic binary relations which have the property of being 

jointly exhaustive and pair-wise disjoint i.e., between any two spatial entities exactly one 

of the basic relations holds. Reasoning can be done by exploiting the composition of 

relations. For this relation algebra, the universal relation is the union over all basic 

relations. Converse, complement, intersection and union of relations are acquired by 

performing the corresponding set theory operations. The compositions of relations are 

usually pre-computed using the semantic of the relations and stored in a composition 

table. 

Robust representational and reasoning formalism for spatial relations satisfies the 

following requirements:  

Completeness – all the possible relations among objects in the domain of interest are 

covered and any additional relation can be derived from one of the relations already 

described.  

Soundness – only feasible or physically correct set of relations can be derived from the 

formalism. 

Mutual exclusiveness – every qualitative relationship has only one definition and can be 

uniquely distinguished in the formalism. 

Generality – the formalism can handle objects of different shapes as well as different 

types of relations.  



21 

 

 

2.2.3 Topological Relations 

Topological relations like overlap, inside, disjoint, or meet describe purely qualitative 

properties that characterize the relative positions of spatial objects and that are preserved 

under certain continuous transformations including all affine transformations such as 

rotation or scaling. 

Topological relations are typically defined as the spatial relationships between 

neighbouring features including adjacency, connectivity, and containment.  

Topology is purely qualitative and independent of any quantitative measures. The very 

qualitative nature of topology and its relation to the way humans perceive space and time 

make topology a fundamental part of any framework for qualitative spatial and temporal 

reasoning (Cohn & Hazarika, 2001).  

The following is a comprehensive overview of the research in developing formal theories 

for qualitative spatial relations and spatial reasoning. 

Most of the formal approaches of spatial relationships describe spatial objects as point 

sets and the spatial relationships among them as the results of binary point-set operations 

(Egenhofer & Herring, 1990; Egenhofer & Franzosa, 1991; Guting, 1988). 

Geo-relational algebra based on point-set is used for the definition of spatial objects 

(Guting, 1988).  Set operators are used to compare two objects and describe the spatial 

relationship among them. Drawbacks of the model are: the set of relations defined are 

neither complete nor mutually exclusive, e.g., relations such as inside and equal are both 

covered by the definition of intersects. Another drawback of that approach is that not all 

topological relationships are covered by the formalism. For the definitions of objects the 
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model does not take into consideration particular parts of point-sets such as boundary and 

interior, hence the model is not applicable to distinguish neighbourhood relationships – 

those relations are defined based on the intersection of the boundary and interior 

components of the two objects.  

The point-set approach is extended by the consideration of boundary and interior so 

relationships such as boundary can be distinguished and formalism was developed for 

representing relationships among 1-dimensional intervals in 1-dimension space (Pullar & 

Egenhofer, 1988). The formalism was generalized for objects of higher dimensions in n-

dimensional space, where it is assumed that a set of primitive relations in such space is 

richer (Egenhofer, 1989). 

 The 4-intersection model (Egenhofer & Herring, 1990; Egenhofer & Franzosa, 1991) 

was developed for representing topological relations among objects in 2D topological 

space. The system is based upon point set topology, and the intersection of the boundary 

and interior of the two objects. The topological relations between two regions are the 

result of the four intersections between their boundaries (∂), and interiors (o), i.e., ∂A∩∂B, 

Ao∩Bo, ∂A∩ Bo, and Ao∩∂B. The model distinguishes only between two values of the 

intersection, empty or non-empty. Based on whether the values of the four intersections 

were empty or non-empty, the formalism identifies 16 types of topological relationships 

(Figur1: a, illustrates the 16 possible configurations for the intersection between the 

boundaries and interiors of two regions A and B). Among the 16 configurations only 8 

are realized because of the physical reality of 2D space and regions. These eight relations 

are depicted in Figure 2.1(b).  
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(a) 

 

(b) 

Figure 2-1. (a) Sixteen Topological Relations      (b) Eight Realized Relations (Egenhofer et al., 

1993) 

 

The 4-intesection model was extended by also considering the intersection between 

objects exterior. In the 9-intersection model (Egenhofer & Herring, 1990; Egenhofer, 

1991), topological relationships between two objects A and B are based upon the 9 

intersections of the two objects’ components. There are 9(2) possible combinations but 

only eight of them can be realized between two point sets A and B (Figure 2), if the A 

and B are n-dimensional, A and B are not empty, all parts of A and B are connected (one-

piece regions without holes). 

The model allows for the identifications of more detailed relations by considering also 

the codimension of the intersection, particularly if one or both objects are embedded in 
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higher-dimension spaces (in which case the codimension
1
 is greater than 0) (Egenhofer & 

Herring, 1990) such as the topological relations between a line and a region (Egenhofer 

& Mark, 1995), or between two lines in 2D space (Egenhofer, 1993). 

 

 

Figure 2-2. Eight topological relationships between two point sets in 2-D space (Egenhofer, 1991). 

 

The method is known as the dimension extended method (DEM) (Cohn & Renz, 2008)  

                                                 
1
 Codimension is the difference between the dimension of the object and the dimension of the embedding 

space. 
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The formalism is complete but not sound – some of the defined relations cannot exist. 

Uniqueness is not granted, different relations between two objects may be represented by 

the same intersection of their components – the same matrix represent different relations.   

The point-set approach is extended by taking into account the dimension of the 

intersection (Clementini et al., 1993). The approach could distinguish more topological 

relationships for point, line, and area features. The approach was applied to regions and 

then extended to represent relationships between lines (Egenhofer, 1993) and regions 

with holes (Egenhofer et al., 1994). 

Egenhofer approach and other approaches have been used to represent topological 

relationships only. The approach has proved to be complete but not sound; nevertheless 

this approach has become popular and has been used in the design spatial query language 

and implemented in commercial GIS (Abdelmoty & Williams, 1994).  

In other approaches for the representation and reasoning about spatial relationships, an 

object is considered as a whole and is not composed into its components. The set of 

possible relationships between the objects involved is pre-defined and no guarantee of 

completeness is possible. Unique presentation is developed for each possible relationship. 

The main approach in this category is RCC8 (Randell et al., 1992). 

 RCC-8 is a formal theory for the representation of and reasoning about spatial entities. 

The main objective is to evaluate, extend, and implement a theory of space and time 

based on Clarke’s calculus of individuals which is in turn based on connection concept, 

and expressed in many sorted logic LLAMA (Randell et al., 1992). The most 

distinguishing feature of Clarke’s calculus and RCC8 is that they take regions rather than 

points as the primitive entity. The basis of the system is one binary primitive relation 
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C(x,y) read as “x connects with y”. The major distinction from Clarke’s theory, is the 

change to the interpretation of C(x,y). C(x,y) holds when the topological closures of x 

and y share at least one point. Using the relation C, more binary relations are defined. 

These relations are: DC, P, PP, EQ, O, DR, PO, EC, TPP, and NTPP as illustrated by 

Figure 2.3. This set of relations is referred to as RCC8.  The relations P, PP, TPP, and 

NTPP have converses (PI, PPI, TPPI, and NTPPI). The set of all these relations forms a 

jointly exhaustive and pairwise disjoint (JEPD) set of “base relations.” The formal theory 

supports regions having either a spatial or temporal interpretation. Spatial “regions” are 

periods with non-zero duration, as opposed to temporal points. These regions may be 

thought of as infinite in number, and connection may be any relation from external 

contact to spatial and temporal identity. Regions are spatially extended, i.e., ruling out the 

possibility of region being null. Regions are required to be of uniform dimension. Spatial 

regions may have one, two, three, or even more than three dimensions, but in a particular 

model of the formal theory, all regions are of the same dimensionality. All these relations 

can be embedded in a relational lattice, forming a kind of hierarchy. The order of these 

relations in the lattice is a kind of subsumption hierarchy, with the most general relation 

in the top connected to the more specific one at the bottom. The lower part of the lattice 

indicates that the relations are mutually disjoint (e.g., TPP and NTPP, and EC and DC). 

This lattice is used, in conjunction with LLAMA, to implement a resolution-based 

automated reasoning system for the theory.  

RCC8 and 9-intesection are the most well known and commonly used formal models for 

qualitative spatial representation and reasoning. RCC8 employs first order logic to 

represent spatial relations between regions where as 9-intersection model considers the 
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intersections of the boundaries, interiors, and exteriors of two regions to represent the 

same relations. They both in practice have the same set of 8 spatial relations between two 

regions, although using different terminology for the relations. Of the two models, 9-

intersection has a more intuitive and commonly used terminology in GIS and spatial 

databases (Almuzaini & Abdelmoty, 2013).  

RCC8 forms a jointly exhaustive and pairwise distinct (JEPD) set of relations and a 

composition table is used for qualitative spatial reasoning (Randell et al., 1992). 

Originally the 9-Intersection model was designed independently of the logical 

foundations. Even though the two models are similar, their computation properties are 

somewhat different. A logic-based model is useful for knowledge acquisition and 

reasoning (Sabharwal & Leopold, 2011) – reasoning in RCC8 is much simpler than 

reasoning in 9-intersection (Cohn & Renz, 2008), whereas 9-Intersection is useful for 

knowledge representation and implementation (Sabharwal & Leopold, 2011). 

 

 

Figure 2-3. RCC-8 JEPD Relations (Randell et al., 1992). 
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2.3 Temporal Reasoning (TR) 

The notion of time is vital in any activity that requires intelligence. Firstly, all activities 

take place in the real world, which has dynamic nature. Secondly, the human perception 

and understanding of the real world incorporates the concept of time. Everything appears 

to be related by its temporal reference. Events occur temporally related (“before”, “after”, 

“during” …). Time appears to play role as a universal reference that the rest of the 

objects in the real world are related with (Vila, 1994). 

Change is very much associated with time. Time is fundamental to reason about change 

and action. Therefore it seems that for many artificial intelligence systems it is necessary 

to consider the temporal dimension of information. A common reasoning task in this field 

is to decide given a set of relationships concerning temporal events, whether or not there 

exists a model that fulfills all of the relationships (Bodirsky & Chen, 2007).  

For example, given temporal information, I went to lunch before class. Please come 

before or after lunch. Lunch starts at 12:00. Lunch takes half an hour or an hour. The goal 

is to derive answers to queries such as: is it possible that proposition P holds at time t? 

What are the possible times at which proposition P holds? What are the possible temporal 

relationships between two propositions P and Q? 

Temporal reasoning supports inference tasks involving time-oriented data; often 

connected with artificial-intelligence methods. 

Many areas in AI need reasoning about time, for example in medical diagnosis and 

explanation incorporating knowledge about the temporal order in which some symptoms 

occurred or for how long they lasted help correctly determine the cause and the 

appropriate treatment. Another application is the area of planning and scheduling: to 



29 

 

develop the plan, the duration of tasks and actions, and their temporal ordering should be 

taken into consideration. Natural language processing: verb tense is essential for 

understanding the semantics of any language. A potential application area is Geographic 

information systems: to understand the dynamics of processes that take place on the 

geographic space and over time, the temporal dimension of the process must be included 

and handled correctly. 

Temporal reasoning (TR) consists of developing formal theories which formalize the 

notion of time and support the representation and reasoning about the temporal aspects of 

the knowledge (Vila, 1994). It is the incorporation of time as a further dimension to the 

truth of the information. A temporal reasoning system is composed of a temporal 

knowledge base, a routine to check its consistency, a query answering mechanism, and an 

inference mechanism to discover new information (Dechter, Meiri, & Pearl, 1991). A TR 

framework provides an extended language to represent temporal aspects of the 

knowledge. The language includes functionalities to express pure temporal expressions 

and gives a description of what is true and what is false over time. Different types of 

temporal entities such as facts and events can be represented and distinguished by the 

language. Facts or properties are things that are true over time – they represent the static 

aspect of the world. On the other hand events are things that happen and they usually 

represent the dynamic aspect of the world. 

Many formalisms have been developed for the representation and reasoning about time. 

Most notable formalisms are Allen’s interval algebra, Vilain and Kautz’s Point Algebra, 

and Linear Inequalities (Allen, 1983; Malik & Binford, 1983; Vilain, Kautz, & van Beek, 

1990).  
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2.3.1 Formalisms for Temporal Reasoning  

The representation of time and reasoning about time is of a significant importance for 

many applications which require the description of actions, events, and the change caused 

by them over time.  

Several formalisms for the representation and reasoning about temporal knowledge have 

been developed over the last decades (Allen, 1983; Dechter et al., 1991; Kautz & Ladkin, 

1991).The systems for temporal reasoning can be classified into three main categories: 

algebraic systems, temporal logic, and logics of action. 

Temporal Algebras describes the relationships between time points and/or time intervals, 

which are represented by a set of variables. A set of either quantitative or qualitative 

equations constrain the values that could be assigned to the temporal variables. These 

equations could take the form of a constraint satisfaction problem (CSP), a set of linear 

equations, or a set of assertions in a restricted subset of first-order logic. 

Allen interval algebra (IA)(Allen, 1983), formulates temporal knowledge in terms of 

qualitative statements regarding the relative location of paired intervals. Considering a 

pair of interval I and J, There exist seven basic (atomic) relations that can hold between 

intervals as shown in (Figure 2.4). Each of these relations is associated with an inverse 

relation except for the equal relation which is mutual relation, so overall there are 13 

relations. From these 13 primitive relations 2
13 

complex relations between a pair of 

intervals can be derived.
 
 

Having represented the knowledge within the IA framework, the goal of the reasoning 

may be to determine whether the information is consistent – whether it is possible to 
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arrange the interval along the time line according to the given information, or to find one, 

some, or all arrangements along the time line each belong to a possible scenario.  

Example (taken from Dechter, (Dechter, 2003)):  

Consider the following information:  John was not in the room when I touched the switch 

to turn on the light, but John was in the room later when the light went out.  

Let Switch be the time of touching the switch, Light be the time the light was on, and 

Room be the time John was in the room. The above information is translated into a set of 

IA information between Switch, Light, and Room:   

1. Switch overlaps or meets Light: Switch {o,m} Light.  

2. Switch is before, meets, is meet by, or after Room: Switch (b, m,mi, a} Room.  

3. Light overlaps, starts, or is during Room: Light {o, s, d} Room. 

 

 

Figure 2-4. The basic relations between a pair of intervals and their inverse (Dechter, 2003) 

 

One of the requirements of a temporal reasoning system is its ability to deal with metric 

information, for example, reasoning about the duration of events. Quantitative temporal 
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algebras provide the formalism to deal with such information. Time points are considered 

as variables to constrain – a time point may be representing the beginning or the ending 

of an event, as well as neutral point of time such as 6:00 P.M. A form of temporal 

distance is used for constraints. The simple temporal constraint problems (STCSP) of 

Dechter, Meiri, and Pearl (1991), are a restricted form of linear equations. A time interval 

I is identified with the pair of its starting point Is and ending point Ie.  

When dealing with problems that are constituted of qualitative and metric temporal 

information, it is difficult some times to translate from one form to another. Some 

temporal information may be lost or hard to transform to the other representation. As a 

result hybrid temporal models have been defined to combine both types of temporal 

information. Kautz and Ladkin (1991), developed an integrated constraint-based 

reasoning system that combines metric and Allen-style constraint networks. A simple but 

powerful logical language L is designed to handle both types of temporal information. 

Language: 
ML  represents numeric temporal network based on the TCSP model. 

Language 
AL represents symbolic temporal network based on IA. Other approaches are 

hybrid temporal models (Meiri, 1996; Mouhoub, Charpillet, & Haton, 1998), that handle 

numeric and qualitative temporal information in two different frameworks.  

Qualitative Algebra (QA) was proposed by (Meiri, 1996).  QA is a general model for 

temporal reasoning that is capable of handling both qualitative and quantitative 

information – allows the representation and processing of many types of constraints 

including metric constraints and qualitative, disjunctive constraints. Variables can 

represent both points and intervals. Reasoning tasks are formulated as constraints 

satisfaction problem and are solved using traditional satisfaction techniques, such as 
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backtracking and path consistency. The input can be encoded in a minimal network, 

which provides answers to many queries. New classes of problems are characterized, 

involving qualitative networks augmented by quantitative domain constraints, some of 

which can be solved in polynomial time using arc or path consistency. 

 (Mouhoub et al., 1998) proposed an alternative hybrid temporal framework based on IA 

and discrete model of time. It is expressive and simple to employ. Temporal windows are 

used to manage numeric constraints over temporal objects. As in IA, symbolic temporal 

relations are formed by sets of disjunctives of Allen relations. Qualitative constraints 

specify the relative temporal position of an event with respect to other events. Additional 

information about an event can be stated, thus restricting its temporal qualification using 

quantitative constraints. 

2.3.2 Qualitative Spatio-Temporal Reasoning Approaches 

Spatio-temporal reasoning is so common in our daily life that we rarely notice it as a 

particular concept of spatial analysis. When applied to computer information systems, 

spatio-temporal reasoning attempts to solve problems that deal with objects that occupy 

space and change over time (Egenhofer & Golledge, 1998). 

 In the ancient times, Greeks brought the abstract study of geometry to an advanced level 

of sophistication; precise mathematical models for space, time, and motion were 

developed. In recent years precise mathematical models were designed, that made it 

possible to send spacecrafts to all major bodies of solar system, and facilitated the study 

of those very distant objects. 

Despite all the accomplishments, high precision mathematical tools are neither always 

well-suited nor required for handling many aspects of space, time, and change. 
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Qualitative aspects of spatio-temporal configurations of the world require a range of 

descriptive tools different from the precise quantitative tools employed, for example, by 

computer graphics, or computer vision research communities. 

Taking time into account is very important for GIS and spatial databases (Egenhofer & 

Golledge, 1998; Peuquet, 2001). A significant research is committed to providing well-

established models to be used for qualitative description of spatio-temporal change 

(Hornsby & Egenhofer, 2000; Muller, 2002). 

Recently, there is a growing community of scholars with an interest in developing 

rigorous and systematic theories of space, time and spatial change – Spatio-temporal 

calculi have been designed that combine spatial and temporal information in qualitative 

framework.   

In (Bennett, Cohn, Wolter, & Zakharyaschev, 2002)  a multi-dimensional modal logic is 

used as a framework for representing spatio-temporal information. The PSTL 

(Propositional Spatio-Temporal Logic) is capable for describing topological relations that 

change over time.  RCC-8 theory can be extended to include temporal reasoning by 

combining it with an interval-based temporal logic. The region-based approach to spatial 

reasoning was inspired by and closely mirrors the Allan interval-based approach to 

temporal reasoning (Cohn & Hazarika, 2001; Cohn, 1996; Gotts, Gooday, & Cohn, 1996; 

Randell et al., 1992) (both approaches take extended entities – regions, rather than points 

as primitives). The resulting system can be embedded by suitable syntactic definitions 

within the point-based logic PSTL. Similar to the approach by Bennett et al. (2002) and 

(Gerevini & Nebel, 2002), temporalized RCC-8 using Allen’s interval algebra. The 

resulting calculus, called STCC, is NP-complete even if only basic relations and the two 
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universal relations are permitted.  Moreover, the Qualitative Trajectory Calculus (QTC) 

(Van de Weghe, N., A. G., & De Tre, 2006) allows for the representations and reasoning 

about moving objects in Euclidean space in a qualitative framework – by describing the 

distance between the pairs of objects changing over time. 

 

2.4 Representing and Reasoning about Time and Change in GIS 

Geography is distinguished form geometry due to the fact that geography is indivisibly 

coupled with time (Parkes & Thrift, 1980). This draws attention to the importance of time 

in geographic analysis. 

Time is inherent to all geographic processes. The inclusion of temporal data with spatial 

data facilitates determining the evolution of spatial phenomena over time. 

We perceive changes occurring to objects in space — their transformation over time and 

their movement in relation to their neighbours. Spatial change occurs whenever objects 

possess different spatial attributes at different times. Throughout our environment, 

objects are constantly changing their positions, shapes, size, orientations, and since these 

are spatial attributes, the changes we see in them are examples of spatial change. 

The analysis of spatial processes that influence these changes requires considering both 

the spatial and temporal aspects. Some modeling problems in spatial domain require a 

representation of time and of the temporal events.  

Current GIS provide limited or no support for modeling dynamic phenomena. They are 

designed, and limited to, the static representation of spatial phenomena inherited from 

their analog cartographic roots. An area is decomposed into a set of static layers 

representing a single theme at a specific period of time.  
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A limited set of models are available to describe change and motion in geographic 

phenomena. The integration of time dimension in GIS presents a challenge. There are 

two main reasons that hinder this integration. 

 Continuous data over a period of time for the area of interest are rarely available. 

 Data models and structures that can record and visualize information about an 

area in different states are still at an early stage of development. 

The problem is difficult when the geographic entity under investigation is static, but is 

considerably more complicated when the object is mobile or its identity changes over 

time.  Ideally, GIS would be able to represent temporal change using methods the 

explicitly represent spatial change, as well as different states through time. The goal of a 

spatial-temporal database is to record change over space and time, where change can be 

described as an event or collection of events.  Clifford and Warren (1983) describe such a 

database as “a model of the dynamically changing world”, in which data are never 

‘forgotten’. Procedure must be designed such that data are superseded but never deleted.  

In the complex environmental and ecological systems modeling with GIS, the current 

time handling mechanism is not sufficient. A conceptual framework of formal theories is 

needed for the representation of temporal dynamics in GIS. One major task is to capture 

and represent the knowledge in a form, which we can correctly process, and reason over. 

 

2.5 Conclusion 

Spatial and temporal cognitive capabilities enable humans to act and interact in space 

intelligently and to communicate about spatial environments in meaningful ways. Spatial 

reasoning in most cases is driven by qualitative abstraction rather than complete 
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quantitative knowledge. This initiates the origin of Qualitative Spatial Reasoning (QRS) 

within AI and GIS. Qualitative spatio-temporal reasoning (QSTR) provides a framework 

to represent and reason about space, time, actions, and change in qualitative manner. 

QSTR research focuses on formalizing common sense spatial and temporal knowledge 

and works towards integrating qualitative approaches of spatial reasoning with 

approaches for reasoning about spatial change over time. 

In this chapter we talked about Qualitative Spatio-Temporal Reasoning in geographic 

space.  Qualitative spatial and temporal reasoning and their integration in qualitative 

framework to reason about space, time, and spatial change were briefly discussed in the 

introduction, the fundamental aspects of qualitative spatial reasoning, and the different 

approaches developed for representing and reasoning about spatial knowledge and spatial 

relations were discussed in section 1. In section 2, Temporal Reasoning was described 

and approaches for temporal reasoning were reviewed. In section 3, the representation 

and reasoning about time and change in GIS and approaches for qualitative spatio-

temporal reasoning were also reviewed. 
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3 ONTOLOGIES 

 

3.1 Introduction 

Computers have changed from single isolated devices, each performing a set of tasks to 

serve a single user into a worldwide network of connected computers and people.  

Knowledge-based systems are based on distributed environments of heterogeneous 

hardware platforms, software programs, and network protocols. As agents operating in a 

highly distributed environment these systems need to communicate in order to exchange 

and share the knowledge. This creates a challenge of how to get “the right information to 

the right people at the right time”. In order to accomplish this successfully, they need 

representation languages, communication protocols, and specification of the contents of 

the shared knowledge (Gruber, 1995). Many advances have been made in terms of 

physical and syntactic connectivity (e.g., network protocols, representation languages), 

but transferring the information is not all that is needed; a meaning should be associated 

with that information. People need to share a common understanding and semantic of the 

content of the knowledge being exchanged. Research in AI is exploring the use of 

ontologies for knowledge sharing. In this regard ontologies are used for specifying 

content-specific agreement (terminology) for knowledge sharing and reuse. For 

establishing agreements about domain knowledge, ontologies are used as a formal 

specification of the shared assumptions and models of the domain (Gruber, 1995). 

Ontologies have gained interest in a wide range of research areas in computer science. As 

compiled by Guarino (1998), ontologies play an important role in Artificial Intelligence, 
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computational linguistics, and database theory. It has been applied in diverse research 

areas such as knowledge engineering, knowledge representation, knowledge management, 

database design, natural language processing, qualitative modeling, information modeling, 

object-oriented analysis, information retrieval, information extraction, agent-based 

systems design. Ontologies are not just confined to computer science and AI research but 

have practical applications in a wide variety of areas including medicine, mechanical 

engineering, geographic information systems, legal information systems, biological 

information system, and electronic commerce. McGuinness (2005) included the area of 

Library science and ontology enhanced search.  

The contents of this chapter are organized as follows: In Section 2, we address the 

question of what is an ontology from different perspectives (e.g., philosophical ontology, 

computational ontology). In section 3, we discuss the different types of ontologies.  

Section 4 covers the uses of ontologies and Section 5 describes the process of building an 

ontology. 

 

3.2 What is an Ontology? 

An ontology is an explicit shared understanding of a particular domain of knowledge. 

The knowledge is represented formally by a set of vocabulary and axioms. The term was 

borrowed from philosophy, where ontology is defined as the study of the nature of being, 

existence, or reality. Philosophical ontology gives descriptions of the way in which the 

world is organized into types, kinds, categories and universes  (Smith, 2003). It is a 

description of reality in terms of a comprehensive classification of entities into classes or 

categories. Such ontology provides answers to questions such as, what classes of entities 
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are needed to describe the domain covered by the ontology? What relations tie those 

entities together? And what attribution and inference can be made among them (Smith, 

2003). 

In computer science, Gruber (1993) defines ontology as “explicit specification of a 

conceptualization”.  “A Conceptualization is an abstract, simplified view of the world we 

wish to represent. Every knowledge base, knowledge-based system, or knowledge-level 

agent is committed to some conceptualization” (Gruber, 1993; Gruber, 1995). 

Conceptualization identifies the objects, concepts, and other entities that are assumed to 

exist in the world of interest, along with the properties and the relationships that may hold 

among them. “Explicit” means that the concepts and their constraints are clearly and 

specifically defined with the formal vocabulary that the knowledge-based system uses to 

represent the knowledge. From the perspective of AI, an ontology is described as a set of 

representational vocabulary for representing the universe of discourse (concepts, classes, 

relationships). The representational terms are associated with textual descriptions of what 

the terms mean and a set of formal axioms that constrain possible interpretation and 

formal use of the terms (Gruber, 1993) . 

Guarino extends Gruber’s definition of ontology as a “logical theory accounting for the 

intended meaning of formal vocabulary” – their commitment to the conceptualization of a 

particular domain (Guarino, 1998). Ontological commitment is an agreement on the use 

of vocabulary in a way that is consistent with respect to their intended meaning defined in 

the ontology (Gruber, 1995) .   

According to Guarino (1998), the term ontology shouldn’t just be used as a fancy name to 

describe the results obtained using standard methodologies such as domain modeling and 
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conceptual analysis.  Guarino then described the essential role that ontologies play in the 

design of information systems and introduced the concept of ontology-driven information 

systems. 

In (Guarino, Oberle, & Staab, 2009), Guarino also addressed the issue of the 

terminological confusion, which resulted from the different use of the term ontology by 

different communities.  He made a distinction between the use of an uncountable noun 

‘Ontology’ with a capital ‘O’ as used in philosophy and the use of countable noun ‘an 

ontology’ with a small ‘o’ as used in computer science. The first is used to refer to a 

particular discipline of philosophy. In this sense ontology is a description of a 

classification system for a certain view of reality; ontology is always the same and does 

not dependent on the representation language used. While the latter (‘ontology’ with 

small ‘o’) is used in computer science community; for example in AI, ontology is 

described as an engineering artifact, made up of a set of representational vocabulary and 

a set of assumptions (in the form of first-order logical theory) accounting for the intended 

meaning of the vocabulary. In its simplest form, an ontology is a taxonomic hierarchy of 

concepts related by subsumption relations; in more sophisticated cases the ontology is 

augmented by a set of axioms to describe more complex relations and constrain their 

intended meaning and use. 

The two interpretations are related; in order to solve the terminological discrepancy, 

Guarino decided to go with the term as it is used in computer science and give the 

philosophical ontology another name, calling it conceptualization. In this view, two 

ontologies can use two different vocabulary sets (e.g., using two different languages to 
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describe the same concepts in a particular domain), while their underlying 

conceptualization is the same (Guarino, 1998) .  

Chandrasekaran, Josephson and Benjamins (1999)  define ontologies as content theories 

identifying specific classes of objects and relations that exist in some domain. According 

to Chadrasekaran, the type of mechanism used (fuzzy logic, neural networks, frame 

language, etc.), will not be effective unless a good content theory of the domain has been 

put in place. Once a good theory is available, different mechanisms can be used with 

equal effectiveness to implement systems based on the same content.  

 

3.3 Types of Ontologies  

There are a variety of dimensions along which ontologies are classified. For the purpose 

of this discussion these include: degree of formality, degree of accuracy in specifying the 

underlying conceptualization of the domain, and the level of generality or the extent of 

coverage. 

Formality 

 One way to distinguish the different approaches to ontologies is to consider the degree of 

formality of the specification language used to specify the meaning of the terms. Figure 

3-1 below shows a spectrum of ontologies, as introduced by (Uschold & Gruninger, 

2004), ranging from very lightweight, informal ontologies to heavyweight formal 

ontologies. At their most informal, we have the approaches to ontologies that may allow 

the definitions of terms only and provide little or no specification of the meaning of those 

terms.  At the other extreme, there are the very formal approaches, which are rigorously 

formalized logic-based theories (with a large number of axioms and constraints); these 
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are formal ontologies. Moving along the spectrum, the amount of specified meaning and 

the degree of formality increase, as a result the degree of ambiguity is decreased. There 

will also be an increasing support for automated reasoning. 

 

Figure 3-1.  Kinds of ontologies according to the level formality of the specification language 

(Unshold and Gruninger, 2004) 

 

“The suitability of a language to create models in a given domain depends on how “close” 

the structure of the models constructed using that language resemble the structure of the 

domain abstractions (i.e., a domain conceptualization) they are supposed to represent” 

(Guizzardi, 2007). In this regard, Guizzard discusses a number of properties that should 

be present in the modeling language so that isomorphic mapping may exist between an 

ontology and a domain language’s metamodels. These properties are: (i) Soundness: a 

language L is sound with respect to a domain if every modeling primitive has an 

interpretation in the represented domain. (ii) Completeness: a language is complete if 

every concept in the ontology of the domain is represented by a modeling primitive of 

that language. (iii) Lucidity: a language is lucid with respect to a domain if every 

modeling primitive of the language represents at most one concept in that domain. (iv) 
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Laconicity: a language is Laconic if every concept in the domain is represented at most 

once in the metamodel of that language. 

Specification of a conceptualization 

Ontologies can also be classified according to their level of accuracy in reflecting the 

underlying conceptualization they commit to (Guarino, 1998). In this classification two 

types of ontologies are recognised, coarse ontologies and fine-grained ontologies.  

According to Guarino (1998), there are three approaches to make an ontology closer to a 

conceptualization: by developing a richer axiomatization, which in turn depends on 

expressiveness of the language as discussed in the previous section. In this case, the 

distance between the set of ontology models (i.e., logical model) and the set of intended 

models (i.e., description of domain and what is possible in it by a conceptualization) is 

reduced. Another way is to extend the set of relevant conceptual relations, and at the 

same time extending the domain in order to include all entities involved in those relations. 

The accuracy of the ontology in specifying a conceptualization can also be improved by 

adopting a modal logic to represent the constraints across the domain.  

Fine-grained ontologies are closer to the intended models of the vocabulary, therefore in 

specifying the conceptualization of the domain. However, they may be hard to develop 

and inefficient to reason on, due to the large number of axioms and the expressiveness of 

the modeling language. On the other hand, coarse ontologies consist of a minimal set of 

axioms written in a language of minimal expressivity and formality; thereby support only 

limited types of reasoning. Therefore we can distinguish between reference ontologies 

which are used for reference purposes and sharable ontologies which support core 

system’s functionalities.   
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Generality  

Ontologies can also be classified according to their level of generality. Figure 3.2 

presents kinds of ontologies according to the level formality of the specification language: 

 Upper level ontologies, also referred to as generic ontologiels, as super theories 

and as core ontologies (Studer, Benjamins, & Fensel, 1998) describe general 

knowledge, such as time, space, object, action, or event, independently of any 

specific domain. An upper-level ontology is a model for defining the most general 

categories that are applicable across a wide range of domains and are available for 

use by large communities of users. For example, an ontology about mereology 

(part-of relations) is applicable across many technical domains. Generalization is 

performed on ontologies of multiple domains and a smaller set of concepts that 

are common to all domains is defined (Hoehndorf, 2010). Upper-level ontologies 

rely more on axioms than on formal or natural language definitions. The general 

categories are not usually derived from other categories but rather from the way 

these categories interact with each other. The main application of upper-level 

ontologies is to enable semantic integration and facilitate interoperability of 

ontologies across multiple domains and thusly serve large communities of users. 

They provide general concepts that are common to all domains that share the 

ontology and consequently provide common ontological foundation for domain 

ontologies. Restrictions on the categories are described by axioms. When applied 

in development process of new ontologies, upper-level ontologies can be used to 

verify those constraints. They also ensure consistency of domain ontologies with 

other ontologies founded from the same upper-level ontology. Examples of 
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implemented upper-level ontologies that have been re-used as basic structures of 

many domain ontologies: Basic Formal Ontology (BFO), an upper ontology used 

in support of domain ontologies developed for scientific research; Descriptive 

Ontology for linguistic and Cognitive Engineering (DOLCE), aims at capturing 

the ontological categories underlying natural language and human commonsense; 

Suggested Upper Merged Ontology (SUMO, KR Ontology), an upper ontology 

intended as a foundation ontology for a variety of computer information 

processing systems; Cyc upper Ontology, a comprehensive ontology and a large 

knowledge base with the ability to perform human-like commonsense reasoning. 

Cyc is used as a basis for building domain ontologies and applied in a wide 

variety of applications such as: rich domain modeling, semantic data integration, 

text understanding, and domain-specific expert systems. 

 Domain ontologies and task ontologies model a generic domain or generic task; 

they describe the vocabulary and meaning of the terminology (i.e., used in that 

domain (such as medicine, geology, and biology) or task (such as diagnosis and e-

commerce). Terms are specializations of the terms introduced in the upper-level 

ontology. Additional constraints on, or types of, the concepts in the upper-level 

ontology may also be included. Examples of existing domain ontologies include  

FAO food safety, animal health, and plant health ontology, as well as Gene 

Ontology (GO) in the biomedical domain. GO provides consistent descriptions of 

gene products in different databases and facilitates uniform queries across them. 

 Application Ontology describes concepts depending both on a particular domain 

and a task. The concepts are often specialization of both ontologies and 
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correspond to roles played by domain entities while performing a certain activity. 

This type of ontology represents a particular model of a domain according to a 

single view of a user or a developer. 

 

 

Figure 3-2. Kinds of ontologies, according to their level of generality and dependence on a 

specific task or application (Guarino, 1998) 

 

The thick arrows represent the specialization relationships between the terms in each 

ontology and the ontology in the upper level of generality. 

3.4 Uses of Ontologies 

Ontologies as a formal specification of a shared understanding (i.e., conceptualization) of 

a domain play an important role in: structuring domain knowledge; enabling knowledge 

sharing and reuse; and facilitating communication between people and interoperability 

among heterogeneous and distributed systems. Formal ontologies can also carry out 
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automatic reasoning to infer new information from the knowledge base and perform 

consistency checking on data values and types of the specified constraints.  Ontologies 

have recently been, and continue to be, developed for information retrieval and 

information extraction based on semantic annotation. 

Knowledge structuring mechanism 

To devise an effective knowledge representation and vocabulary, an effective ontological 

analysis must first be performed. Weak analysis leads to incoherent knowledge bases. 

Without having the conceptualization, it is not possible to define neither the vocabulary 

nor their meaning. Ontological analysis clarifies the structure of knowledge of the 

domain of interest and enables defining the underlying conceptualization (concepts, their 

properties, and their relationships).  

Knowledge Sharing and Reuse 

Ontologies provide means for knowledge sharing and reuse. Ontologies were originally 

developed to enable sharing of domain knowledge among users. An ontology is a 

specification of a conceptualization of a particular domain. If users use different 

conceptualization of the same world, there can be no knowledge sharing, and mapping 

concepts from one knowledge base to another can be difficult. Therefore, the idea is to 

develop an ontological theory, which could then be translated to the particular 

mechanism to solve the problem. This mechanism can be then shared and reused across 

users. Per Chandrasekaran et al. (1999), knowledge representation is based on effective 

ontological analysis of the domain knowledge.  The analysis provides conceptualizations 

and a set of representative terms.  The ontology resulting from such analysis contains 

domain specific terms and general terms. Further, the ontology can be used as a basis to 
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develop domain-specific knowledge representation languages. To do this, the terms need 

to be associated with the concepts and relations in the ontology and a syntax built to 

encode the terminology. Others with similar needs for knowledge representation in that 

domain can share the representation language without the need to duplicate the 

knowledge analysis process. These languages are content-rich; they have a large number 

of terms that embody the complex content theory of the domain. 

Ontology is a formal representation of a shared understanding of domain knowledge. 

This formal representation may be used as a means of knowledge sharing and re-use (e.g., 

as a reusable and/or shared component in software systems). For example, different 

domains need to include the notion of time in their models. If an ontology describing the 

notion of time already exists, then others can simply reuse it. Another form of reuse is 

when building a large ontology, where several ontologies that describe portions of the 

domain of the large ontology can be integrated to build that ontology. On the other hand, 

a general ontology can be used in building a domain-specific ontology by extending the 

terms and concepts in the general ontology to describe the domain of interest.  That is, a 

good reason for considering the reuse of existing ontologies is to save the effort of 

building something that already exists. Other reasons for reusing existing ontologies are 

to facilitate communication between different communities of users, to allow interaction 

with applications and tools that are committed to the same ontology, and to use 

ontologies which have been validated through use in other applications. 

Communication 

Between people: Ontologies can be used to facilitate communication between people in 

organizations. Ontologies provide terms, their relations, and their constraints for the 
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knowledge to be shared among people; all the participants in the communication should 

commit to these definitions (Studer et al., 1998). An informal but unambiguous ontology 

may be sufficient for this purpose. 

Interoperability among systems: having a formal shared understanding of a particular 

domain specified in a machine-readable format enables different system to communicate 

and exchange data and knowledge. 

“An ontology is not just a representation of a domain in a computer. An ontology also 

reflects some rate of consensus about the knowledge in that domain.” (Studer et al., 1998). 

Consistency checking  

Besides the terms, their definitions, and their relationships, ontologies may contain 

information about value and type restrictions on the properties, therefore consistency 

checking can done on values and types to ensure that the restrictions are not violated. For 

example, a class called ‘person’ has a property ‘age’ that takes a positive number as its 

value. If the value for this property was given a negative number, this error will be 

detected by the ontology.  

Reasoning 

Once the underlying conceptualization of the domain (entities, their properties and their 

relations with each other) is explicitly defined by the ontology, a formal ontology can be 

used to support automatic reasoning and infer new information about the domain entities. 

Search and information retrieval  

Traditional information retrieval and search processes are based on keyword searches.   
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Ontologies are used to represent knowledge and add meaning to it. The idea of using 

ontologies to add semantic annotation to documents and web pages facilitate the searches 

to be performed based on semantics (i.e., the semantic web). 

Information extraction by utilizing ontology-based annotation 

Ontologies are now used for information extraction from documents and web pages. 

Documents are annotated based on the concepts and relationships defined in the ontology. 

Annotation is the process of attaching metadata to documents, which makes them easy to 

process by machines.  The ontology is integrated with language processing tools in a text 

engineering environment (e.g., GATE – General Architecture for Text Engineering). 

After loading the documents into the text engineering environment, linguistic pre-

processing of the documents is carried out using a variety of tools such as a tokeniser, 

sentence splitter, part of speech tagger, and a morphological analyser. The ontology is 

then used to annotate in the text all mentions of instances relating to concepts in the 

ontology. Information can be extracted from the text in the form of annotated instances, 

which are used to populate the ontology, or as an annotated document with links to the 

ontology. 

3.5 Ontology Building  

“There is no one correct way to model a domain— there are always viable alternatives. 

The best solution almost always depends on the application that you have in mind and the 

extensions that you anticipate.” (Noy & McGuinness, 2001) 

(Uschold & Gruninger, 1996) proposes that one begins to build an ontology by first 

clearly defining the purpose of the ontology, the intended level of formality, and the 

scope.  He suggests that ontology builders define the purpose via a series of steps:  i) 
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identify and characterize the intended users, ii) identify the intended uses of the ontology, 

and iii) identify the motivating scenarios and competency questions for use in clarifying 

the above, as well as for clarifying the scope of the ontology. The level of formality can 

be specified after determining the purpose and the users of the ontology. For example, if 

the intended users are non-technical and the purpose is to facilitate communication 

among them, then an informal ontology such as a glossary may be adequate. The other 

thing to consider is the level of automation of the task of the ontology. The level of 

formality is increased if the task which the ontology is going to perform requires a high 

degree of automation such as automatic reasoning. In this case a formal ontology in 

machine processable format and supported with a large number of axioms may be needed. 

After determining the purpose and level of formality, the scope of the ontology is 

determined. In this stage, the set of key concepts and relationships in the domain of 

interest that cover the information that ontology must represent to satisfy the 

requirements are identified. One way of determining the scope of the ontology is to create 

a set of competency questions.  If the ontology can provide answers to all the set of 

competency questions, then the ontology can serve its intended purpose. For example, to 

design an ontology for land use suitability assessment for development, the competency 

questions the ontology provides answers might be the following: 

Which land characteristics the developers should consider to assess land suitability for 

development? 

What are the factors that increase land suitability? 

What are the constraints that limit land suitability? 
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Are there any constraints that exclude some area from development under any condition? 

These questions can be used to later to evaluate the ontology. 

Building the ontology  

After arriving to the set of concepts and the terms to include in the ontology, the next step 

is to start building the ontology. The approach chosen to build the ontology depends 

largely on the degree of formality required for the ontology to satisfy the requirements. 

Uschold described four possible approaches.  

In the first approach, one might start building the ontology without going through any of 

the above mentioned stages (specification of the purpose, the level of formality and the 

scope of the ontology). This method is adequate for designing small ontologies that serve 

simple tasks. More refined methods are required to get better results and for building 

larger ontologies that serve advanced purposes. An alternative approach is that after 

going through all the above steps to start directly the formal encoding of the ontology. 

This approach produces better outcome and may be applied to build simple or small 

ontologies.  In the third possible approach, an intermediate informal ontology is produced 

where the terms and concepts are defined using informal structured language. This 

informal ontology can be used in three different ways: 1. it may be the final product, if no 

formal encoding is going to be done; it can serve as a specifications for the formal 

encoding as well as be documentation for it. Before proceeding with completing the 

ontology, there should be an evaluation/revision process for the informal ontology. In the 

last approach, instead of creating an informal ontology, the set of formal terms and 

concepts are identified from the set of the informal ones. Then use these set to define the 
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axioms and definitions in the ontology. This method is more or less a more formal 

variation of the method of the second approach. 

 

3.6 Conclusion 

There are various ways of defining ontology; however, there is a general agreement that 

an ontology is a shared consensus about a certain part of reality (domain).  Ontologies 

may be general or specific, informal or formal.  They are widely used in Artificial 

Intelligence, computational linguistics, and database design. Ontologies also have 

practical applications in a wide variety of areas including medicine, engineering, 

information systems design, and electronic commerce.  Ontologies enable knowledge 

sharing and reuse and facilitate communication and interoperability among people and 

systems. Ontologies can carry out automatic reasoning and inference and perform 

consistency checking.  More recently, ontologies are finding applications in information 

retrieval and information extraction. Annotating documents and web pages with respect 

to ontology concepts add semantic contents to them and  allow users to perform semantic 

queries (i.e., the semantic web). 
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4 ONTOLOGY-BASED INFORMATION EXTRACTION 

(IE) 
 

4.1 Introduction  

Information Extraction refers to the automatic extraction of structured information (such 

as entities, attributes describing them, and relationships between the entities) from 

unstructured natural language sources. This enables richer forms of queries on 

unstructured sources than it is possible with keyword-based searches. The field of 

information extraction has its origins in the Natural Language Processing (NLP) 

community. The primary extraction tasks were concentrated on the identification of 

named entities such as people and organization names, and countries from natural 

language text. The research in this area was motivated by two competitions, the Message 

Understanding Conference (MUC) (Riloff, 1999) and Automatic Content Extraction 

(ACE) program (Doddington et al., 2004). “MUC has originally defined IE as the task of 

(1) extracting specific, well-defined types of information from the text of homogeneous 

sets of documents in restricted domains and (2) filling pre-defined form slots or templates 

with the extracted information. The MUC has also brought about a new evaluation 

paradigm: comparing the information extracted by automatic ways to human-produced 

results. MUC has inspired a large amount of work in IE and has become a major 

reference in the text-mining field.” (Nédellec, Nazarenko, & Bossy, 2009) 

With the advent of the Internet and the advances made in information technology, an easy 

access to information is granted. This increased the extent and diversity of applications 

and the various forms of information extraction they require. To address the needs of the 
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diverse applications, many different research communities are now engaged in the work 

bringing techniques from machine learning, information retrieval, databases, Web, and 

document analysis. 

Information Extraction (IE) is a major component in many other applications such as text 

mining, semantic annotation, question answering, opinion mining, decision support, rich 

information retrieval and exploration. 

4.1.1 Information Extraction vs. Information Retrieval 

Information Extraction (IE): automatically extracting specific types of information from 

natural language text based on a particular model of reality. The model specifies classes 

of objects or events and the relationships among them; the extraction system finds and 

retrieves occurrences (instances) of those objects or events and their relationships  

(Russell & Norvig, 2009).  Russel and Norvig additionally declare that information 

extraction is mid-way between information retrieval (IR) systems and text understanding 

systems; information retrieval systems aim at finding and retrieving documents that are 

related to user’s requirements and text understanding systems attempt to analyze and 

extract semantic contents of the text. Similarly Riloff (1999) defines information 

extraction as a form of natural language processing that identifies and extracts predefined 

types of information from text.  

As presented in Figure 4.1, IR pulls documents from large collections (usually the Web) 

of documents in response to specific keywords or queries. “An information retrieval 

system does not inform (i.e. change the knowledge of) the user on the subject of his 

inquiry. It merely informs on the existence (or non-existence) and whereabouts of 

documents relating to his request.'”, (Rijsbergen, 1979). The users need to analyze the 
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documents to get the required information. On the other hand, IE analyzes the text and 

pulls facts and structured information from the contents of large text collections (as 

illustrated in Figure 4.2). The user gets the desired information and may further analyze it. 

There are advantages and disadvantages of IE when comparing it to IR. IE systems are 

more knowledge intensive and more difficult to build. IE systems are to varying extents 

domain related. A domain expert and a linguist with knowledge of the IE system will 

generally be required to specify the task, categorise domain data, and perhaps build the 

domain ontology and write extraction patterns. IE systems are designed to extract domain 

specific information and therefore are able to answer specific queries (written beforehand) 

tied to that domain. They are also more computationally intensive than IR systems. 

However, when there are large volumes of text, IE is more efficient than IR in reducing 

the time people need to spend reading and analyzing texts looking for the right 

information. IE systems return knowledge at a much deeper level (entities, their 

properties and relations between entities) than traditional IR systems. 

 

 

       

Figure 4-1. Information Retrieval (IR) (Cunningham et al., 2011) 

Collection of documents Relevant documents 
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Figure 4-2. Information Extraction (IE) (Cunningham et al., 2011). 

 

Building a database with the extracted information and linking it back to the documents 

provides a valuable search tool. This allows for specifying queries in a more structured 

way.  In some cases, there is a need to present the results in several languages. Due to the 

structured and unambiguous nature of IE results, the task of translating these results is 

straightforward in comparison to results returned by IR.  

The MUC programme arrived to identify five types of IE (Cunningham, 2005): 

 Named entity recognition (NE): the simplest and most reliable type of IE. NE 

systems identify various types of entities such as people, places, organizations, 

dates, amounts of money, etc. 

 Co-reference resolution (CO): identify which entities and references (such as 

pronouns and definite noun phrases) refer to the same thing.  

 Template element construction (TE): identify what attributes entities have. 

 Template relation construction (TR): identify relations between entities. 

 Scenario template production (ST): identify events that the entities take part in. 

 

Collection of documents Relevant facts and 

structured information 
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The rest of this chapter is organized as follows: in section 2, we talk about the basic idea 

of adding semantic annotation to documents and the value it adds to information 

extraction. In section 3, we introduce the concept of ontology-based information 

extraction (OBIE). In section 4, we describe the general architecture and functionality of 

OBIE systems. In section 5, we discuss the different types of OBIE based on the method 

used for information extraction. In Section 6, we talk about the tools and implementation 

details for OBIE systems, and the measures used for evaluating their performance 

 

4.2 Semantic Annotation 

Traditional IE is based on a flat structure that might help in recognizing the type of 

named entities, e.g. Person, Location, Organization, Date, Time. In the semantic web and 

related applications (IR, IE, etc) we need information that is represented to be in a 

hierarchical and relational structure.  

Applying named entity recognition to annotate the documents, we can only know the type 

of named entities but nothing more. In the example presented by Figure 4-3, we need 

more semantics to: co-reference DRC with “Democratic Republic of Congo”; to 

disambiguate: which “Washington” is mentioned in the text (state / city)?; to use 

extracted information to perform structured and semantic queries like: European 

politicians who visited an African country? Or Politicians and actors traveling together? 

And answer questions such as: what kind of organization is Blackstone Group LP? What 

is the job of William Hague? Where is Eastern RDC, and what does RDC stands for? 
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Figure 4-3. Named Entity Recognition (Cunningham et al., 2011) 

 

The basic idea of adding semantic annotations to the set of documents we like to 

extract the information from is as follows: 

 Identify and annotate in the text instances of concepts in the knowledge base. 

  Link text to concepts in a knowledge base by attaching metadata to text. 

 The annotated text is a “Mention” of a concept in the knowledge base. 

 Knowledge associated with Mentions can be used in an IE pipeline: e.g. Person 

have job title, city has postal code. 

 Use the knowledge associated with Mentions for “Semantic Search” via reasoning. 

 Use semantically associated documents to add new facts to the knowledge base. 

What we need is a formalism to represent knowledge and add more semantics to it 

and to guide the information extraction process. This formalism should model the 

knowledge as concepts of a domain or a set of domains (e.g., “Regina”, “University 

of Regina”), relationships between concepts (e.g., University of Regina is located in 

the city of Regina), and hierarchies of concepts (e.g., City of Regina is a City which is 

a Location). If we have a close view at what is an Ontology, we can see that 

ontologies are generally characterized by a set of concepts (instances and classes), 

relationships between them (e.g., is-a, part-of, located-in). Ontologies are 
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characterized by multiple inheritances – ontologies are graphs and not trees, i.e., 

Classes can have more than one parent and Instances can belong to more than one 

class.  

 

4.3 Ontology-Based Information Extraction (OBIE) 

Ontology-based information extraction emerged as a subfield of information extraction. 

An ontology is an explicit and formal representation of the conceptual knowledge in a 

particular domain. Information extraction is the process of analyzing text documents 

(unstructured or semi-structured) that contain facts expressed in natural language, and the 

extraction of pre-specified events, entities or relationships from these documents. For the 

task of information extraction ontologies and IE can be unified in one framework. 

Ontologies specify the structure and type of information to be extracted, while the IE 

system extracts the information with respect to ontology definitions and populates the 

ontology. IE systems can be also used to enhance the structure of the ontology (ontology 

learning). In this context, IE is ontology-based process and is not a simple keyword-based 

search or a pattern matching from text documents but rather a structured information 

extraction based on a predefined domain model. 

Definition 4.1. An ontology-Based Information Extraction System is a system that 

processes natural language documents (unstructured or semi-structured) through a 

mechanism guided by an ontology to extract specific types information and then the 

output is presented as a populated ontology (Wimalasuriya & Dou, 2010). 
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Characteristics of ontology-based information Extraction systems 

Wimalasuriya and Dou (2010) identified the key characteristics of OBIE systems that 

distinguish them from general IE systems. 

 OBIE systems process unstructured or semi-structured text documents: Since OBIE is 

a subfield of IE, which is seen as a subfield of natural language processing, the input 

is limited to natural language text. Systems that use images and diagrams or videos as 

input are not considered. Systems that extract information from PDF documents are 

considered as a separate type of IE systems. These systems make an extensive use of 

spatial relationships and images present on the PDF documents. 

 OBIE systems are used for creating semantic contents for the Semantic Web: the 

success of the Semantic Web relies heavily on the existence of semantic contents that 

can be processed and interpreted by software agents. Given the massive size of the 

web, an automatic mechanism is needed to generate such contents. OBIE systems 

provide an automatic mechanism to generate semantic contents by annotating text in 

web pages with concepts from ontologies. This helps in realizing the vision of 

Semantic Web. 

 OBIE systems use an information extraction process guided by an ontology. In all 

OBIE systems, the information extraction process is guided by an ontology. The 

information extraction method is oriented to identify mentions of the components of 

the ontology (such as classes, properties and instances) in the text and extract them. 

 OBIE systems present the output as an ontology (structured or object model with 

classes, subclasses, instances, and relations). A formal ontology is used as one of the 

inputs and as the target output. Some OBIE systems construct their own ontology for 
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the targeted domain instead of having it as an input. This process is called ontology 

learning, where the ontology structure (classes, properties and relations) is derived 

from the text. This is not a requirement, but having to present the output using 

ontology is a compelling requirement. The populated ontology can be exported to 

other formats (such as XML or plain text) or can be used to construct a database or a 

knowledge base to store the results. 

4.3.1 Ontology Semantic Annotation for Information Extraction 

Ontologies are used to represent knowledge and add meaning to it. The idea of using 

ontologies to add semantic annotation to documents is as follows (Figure 4.4): 

 Identifying mentions of ontology concepts in the documents. 

 Linking mentions in the text to ontology resources. This is done by attaching 

semantic metadata to the documents, pointing to concepts in the ontology. 

 Information can be exported as an ontology populated with instances, or as text 

annotated and linked to the ontology. 

 

Definition 4.2.  Semantic annotation: identify and annotate in the texts all mentions of 

instances relating to concepts in the ontology. It is the document which is modified. 

Definition 4.3. Ontology learning: automatically derive an ontology structure from texts. 

Definition 4.4. Ontology population:  given an ontology, populate its concepts with 

instances derived automatically from a text. It is the ontology which is modified. 
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Figure 4-4. Ontology-Based Semantic Annotation (Cunningham et al., 2011) 

 

Advantages of OBIE over traditional IE: 

 OBIE uses a formal ontology rather that flat structure such as lexicon or gazetteer.  

 OBIE returns knowledge at a much deeper level than traditional IE. An OBIE 

system not only finds the type of extracted entity but links it to its semantic 

description in the ontology. This enables the extraction of more meaningful 

information about entities. This may involve making use of relational information 

or performing reasoning to draw new useful conclusions. 

 It allows users to specify their query in a more structured way. 

 Constructing a database through IE and linking it back to the documents can 

provide a valuable alternative tool for semantic search. 
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4.4 General Architecture and Functionality of OBIE Systems 

Individual OBIE systems implemented for different tasks may differ in their 

implementation details; however, there is a common architecture that is shared by most 

OBIE systems. Figure (4.5) describes the architecture for an OBIE system built in GATE. 

 Input Text Corpora: The type of input resources available for extraction ranges from 

raw texts or semi-structured resources such as web pages, to fully structured 

resources such as databases and tables, which can aid in information extraction and 

improve its accuracy. The textual input of OBIE goes first through a pre-processor 

component which converts the text to a format that can be handled by the information 

extraction module; for example, removing tags from an HTML file and converting it 

into a pure text file. 

 Linguistic preprocessing: includes tokenisation and sentence splitting to extract the 

basic components of the text, and shallow syntactic and semantic analysis such as 

morphological analysis and POS tagging to identify the linguistic components of the 

text (such as part-of-speech tag and root of the word). 

 Information extraction module: this is where the actual information extraction takes 

place. This can be implemented using several techniques which will be described 

later. In OBIE all methods are guided by an ontology to extract entities defined in the 

ontology (such as classes, instances, and relations). 

 Semantic language lexicon: A semantic language lexicon, such as WordNet, which is 

widely used for the English language. It groups English words into sets of synonyms 

called sys sets and provides semantic relationships between them including taxonomy. 
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 Ontology: ontology used for information extraction can be constructed using an 

ontology editor (such as Protégé or GATE ontology editor), constructed during the 

extraction process (ontology learning from the input documents), or using an 

ontology constructed by others (ontology reuse). The ontology is used to guide the 

information extraction process and to store the extracted information (ontology 

population). 

 Output: The output of OBIE system consists of structured information extracted from 

the text. The output can be presented as an ontology populated with extracted 

instances. In addition, the input documents from where the information is extracted 

can be annotated and linked back to concepts in the ontology or the knowledge base. 

 The OBIE system might be a part of a larger query-answering system. In such a 

system the output of the OBIE system is stored in a database or a knowledge base. 

The query answering system makes use of the extracted information, stored either in a 

knowledge base or a database, and answers user queries. This may also include a 

reasoning component that can infer new facts from the extracted information. 
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Figure 4-5. OBIE System Architecture (Cunningham et al., 2011). 

 

4.5 Classification of Current OBIE Systems 

The OBIE systems are classified here based on the IE method employed. In principle, the 

approaches used fall into two major groups: 

4.5.1 Knowledge Engineering (KE) Approach 

1. Rule-Based  

Knowledge engineering approaches are rule-based. They focus on hand-crafted extraction 

rules (e.g., grammar, regular expressions). The general idea behind this technique is 

defining regular expressions that capture certain types of information that match 

particular patterns in the texts. The set of regular expressions is implemented using finite-

state transducers consisting of a series of finite state automata. The transducers are 

combined with other NLP tools such as POS taggers and noun phrase chunkers.   
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Rule-based systems require only small amount of training data, but development can be 

very time consuming; they require experienced language engineers for their development 

with expertise in the application domain and the IE system design. 

Examples of the OBIE systems that employ this technique are Embley's OBIE systems 

(Embley, 2004), OntoX system (Yildiz & Miksch, 2007), and Textpresso systems for 

biological literature (Müller et al., 2004). In their systems, they have combined linguistic 

rules that use regular expressions with ontology elements such as classes and properties, 

resulting in “extraction ontologies”.  Other systems that use GATE architecture, such as 

KIM (Hwang, 1999) and the system implemented by Saggion et al. (2007) rely partly on 

this method. The linguistic rules for the mentioned systems were manually identified 

from the documents of the corpus of concern. To address the issue of the time to be spent 

reading all the documents to extract the rules, some systems have been designed with the 

capability to mine extraction rules from text. The system implemented by Vargas-Vera et 

al. (2001) is based on this principle. 

2. Gazetteer lists 

This technique relies also on finite-state automata like linguistic rules, but identifies 

named entities of a certain category instead of pattern matching. The words for the 

entities to be recognized are provided in the form of gazetteer lists. Each list contains the 

names of entities that belong to a particular category. For example, a list of the countries 

of the world or a list of provinces in Canada. 

4.5.2 Machine Learning Approach  

Machine-learning based approaches depend on training extraction models with an 

annotated corpus of domain-relevant text. Consequently, there is no need for system 
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expertise but building the training data might be very expensive. The annotated texts are 

input to the system, which runs a training algorithm on them. The system gains 

knowledge from the text and uses it to extract information from new text of the same 

domain. 

Different classification techniques such as Support Vector Machines (SVM), Maximum 

Entropy models, and Decision Trees have been employed for information extraction. 

They are categorized as supervised techniques. Tagging techniques such as Hidden 

Markov Models (HMM) and Conditional Random Fields (CRF) fall under this category.  

When using classification techniques for OBIE, classifiers are trained to identify different 

components of an ontology, such as instances and property values.  

Examples of systems that employ classifiers include the Kyline OBIE system (Wu & 

Weld, 2007), which uses two classification techniques. It uses the maximum entropy 

model to predict which attribute values are present in a sentence and the Conditional 

Random Fields (CRF) model to identify attributes within a sentence. In the system 

implemented by Li and Bontcheva (2007), the Hieron large margin algorithm for 

hierarchical classification (Maedche & Staab, 2001) is used to identify instances of an 

ontology.  

OBIE systems can apply a combination of rule-based, gazetteers, and classification 

techniques. 
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4.6 Implementation Details and Performance Evaluation 

In this section, we first describe the tools used to build the different components of OBIE 

systems such as NLP tools, ontology editors, semantic lexicons and annotation tools, and 

then we describe the metrics used to evaluate the performance of OBIE systems. 

4.6.1 Tools 

Several categories of tools, such as NLP (Natural Language Processing) tools, semantic 

lexicons, text corpora, ontology building tools, and semantic annotation tools are used for 

the building and development of ontology-based information extraction systems. 

1. NLP Tools: These tools perform linguistic preprocessing functions such as Part-Of-

Speech (POS) tagging, sentence splitting and identifying occurrences of regular 

expressions. Widely used such tools include GATE (Cunningham et al., 2011), and 

the tools developed by the Stanford NLP Group (Manning, Jurafsky, & Liang, 2013) 

and the Center for Intelligent Information Retrieval (CIIR) at University of 

Massachusetts (Croft, 1995). 

2. Semantic lexicons: also known as lexical-semantic databases and lexical-semantic 

nets. These tools organize words of a natural language according to meanings and 

identify relationships between the words. Such relationships related to subsumption 

(hypernyms and hyponyms) are sometimes seen as giving rise to a lexical ontology. 

For the English language, WordNet (Fellbaum, 1998) is the most widely used 

semantic lexicon.  
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3. Ontology editors: Two widely used ontology editors are Protégé (Horridge et al., 

2011) and OntoEdit (Fensel et al., 2000). In addition, the GATE (Cunningham et al, 

2011) text engineering environment includes its own ontology editor.  

4. Semantic annotation tools: manually annotating natural language text with 

ontological concepts is also useful in developing OBIE systems. Such annotations are 

often used as a gold standard in evaluating the accuracy of an OBIE system. GATE 

architecture provides ontology based annotation using two tools, OAT/RAT 

(Ontology Annotation Tool/ Relation Annotation Tool), which annotate a document 

with ontology instances and create relations between annotations by means of 

ontology object properties. 

5. Text Corpora 

In the past, Message Understanding Conferences (MUC) and their successor Automatic 

Content Extraction (ACE) Program provided standard text corpora and standard 

extraction tasks. This had allowed the researchers to evaluate and compare different IE 

systems and identify their strengths and weaknesses. However, since no such conferences 

or standard text corpora currently exist for OBIE, most researchers have to compile their 

own corpora for OBIE systems (Wimalasuriya & Dou, 2010).  

4.6.2  Performance Measures  

In order to measure the quality of OBIE systems, we need evaluation metrics, which can 

provide a consistent mechanism for evaluating different systems or different editions of 

the same system. OBIE systems are evaluated against a gold standard that is created from 

a text corpus and enriched with ontological information – instances in the text are 

annotated with their related ontological concepts. The evaluation task is to measure how 
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good the OBIE system is at discovering in the text all the mentions of instances related to 

the ontology, and whether the correct ontology concept has been assigned to each 

mention. 

 Although there are several standard metrics for evaluating traditional information 

extraction systems, since ontology-based information extraction is a relatively new area 

of research, there haven’t been many standard metrics for evaluating OBIE systems. 

Traditional metrics such as Precision and Recall are widely used metrics for performance 

measurement in traditional Information extraction as well as in Information Retrieval. 

Precision shows the number of correctly identified items as a proportion of the total 

number of items identified, while Recall shows the number of correctly identified items 

as a proportion of the total number of correct items available.  

The F-measure is often used together with Precision and Recall. It is a weighted average 

of the two metrics defined by the following equation. 

 

However, OBIE systems, as pointed out by Maynard, Peters and Li (2006), need different 

metrics to evaluate their performance. The traditional metrics are binary, which means 

they assess an answer as correct or incorrect. However, OBIE systems should be 

evaluated in a scalar way, to allow different degrees of correctness. Such metrics take 

into account the class hierarchy and are useful in evaluating the accuracy of identifying 

instances of classes from text. For example, the score can be based on the closeness of the 

assigned class to the correct class in the ontology.   
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 Cimiano, Ladwig, & Staab (2005) have used a method called Learning Accuracy to 

evaluate how well an ontology has been populated. They have adopted this measure from 

(Hahn & Schnattinger, 1998). This method measures the degree of closeness of the 

assigned class label to the correct class label based on the subsumption hierarchy of the 

ontology. This measure gives a score between 0 and 1 for any concept identified in an 

incorrect position in the ontology, a score of 0 if the concept is missing or false, and a 

score of 1 if the predicted concept is correct. 

Maynard et al. (2006) proposed an evaluation method for OBIE systems. Maynard et al 

defined two metrics called Augmented Precision (AP) and Augmented Recall (AR) 

(Maynard et al., 2006). They combine the properties of the traditional Precision and 

Recall scoring metrics with a cost-based component. 

It could be noted that these evaluation measures are only used for evaluating the accuracy 

of the OBIE in identifying instances and property values, but they are not used for 

evaluating the quality of the ontology used. However, evaluating the OBIE system gives 

us an insight into the quality of the ontology involved in the extraction process. It is also 

useful to have standard metrics and evaluation techniques for information extraction tools, 

to enable users to make informed decisions when selecting tools that suit their needs. 

 

4.7 Conclusion 

Information Extraction is the automatic extraction of structured information from 

unstructured natural language texts. This enables richer forms of queries on unstructured 

sources than it is possible with keyword-based searches. Information extraction can be 

used as an alternative to the traditional field of information retrieval. IE is more efficient 
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than IR in reducing the time the user needs to spend reading and analyzing the returned 

results as it only returns specific types of predefined information in structured format. 

Enhancing traditional IE with ontological information can lead to more useful knowledge 

acquisition. 

In OBIE systems, information extraction is guided by an ontology that specifies the types 

and structure of the information to be extracted, and adds semantic annotations to the 

documents. In addition to providing the ontology as an input to the extraction systems, 

the ontology is also populated by the annotated instances from the documents. Various 

information extraction techniques are adopted by OBIE systems including linguistic rules, 

gazetteer lists, and machine learning. Several tools are used for implementing OBIE 

systems such as NLP tools, semantic lexicons, ontology editors, semantic annotation 

tools, and text corpora to extract the information from. Information extraction system 

performance is evaluated using traditional measurement metrics such as Precision, and 

recall. The F-measure is used as a weighted average of the two metrics. OBIE systems 

can be evaluated using scalar metrics that allow varying degrees of correctness. However, 

few metrics have been suggested and used, such as Learning Accuracy, Augmented 

Precision and Augmented Recall. 
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5 INTEGRATING GIS AND DYNAMIC MODELS: 

CELLULAR AUTOMATA APPROACH FOR THE 

SIMULATION OF URBAN GROWTH 

 

5.1 Introduction 

There are many characteristics of cities that place them among the most complex 

structures created by humans. From the local-scale behaviour of many individual objects, 

structured and ordered patterns emerge in the aggregate, such as peak-hour traffic 

congestions, and large spatial clustering of socioeconomic groups by residence (Torrens, 

2000). Cities also exhibit several characteristics of complexity such as fractal 

dimensionality and self-similarity across scales (Batty & Longley, 1994). Modeling the 

dynamics and growth of cities may be a challenging task without the use of tools that are 

well suited for modeling complex systems. 

Urban models and simulations are used for testing theories about spatial location, the 

interaction between land uses and related activities, and to improve the understanding of 

urban evolution so as to predict change.  Although based on solid theories, traditional 

urban modeling has a number of weaknesses such as their poor handling of time-space 

dynamics, their implementation difficulties, and the failure of their top-down approaches 

to reproduce realistic simulations for the urban process (Torrens & O'Sullivan, 2000). 

Urban modeling has moved from theories and structures that describe land use and 

change in aggregate static terms, to more dynamic models of individual behaviour from 
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which complex spatial structure emerges. Current urban simulation approaches are taking 

advantage of progress in information technology, data availability and complexity theory 

(such as Cellular Automata (CA), and artificial intelligence) to address the problems of  

earlier urban dynamics models (Batty, 2009). New approaches provide a rich 

environment for understanding the dynamics of the system, as well as offering some 

innovative simulation techniques such as agent-based and cellular automata models. 

These models are based on simulating aggregate urban dynamics, and are characterized 

by both simplicity in representing the structure of cities and the ability to embrace their 

complexity (Batty, 2009). 

There have been many efforts (Batty & Xie, 1994a; Couclelis, 1985; Couclelis, 1988; 

Tobler, 1970; Wu & Webster, 1998) to combine different approaches for modeling and 

representing the change patterns of such dynamic phenomena. Geographic Information 

Systems (GIS) have been used for the storage and management of spatial data, and also 

for improving the mapping and visualization of spatial processes (Aronoff, 1989). 

However, most GISs have a limited capability for handling the temporal component of 

spatial data. Dynamic approaches, such CA and complexity theory, are becoming 

increasingly used to model the dynamics of spatial complexity of urban systems because 

of their simple structure, and their capabilities for generating complex patterns that from 

the local interaction of simple components of the system(Torrens, 2000). 

  Remote sensing imagery are an ideal data source for CA modeling because of their 

historical record, their ability to be easily converted to various land use/land cover 

categories, and their inherent cellular data structure. 
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The purpose of this chapter is to implement a cellular automata prototype based on 

Landsat TM data. The principal objective is to provide a realistic simulation of the 

dynamics of urban growth for the City of Montreal.  

In the first two sections of this chapter the concept of cellular automata is introduced and 

the advantages of using CA for the simulation of urban growth are listed and discussed. 

The third section describes how CA are specified to represent geographic phenomena, 

such as urban growth. The last sections present a case study demonstrating the modeling 

of urban growth of the Montreal metropolitan area. 

 

5.2  The Concept of Cellular Automata (CA) 

The idea of cellular automata owes great deal to Turing's specification of a universal 

machine in the 1930s (Torrens, 2000). A system may be regarded as a universal computer 

if, given a suitable initial program, it is capable of implementing any finite algorithm 

through its evolution over time, i.e., that it is capable of producing a working copy as 

complicated as itself and it has the means to make further copies. In 1940 Von Neumann 

went so far as to build such "self-replicating" computers based on this principle (K. 

Clarke, 2008). Von Neumann succeeded when he found a mathematical model for such a 

machine with very complicated rules on a rectangular grid. Later, Conway was successful 

in simplifying Von Neumann’s ideas and embodied them in the Game of Life (Clarke, 

2008). From a theoretical point of view, Conway's development was motivating because 

it had the power of a universal Turing machine. Life attracted much interest because very 

complex patterns and spatial behaviours emerged from a very simple set of rules.  
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The standard CA consists of a regular lattice in which the CA components exist and 

evolve over time. The lattices of a CA can be any dimension; however, the grids used to 

model geographic space are generally two-dimensional. The lattice consists of identical 

cells with local interaction, and each cell can be in one of the states from a finite set of 

defined states. The cell states evolve synchronously in discrete time steps according to a 

set of local rules (Wolfram, 1984), in which the cell state at time (t +1) is a function of the 

cell state and the states of its neighboring cells at time (t). The neighborhood of a cell 

consists of the cell itself and all the cells at certain proximity of the cell, from which the 

cell draws input. Transition rules are generally in the form of <if–then–else> statements, 

and are applied on input from a neighborhood template to evaluate the value of each cell 

(Torrens, 2000). Transition rules enable complex systems to be modeled using simple 

components that drive their dynamics (Batty, Xie, & Sun, 1999). Despite their simple 

construction, CA are capable of complex universal behaviour (Wolfram, 1984).  

 

5.3 CA-Based Modeling of Urban Growth 

Cellular automata are dynamic and discrete models for complex natural systems that are 

studied in computability theory, mathematics, physics, and theoretical and microstructure 

modeling. CA are cell-based methods that can model two-dimensional space. Because of 

this feature, some geographers have adopted CA to simulate in land use or other 

geographical phenomena (White & Engelen, 2000). In particular, CA have become 

especially useful tools for modeling land use dynamics (Tobler, 1979). 

Waldo Tobler was the first to consider using explicit cellular automata for modeling 

geographical phenomena (Tobler, 1979). Tobler proposed a cell-space model simulating 
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the urban growth of Detroit region (Tobler, 1970). Applying his first law of geography 

that “everything is related to everything else but near things are more related than distant 

things” (Tobler, 1970), his model related the growth of a cell to the population of the 

same and neighboring cells in the immediately preceding time period.  Following this 

research, Tobler started investigating the use of cellular automata for other geographic 

systems. Accordingly, he classified land use change models into five types (as illustrated 

in Figure 5.1). In his study, Tobler used a type V model, which he classified as a dynamic 

model, to show that the land use of a given location gij at time step t+Δt is a function F of 

land use at that location at time t and of a measure of all the land uses in neighbourhood n 

of that location. The neighbourhood used was Von Neumann neighbourhood and was 

defined as the geographical domain of influence. Transition rules were defined similar to 

the standard CA definition.  

After the pioneering work of Tobler, many research efforts explored CA and its 

application to geography. For example, Coulelis (1985; 1988; 1989)  provided theoretical 

and practical frameworks for using CA in modeling the dynamics of geographical spatial 

phenomena. Further, Batty and Xie (1994a; 1994b)  and Batty, Xie & Sun, (1999) 

developed the Dynamic Urban Evolutionary Model (DUEM) to model land use change 

through transition rules. They defined various decision rules that embedded distance and 

direction, density thresholds, and transition or mutation probabilities into the model's 

dynamics. White and Engelen (1993; 1994) integrated models for socio-economic and 

natural systems to predict the future demand for the various land uses. Clarke, Hoppen 

and Gaydos (1997) coupled two CA models – an urban growth model and a land use 

change model –to predict urban growth as part of a project for estimating the regional and 
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broader impact of urbanization.  Their model started as a basic urban growth model using 

weighted maps as inputs and applied a set of CA rules that determined whether or not 

cells will change from nonurban to urban for each year in the sequence. This was coupled 

to a second cellular automaton that received the number of new urban cells in each time 

period and created and enabled change among land uses other than the urban class, for 

example from wetlands to agriculture.  Wu and Webster (1998) integrated multicriteria 

evaluation into CA simulation to define non-deterministic, multidimensional, and 

multilevel transition rules.  

5.3.1 Advantages of Using CA for Urban Simulation 

The popularity of urban CA models is in part due to the weaknesses of traditional urban 

models, such as their poor handling of time-space dynamics, their static aggregate 

representation of change, and their unrealistic simulation of space (Torrens, 2000). Also, 

CA models offer several advantages that make them well recognised for the modeling 

and simulation of complex processes, such as urban growth dynamics.  

Some of these advantages are listed as follows (after Torrens (2000) ): 

The most appealing characteristic of cellular models is their simplicity, In CA models, 

realistic and complex patterns emerge from simple rules and the interaction of simple 

components at the local level. In CA models complexity emerges from within the model; 

it is not a part of the model design. CA models are also used as explanatory tools for real-

world applications. CA are explicitly spatial and make implicit use of spatial complexity. 

The parallel processing approach of CA makes them decentralized.   
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Figure 5-1. Graphic illustration of five models using a 25-cell geographical array (Tobler, 1979) 

 

The decentralized approach treats the system dynamics as nonlinear interactions among 

its individual components. This mirrors the ways in which real cities decentralize, and 

move away from monocentric to polycentric city systems. CA have intrinsic affinity with 

raster data, and seem to be well suited to remotely sensed data and GIS.  Further, both 

CA and spatial information systems represent attributes in a layered fashion (e.g., class 

and spectral layers in remote sensing, themes in GIS, and cell state-spaces in CA) and 

manipulate that information with spatial operators (e.g., texture measures in remote 

sensing, neighbourhood operators in GIS, and transition rules in CA. The capability of 

CA to handle fine-scale dynamics with computational efficiency make them suitable for 

detailed simulation. This stems from the progress made in operational land-use and 

transport models, but with an explicit attention to detail. CA models have the ability to 

represent system dynamics. Traditional urban models are relatively static and treat urban 
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dynamics very poorly. CA models represent a significant advance in the treatment of time, 

since they are interactively dynamic and move in short time steps. This makes them 

capable to approximate real-time urban dynamics. Also, CA allow multiple time scales to 

be represented facilitating their suitability for modeling the activities and events of cities 

that vary temporally, such as long-term economic cycles, daily activities, and hour -by-

hour social interactions. CA models simulate the emergence of large-scale patterns from 

the interaction of local components. CA has much to offer for urban simulation, city is 

complex system composed of subsystems that interact with each other at different scales. 

CA models can connect these subsystems by allowing large-scale patterns to emerge 

from the interaction of local components. The highly visual simulation environments of 

CA models enhance the engagement and interaction of users with the model. Also, the 

visual dynamics of CA models allows the evolution of the system to be displayed as it 

changes through time. 

5.3.2 Characteristics and Factors of Urban Land Use Dynamics  

Land use dynamic CA models combine several factors that play important roles in the 

growth of city. Factors such as the accessibility to the transportation network and the 

suitability for urban land use determine growth corridors, for example. Additionally, legal 

zoning regulations contribute to the land use form of an area.  

Hence, the process of urban land-use dynamics can be defined as a probabilistic system 

in which the probability )(P  that a place )(i  in a city is occupied by a particular land use 

)(K is a function of accessibility )( A , suitability )( S , zoning status )( Z , and the 

neighbourhood effect )( N measured for that land use (Barredo, Kasanko, McCormick, & 

Lavalle, 2003). In addition to these deterministic factors, a stochastic parameter is often 
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added to urban CA to simulate the degree of uncertainty that characterizes most social 

and economic processes. The probability function is thus defined as  
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5.3.3 Specifying CA as Urban Systems 

In order to use CA models for urban simulation they must be modified from their basic 

standard form.  The urban CA model consists of a rectangular grid of square cells. CA 

cells are considered as pixels of a land use map derived from a classified remote sensing 

image, except that each cell is able to process information and visualize the evolution of 

its state. As such, each cell is associated with vectors of suitabilities, one for each land 

use taking part in the dynamics, and a set of codes representing its zoning status for 

various land uses. 

The neighbourhood space of the urban automata is defined as a circular region around the 

central cell with a radius of eight cells. A neighbourhood effect is calculated for each cell 

to represent the effects of the various land uses and land covers within its neighbourhood.  

Distant cells will have a smaller effect in the evaluated central cell. Each cell in the 

neighbourhood is given a calibrated weight according to its state and distance from the 

central cell. 

A cell can be in one of the states represented by the different land uses classes in the area. 

The state of a cell (i) at consecutive time t+1 is a function of its state (S), its 

neighbourhood effect (N), and set of transition rules (T) at an initial time t. Using this 

function, transition rules are applied to each cell to determine what state it should change 

to during a time transition.  The cell state can be mathematically represented as: 
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In general, the transition rules are in the form of <IF–THEN–ELSE> statements. For 

example, IF an event occurs in the neighbourhood of a cell, THEN some other event 

occurs to the cell. In land use change modeling, these rules represent how change occurs 

in the real world. The transition rules change each cell to state for which it has the highest 

potential calculated by equation (1).   

  

5.4 Urban Growth Modeling for the City of Montreal 

5.4.1 Study Area 

The CA model is applied to model the urban growth of the city of Montreal, Québec. The 

study area (Figure 2) covers the Greater Montreal Metropolitan Area and is 

approximately 3600 km
2
. The city got its name from the most prominent geographical 

feature in the island, The Mount Royal Mountain. According to statistics Canada, 

Montreal’s census Metropolitan Area (CMA) (land area 4,258.97 km
2
) is recognized as 

the second largest populated region, with a population of 3,451,027 in the year 2001, and 

a population of 3,635,571 as of 2006 census, with growth rate of 5.3% (Statistics Canada, 

2006 Census of Population). The population growth had significant affect in the rate of 

urban sprawl in Montreal in the last few decades (Statistics Canada).   
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Figure 5-2. Location of Study Area: Greater Montreal Area, Quebec, Canada 

5.4.2 Methods 

5.4.2.1  Image Data and Pre-processing 

Three Landsat images from the years 1975, 1990, and 2005 were used in this study (as 

shown in Table 5.1). 

 

Image Date Sensor Spatial Resolution 

July 7, 1975 Landsat 2 MSS 80 m 

August 21, 1990 Landsat 5 TM 30 m 

June 06, 2005 Landsat 5 TM 30 m 

 

Table 5-1. Landsat Images 
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All the images were geometrically corrected to the Universal Transverse Mercator 

projection (UTM Zone 18, NAD 1983) and resampled to 100 m grid cell spacing.
2
  A 100 

m grid spacing was used because: (i) we were not interested in land use changes at 

resolutions smaller than this; and (ii) this setting balanced the differences in spatial 

resolutions between the sensors. 

Canadian Digital Elevation Data (CDED) was obtained from the Canada Centre for 

Topographic Information (Natural Resources Canada, 2000).  The elevation data were 

mosaicked and registered to the Universal Transverse Mercator projection (UTM Zone 

18, NAD 1983) and resampled to a 100 m grid cell spacing to match the satellite imagery.  

The percent slope for each grid cell was calculated for use in the CA model. 

Road and street data were obtained from Statistics Canada.  These data had been pre-

registered to a UTM projection.  Only main and major road classes were used because 

these were thought to have the greatest impact on urban growth. 

5.4.2.2 Image Classification and Accuracy Assessment 

The three Landsat images were independently classified using the maximum likelihood 

algorithm into six land use/land cover classes: water, residential, commercial-industrial, 

vegetation, cropland, and woodland. The residential and commercial-industrial classes 

represent the primary classes of interest for this study of urban growth. Land use maps 

were produced for the years 1975, 1990, and 2005. Figure 5.3 shows the land use maps 

for the years 1975, 1990, and 2005. 

                                                 
2
 All image analysis was completed using PCI Geomatica V10.3. 
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In order to use the produced maps for further analysis, an accuracy assessment was 

carried out. Accuracy assessment compares the agreement of the classified image/map 

with the reference data or ground truth.  

One of the most commonly used forms of classification accuracy is the error, or 

confusion matrix. Many accuracy statistics are derived from the error matrix, such as the 

overall accuracy and the Kappa Index of Agreement (KIA). 

KIA measures the difference between the actual agreement between classified data and 

reference data and the chance agreement between the reference data and a random 

classifier. The Kappa index ranges between 0 and 1, where a value of 1 indicates a 

perfect agreement and a value of 0 indicates the level of agreement is due to chance 

agreement. 

The overall accuracies of the maps of 1975, 1990, and 2005 were 94%, 80%, and 94% 

respectively; the overall Kappa statistics were 0.92, 0.75 and 0.92. The achieved 

accuracies were deemed to be adequate for effective and reliable land use change analysis 

and modeling. 

5.4.3 CA modeling of Urban Land Use: Model Description and 

Implementation 

In this study we applied an integrated approach that combined cellular automata with 

Markov analyses 
3
 for modeling land use change and project the future urban growth in 

the study area. Land use maps from different time periods were used to develop the urban 

probability statistics for land use change for a future time period.   

 

                                                 
3
 We used the CA-Markov algorithm as implemented in the IDRISI Tagia GIS. 
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Figure 5-3. Land-use maps for the years 1997, 1990, and 2005 

 

A set of conditional probability images were produced, one image for each land use class. 

The images describe the probability that each pixel will change to a specific class in the 

next time period (t+1). 

Although a stochastic land cover map can be created from the conditional probability 

images using stochastic choice decision model that evaluates the conditional probabilities 

for each land cover at each pixel. The result lacks spatial knowledge of the distribution of 

each class. This missing spatial information specific to the prediction of land use change 

is introduced through cellular automata. The CA allows the transition probabilities of one 

pixel to also be a function of its neighbouring pixels as defined by a contiguity filter. This 

filter is spatially explicit contiguity-weighting factor applied to the set of suitability maps 

created for each land use that express the suitability of each pixel for each of the 
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considered land use types. A pixel close to specific land use is more likely to change to 

that category than a distant one. The filter reduces from the suitability of areas away from 

existing area of that type. A suitability map was created for each kind of land use (e.g., 

Figure 4 shows the suitability map for residential land use).  

A multi-criteria approach was applied to create the land use suitability maps (Eastman, 

2009).  The approach combines various criteria into a single index that indicates the 

suitability of each location in the study area for that specific land use. Criteria are of two 

types: factors and constraints. Constraints exclude or constrain areas from being 

considered for a type of land use and factors are criteria that assign a relative degree of 

suitability for each location for the land use under consideration. For example, water 

bodies are not considered as suitable for residential development under any condition and 

proximity to roads is a factor that enhances the suitability of land for residential 

development. Constraints are represented by Boolean images, where 0 is assigned to 

areas that are not suitable and 1 is assigned to suitable areas. Factors define a degree of 

suitability and are represented by continuous scales / continuous images; different factors 

may have different units – e.g., distance from roads in meters and slope of land in degrees. 

In order to be able to combine factors, they are standardized to a scale of 0 to 255 using 

fuzzy functions (Eastman, 2009).  Non-suitable areas are represented by 0 and the most 

suitable areas are represented by the value 255. 
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Figure 5-4. Residential land use suitability map 

 

The criteria applied to create the suitability maps were selected from the existing 

literature. For example, the criteria used here for residential land-use were land use type, 

distance from roads, slopes, distance from water bodies and distance from developed 

areas. 

In this study, land use maps from the years 1975 and 1990 were input to the CA model. 

The model produced a transition probability matrix (as shown in Table 2) for the land use 

classes between 1975 and 1990, as well as a set of conditional probability images for 

each class of the land use classes defined (e.g., Figure 5 shows the conditional probability 

image for being commercial/industrial land use class). The transition probability matrix, 

the collection of suitability images (one image for each kind of land use) and the CA 
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contiguity filter were used to project the land use change for the year 2005 (Figure 5.4: 

Projected Land Use Map for the Year 2005). 

 

5.5 Results and Discussion  

A visual comparison between the actual map for the year 2005 and the predicated map 

for the same year was carried out to assess the accuracy of the predicated map.  

The water areas were correctly predicted due to the constraint applied in the model (i.e., 

the water areas were considered as out of bounds for the growth of any other type of land 

use).  The residential class was over-predicted in some areas and under-predicted in 

others. This is probably due to the effect of applying the contiguity filter. The filter 

increased the suitability of a pixel to become residential if the local neighbourhood pixels 

were residential, and the suitability value of the pixel to become residential (or remain 

residential) was decreased if the pixel was away from existing residential land. The same 

observation applies for the commercial-industrial class. The cropland appeared to take 

over the commercial-industrial land in areas where there were only isolated areas of 

commercial-industrial development and large contiguous areas of cropland. The 

vegetation land use class was noticeably over-predicted and suffered the same smoothing 

effect (growth of areas that were homogeneously vegetation) indicated above; in the 

actual map, vegetated areas tend to appear as small pockets scattered over the map area.  

Small areas of forest were lost (went to other classes) and larger areas had small 

inclusions of other land uses removed.  
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Figure 5-5. Predicted map and actual map (2005) 
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An error matrix was created for the real and predicted maps for the year 2005. The real 

classes represented by the columns of the matrix are compared to the classes in the 

predicted map represented by rows.  Derived from the error matrix (shown in Table 2), 

we can see that only 29% of the commercial-industrial class was predicated correctly as 

that class and that the largest components of the error of omission (EO) for the class are 

cropland (50%) and residential (16%); the largest portion of the error of commission (EC) 

was residential (12%).  For the residential class, 53% was predicted correctly as 

residential and the largest components of EO are cropland (24.5%) and commercial-

industrial (12%); the largest component of EC was commercial-industrial (16%).  For 

vegetation, 62% was predicted correctly, with the largest components of EO cropland 

(22%) and forest (13%); the largest components of EC were cropland (29.5%) and forest 

(13%).  Pixels that are cropland in the real map were the most accurately predicted (at 

75%), with the largest component of EO being vegetation (13%); the largest components 

of EC were commercial-industrial (50%), residential (24.5%), and vegetation (22%).  

Forestland was 59% correctly predicted, with the largest component of EO also being 

vegetation (29.5%); the largest component of EC was vegetation (13%).  It is apparent 

from the above that the majority of the problems with the predicted map are with respect 

to residential, commercial-industrial, and cropland, with cropland responsible (errors of 

commission) for most of the predictive error with respect to the two urban classes. 

To evaluate the model and assess the overall degree of similarity of the simulated and 

actual land use maps for 2005, the two maps were compared using the Kappa Index of 

Agreement (KIA). Different Kappa indices were obtained: Kappa for no information 

(Kno) and Kappa for location (Klocation). Kno indicates the proportion classified 
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correctly relative to the expected proportion classified correctly by a simulation with no 

ability to specify accurately quantity or location. Klocation is defined as the success due 

to a simulation‘s ability to specify location divided by the maximum possible success due 

to a simulation‘s ability to specify location perfectly [10].  

 

 

Table 5-2. Error matrix 

 

The overall accuracy of the predicted map was 59.4%, Kno was 0.51, and Klocation was 

0.66. However, combining the two urban classes (residential and commercial-industrial) 

into a single urban class increases the overall accuracy of the prediction to 65%, Kno to 

0.56, and Klocation to 0.73. 

In addition to the effect of the contiguity filter on the predictive accuracy of the model, as 

discussed above, changes in economic and social factors between the two time periods 

(1975-1990 and 1990-2005 (the year for which land use is being predicted)) may also 

contribute towards prediction error; for example, differences in the level of economic 

prosperity / activity and changes in development policies between the two time periods 

may lead to the calculation of probabilities that don’t accurately reflect the growth in the 

later period (1990-2005). 
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Another major aspect, which may have considerable impact on the simulation results, is 

the availability of the data layers that represent the drivers of change (social and 

economic factors) in land uses and are necessary for the creation of more accurate 

suitability maps. 

 

5.6 Conclusion 

The CA prototype is anticipated to be able to provide a good representation for the 

dynamics of urban growth of cities. However, as can be seen from the results obtained 

from the model used, some additional refinement may be required to achieve better 

predictive accuracy. Such refinement may include the addition of more data layers, which 

may be a problem in some cases due to the lack of availability of the data. Additionally, 

other modifying factors such as economic performance may better help simulate the rate 

of growth of urban areas. Another factor that may be important is some refinement to the 

application of the contiguity filter, so that it more realistically handles areas of 

heterogeneous land use and avoids the tendency to smooth those areas away, creating 

large patches of homogenous land use.  Also, the availability of reference data can better 

help assess the accuracy of the classification and simulation results. 

The most challenging task is specifying the criteria that are subsequently applied to create 

the land use suitability maps. Suitability maps act as transition rules in the CA model. 

These maps along with other inputs are provided to the CA model to model change and 

simulate or predict future urban growth of the city. The work on this chapter motivated 

the development of the ontology-based information extraction system, described in 
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Chapter 6, to automate the extraction of the criteria and their values from the relevant 

domain documents.  

The same type of land use suitability criteria and their values can also be incorporated 

into the MCDM approach applied in Chapter 7 to produce a residential development 

suitability map which may be useful to assess proposed land use rather than as an input to 

a simulation model. 

 

  



98 

 

6 ONTOLOGY-BASED INFORMATION EXTRACTION 

SYSTEM FOR LAND USE SUITABILITY ANALYSIS 

CRITERIA 

 

6.1 Introduction 

The use of land by humans in modern times often has a major negative impact on the 

natural environment. Such uses include residential, industrial, resource production, and 

intensive agriculture operations.  

Land use planning, or alternative terms such as urban planning, environmental planning 

or spatial planning, refers to the process of implementing regulations and policies for the 

use of land and the development of build environment. The objective is to put into 

practice the best land use options that support sustainable economic development and 

environmental protection. Many jurisdictions apply land use suitability analysis for these 

purposes. 

Land use suitability analysis in this context is applied to assess the appropriateness of a 

specific area of land for a particular kind of use. Multi-criteria analysis is a systematic 

multi-factor analysis of the different aspects of the landscape. Model input, therefore, 

includes a number of physical, economic and cultural factors. The results of the analysis 

are usually presented on maps that rate areas from high to low suitability for specific uses. 

The maps may be the desired end result or they may be used as one of the inputs to a 

simulation model, such as cellular automata, for representing and predicting the spatial 

dynamics of land use such as urban growth. 
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Each jurisdiction has its own set of regulations and policies that are applied to assess land 

use suitability for that geographic area. The regulations provide the criteria for the factors 

to be included in the multi-criteria analysis. The most important and time-consuming task 

is to specify the criteria that are applied to determine the suitability value for each 

location for a particular land use. Thus we have to find the applicable documents and 

extract the relevant factors and criteria. Most documents available in the web are in 

natural language and cannot be directly processed by machines. Therefore, finding and 

extracting criteria and the specific values for the criteria can be a tedious and time-

consuming manual process.  Additionally, in some cases, there may be no specific values 

for criteria and the actual or real values require expert judgment. 

IE is defined as the process of automatically extracting specific (structured) types of 

information while skipping irrelevant information, from a collection of natural language 

unstructured text documents. 

Ontology-Based Information Extraction (OBIE) has recently emerged as a subfield of 

information Extraction (IE). OBIE is the process of identifying in text sources relevant 

concepts (entities, properties and relations) with respects to domain ontology. The 

integration of ontology into information systems provides significant advantages over 

traditional information extraction systems. In OBIE systems, all the knowledge used by 

the system to identify the concepts in the documents is structured by the ontology, such 

that OBIE systems provide an automatic mechanism to generate semantic contents by 

annotating text with concepts from the ontology. OBIE systems can return knowledge at 

much deeper levels than traditional systems. An OBIE system does not only find the type 

of the extracted entity but also links it to its semantic description in the ontology. This 
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helps in resolving some of the ambiguity issues faced by traditional lexicon-based 

systems. Further, the output of the OBIE systems is constructed from elements of 

ontological knowledge, ensuring that the knowledge is captured and represented with 

respect to the domain model.  

In this chapter, we develop an ontology-based information extraction (OBIE) system for 

automating the extraction of criteria and values applied in land-use suitability analysis 

from Saskatchewan bylaws and regulations documents.  These criteria represent the 

various physical and socio-economic factors that are taken into consideration when 

assessing suitability of land for development. A core constituent of the system is the 

domain ontology that encodes the concepts that are relevant to land use suitability 

assessment criteria. 

The main components of our OBIE system can be summarized as follows: 

IE model: consists of the specification of domain-specific lexical knowledge 

accomplished through the use of natural language processing tools, pattern-matching 

rules, domain-specific gazetteer lists and domain ontology. 

Input documents: the set of natural language text documents that include regulations and 

policies set by planners to help developers assess the suitability of land for development. 

Documents related to land use suitability assessment in Saskatchewan, from which the 

land use suitability criteria were extracted, were selected. However, a wider selection of 

documents related to land use suitability assessment in other areas were also consulted to 

introduce some degree of generality to our information extraction system and extend its 

capabilities to other documents in the domain. 
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Output: is the target knowledge structure, i.e., an ontology populated with instances of 

related concepts and relations. Documents annotated with ontological knowledge.  

The system uses two main inputs: domain documents (documents which contain relevant 

information such as regulations and bylaws for land use suitability analysis) and the 

domain-specific ontology. Our ontology deals with criteria used for land use suitability 

analysis; therefore it includes concepts such as topography, soil, setbacks, and servicing. 

The IE model automatically annotates text with semantic information based on concepts 

expressed in the ontology. It then performs the mapping from annotated text instances to 

corresponding elements in the ontology. As a result, the ontology is populated with 

instances of the extracted information. Subsequently, the user may query the ontology, 

may attempt to make inferences, or may export content to a database or knowledge base 

prior to further analysis. 

To accomplish this task, we follow a knowledge engineering approach to build our 

information extraction system. The system is composed of the following components: 

text analysis and preprocessing, ontology construction, ontology-based semantic 

annotation, information extraction and ontology population, and output presentation. 

In our system we apply a combination of rule-based and gazetteer lists techniques. Unlike 

machine learning approaches, little or no training data is required. However, we do need 

to manually build the domain ontology, and to create domain-specific extraction rules 

and gazetteer lists. 

We develop our system using language processing tools from the General Architecture 

for Text Engineering (GATE)  (Cunningham et al., 2011) GATE provides a ready-made 

information extraction system called ANNIE. The ANNIE application is mainly used for 
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identifying generic named entities such as person names, organization names and 

locations. ANNIE does not cover concepts in the domain of land-use suitability 

assessment (or other specialized domains); therefore we need to also develop more 

domain-specific extraction rules and gazetteer lists.  

In the next section, we present a general overview of the LUSA OBIE system 

architecture and functionality.  Each component of the system is then described in detail 

in sections 6.3 to 6.8. 

 

6.2 LUSA OBIE General Architecture and Functionality 

The LUSA OBIE system is composed of the following components. 

 Document Selection and Analysis: the selection of documents related to our 

application domain – land use suitability analysis in Saskatchewan. The 

documents are carefully examined to help identify relevant domain knowledge 

concepts (categories, their properties and the relations between them). Documents 

analysis assess in determining the structure of the ontology that will be used for 

guiding the information extraction and for storing the extracted information, as 

well as for enumerating the domain-specific gazetteer lists with relevant domain 

terminology. More details are presented in section 6.3. 

 Linguistic Preprocessing: performing shallow lexical and syntactic analysis (Part 

of speech tagging, morphological analysis and gazetteer lookup) using NLP tools 

from GATE. The tools generate several linguistic annotations and features that 

can be combined to build patterns for extracting more complex information 

structures. More details are described in section 6.4. 
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 Domain Ontology Construction: the formal specification of the land use 

suitability domain knowledge structure. The ontology encodes concepts (and their 

properties and relations among them) relevant to land use suitability analysis 

criteria. The ontology is used to specify the structure for the information to be 

extracted. In addition, the ontology is also populated with the extracted 

information. Detailed description is presented in section 6.5. 

 Ontology-Based Semantic Annotation: finding instances of domain concepts in 

the text documents and linking them to the relevant ontology concepts. For the 

task of semantic annotation, we combine the ontology with domain-specific 

gazetteer lists and extraction rules. To enrich the ontology we create a set of 

domain-specific gazetteer lists that contain specialized terms for each ontology 

concept. The lists are used to identify instances of domain concepts in the 

documents and annotate them. We also build a set of pattern-matching rules that 

are used to define more complex patterns. The rules combine several annotations 

and suggest more complex information and create the semantic annotation for 

them.  The process is described in more detail in section 6.6. 

 Ontology Population: includes the generation of instances of the annotated 

domain concepts in the text to add them to the relevant concepts (classes, 

properties or relations) in the domain ontology. We have built another set of rules 

to populate the ontology with the instance of classes and properties found in the 

text. Section 6.7 provides more details of the process. 

 Output Representations – the output of LUSA OBIE system may takes various 

forms: 
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1. Annotated documents that are linked to concepts in the ontology via 

semantic annotations. This allows an improved semantic search on the 

documents. 

2.  Ontology populated with instances of domain knowledge discovered in 

the documents. The populated ontology can be used to perform semantic 

queries and automatic reasoning to infer new information. 

3. The ontology can be exported to a knowledge base or a database for 

further analysis.  

More details about the various results of LUSA OBIE system are 

presented in Section 6.8. 
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Figure 6-1. LUSA OBIE System Architecture and Functionality 
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6.3 Documents Selection and Analysis 

One of the requirements of IE is that the type of content to be extracted must be 

predefined. Therefore, we need to identify and examine domain-specific documents in 

order to identify relevant concepts that should be included in the ontology that will guide 

the information extraction process. The overall or general domain of interest is land use 

suitability; the specific application domain dealt with in this work is land use suitability 

assessment in Saskatchewan.  Documents relevant to the Province of Saskatchewan were 

searched for, examined for basic relevance, and – where appropriate – downloaded from 

the internet.  These documents include information about the regulations and policies that 

are applied to assess land use suitability in the province. Selected documents pertaining to 

land use suitability in Saskatchewan were subsequently examined in detail to help 

provide the concepts to assist in constructing the ontology and to help provide the 

terminology to be used in gazetteer list construction and for building pattern extraction 

rules. The primary concepts that were identified include: Topography, Soils, Surface and 

sub-surface drainage, Potential for flooding and other hazards, Easements (or Interests), 

Land use (uses) in the vicinity, Streets, lanes, traffic flow and public safety, Site design 

and orientation, The protection of fish and wildlife habitats, The protection of significant 

natural and historical features, Setbacks and Public Lands. 
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6.4 Linguistic Preprocessing 

The initial step is preprocessing the document structure to convert it to a format that can 

be handled by the extraction system (e.g., removing tags and original mark up from an 

HTML document and convert it into a raw text). 

The input documents are unstructured and contain natural language text. The information 

is extracted by creating a set of patterns to be matched to the natural language text. 

Because of the complexity of natural language, it is difficult to describe these patterns as 

simply word sequences. We need first to structure the input text, identifying its essential 

lexical and syntactic constituents. The documents chosen (domain documents) are written 

in natural language so there are several linguistic preprocessing steps that must take place 

in order to structure the input text and make the knowledge accessible. 

We use ANNIE (a Nearly-New Information Extraction system from GATE)  

(Cunningham et al., 2011) to process the text to obtain various linguistic features, which 

we use to build the patterns to be matched in the text and extract the information. ANNIE 

is composed of a set of processing resources that form a pipeline. The processing 

resources run in sequence over the documents; each resource creates some type of 

annotation and its corresponding features.  

Text preprocessing includes tokenization, sentence splitting, shallow lexico-syntactic 

analysis (Part of Speech tagging and morphological analysis) and named entity 

recognition.  

First, the tokenizer segments the text into logical units called tokens. The tokenzier 

produces ‘Token’ and ‘SpaceToken’ annotations for each token, with features 

orthography (capitalization form of words), kind (word, number, punctuation, or symbol), 
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length, and string (used to look for a specific word). Next, the sentence splitter splits text 

into sentences and creates ‘Sentence’ annotations and ‘Split’ annotations on the sentence 

delimiters. Subsequently, The POS tagger module performs lexical analysis and adds a 

category (part of speech category, e.g., noun (NN), verb (VB), or proper noun (PNN))  

feature to each Token annotation. Finally, the morphological analyser generates a “root” 

(root of the word or lemma) feature on Token annotations. This feature is used by the 

gazetteer.  

Gazetteer Lookup: Gazetteers are plain text files containing lists of names (e.g. of rivers, 

cities, and people). Each gazetteer has an index file listing all the lists, plus features of 

each list (major, minor, language, and Annotation); e.g., the features for country.lst list 

(location, county, Lookup). The gazetteer generates Lookup annotations with relevant 

features corresponding to the list entry list matched. Lookup annotations are used 

primarily for named entity recognition.  

In addition to the default ANNIE gazetteer lists, we have created a set of domain-specific 

gazetteer lists. The lists contain specialized terms which help us with identifying concepts 

relevant to our domain. More details about domain-specific lists are presented in Section 

(6.6.1).                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                              

Further processing and the creation of matching patterns depend on the annotations and 

features produced by the respective ANNIE modules. 

 

6.5 LUSA Domain Ontology Construction 

Ontology represents the backbone of an OBIE system. An ontology is used to capture and 

represent domain knowledge. IE systems are, to a varying extent, domain related.  
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One of the requirements of IE is that the type of content to be extracted must be defined a 

priori. In the context of information extraction, ontologies specify the structure and type 

of information to be extracted.  The challenge is to use an ontology that is adequate for 

guiding information extraction from domain-related text. 

Thus, in order to specify the information to be extracted, we defined an ontology to 

represent the knowledge of our domain and use this ontology to guide the information 

extraction process. 

LUSA ontology was built from scratch because none of the existing ontologies covers the 

concepts in our application domain. The LUSA criteria ontology was explicitly 

developed to extract land use suitability criteria from documents related to Saskatchewan.  

The logic driving this approach was to get a basic prototype land use criteria domain-

specific, ontology-driven information extraction system developed (built) and working at 

a satisfactory level of performance.  However, because the terminology, as catalogued in 

the gazetteer lists that were developed, and the criteria classes in the ontology are, to a 

great degree, common across most or all documents in this domain, and because many of 

the extraction rules can potentially be applied to these other documents, the LUSA 

criteria ontology can subsequently be built upon incrementally to extend its capabilities to 

other documents in this domain.  Recall that re-use is one of the primary factors favoring 

the use of ontologies.  With this in mind, although documents for a specific area were the 

focus, other land use suitability documents were consulted during system development in 

order to introduce, from the outset, at least some degree of generality to the information 

extraction approach. 
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From the analysis of domain-specific documents, we identified a list of factors that are 

considered by the city planners (CPB – Community Planning Branch) when assessing 

land suitability for development. These criteria (factors) represent the biophysical, social 

and economic factors that may be used in the construction of land use suitability maps 

that support the process of evaluating the suitability of a particular area of land for a 

particular kind of use.  

The ontology provides a model for the possible concepts (relations and objects) that 

might occur in the text. For example, the topography concept is modeled as a class and 

distance is modeled as a property for the class Setbacks. The semantic relations and 

hierarchy defined by the ontology provide an important support for natural language 

processing.  

The process of developing the ontology is iterative and evolves with the analysis of 

domain text. Our first task was to identify the relevant concepts to be included in the 

ontology. LUSA ontology is organized into a hierarchy of sixteen main categories (as 

shown in Figure 6.2) The parent categories may have one or more sub-categories, which 

are specializations of the parent ones. For example, all the relations in the Setbacks 

category will belong to one of its subcategories (quantitative distance or qualitative 

distance).   

The main categories of criteria are: Topography, Soils, Surface and sub-surface drainage, 

Potential for flooding and other hazards, Easements (or Interests),  Land use (uses) in the 

vicinity, Streets, lanes, traffic flow and public safety, Site design and orientation, The 

protection of fish and wildlife habitats, The protection of significant natural and historical 

features, Setbacks, and Public Lands. In addition to defining the main categories and 
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subcategories , for each concept, we identified the set of attributes that characterize it and 

its relations (if any) with other concepts; this is needed to make the structure of the body 

of knowledge explicit and to facilitate information access. For example, the quantitative 

distance relation in the setbacks category is characterized by the following properties: 

type of spatial relation (e.g., within, less than, or greater than), distance (i.e., a number 

that indicates a distance from an object), and object (e.g., landfill, water body, or 

intensive agriculture operation).   

In our OBIE system, the ontology is not only used to guide the extraction process, the 

output is also stored in the ontology (ontology population). 
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Figure 6-2. LUSA Ontology Classes Hierarchy 
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6.6 Ontology-Based Semantic Annotation 

Semantic annotation is the process of attaching metadata to selected parts of text to assist 

automatic interpretation of the meaning covered by the text. The task of the OBIE 

application is to identify instances in the text belonging to concepts in the ontology.  

In ontology-based semantic annotation, the text is searched for instances of concepts 

(classes, relations and property values) defined in the ontology. For example, in the 

domain of land use suitability analysis, the input documents are searched for instances of 

classes such as Setback (distance, from what) and Topography (e.g., soil type, soil 

condition, and slope instability). The matched instances in the text are annotated with the 

relevant ontology concepts. Thus, instances in the text are linked to their ontological 

information (classes, relations and properties) via semantic annotation.   

In our system, the ontology is coupled with domain-specific gazetteer lists (the gazetteers 

integral to ANNIE are very generic) and extraction rules to augment and enrich the 

semantic annotation process.  Extraction rules are used to annotate and extract more 

complex patterns and structures than can be done by gazetteer list matching. The 

grammar rules operate on annotations generated by the linguistic processing modules and 

the Lookup annotations created by the gazetteer, including those created for the domain-

specific lists, and combine them into more complex structures.  

 

6.6.1 Domain-Specific Gazetteer Lists 

The LUSA ontology concepts and their instances are included in the domain-specific 

gazetteer lists. The gazetteer lists contain specialized terms (instances of key concepts, 

for example, criteria factor, slope instability condition, soil type or drainage type, of the 



114 

 

ontology concepts (i.e., classes, properties, or relations)). The ANNIE gazetteer comes 

with a set of generic gazetteer lists used for named entity recognition, such as names of 

countries, cities, currencies and date. However, the ANNIE default gazetteer lists do not 

cover concepts in the domain of land use suitability assessment (or other specialized 

domains). Therefore, in addition to the generic default lists, we created a set of domain-

specific gazetteer lists - one list for each class of criteria in the ontology (and for some 

subclasses and properties) – e.g., landforms, slope, spatial relations.  As previously 

mentioned, although we are using documents related to Saskatchewan, these terms were 

identified from a wider selection of documents in order to broaden the coverage of the 

gazetteer lists and the extraction system. 

The terms in the domain-specific lists are used to identify occurrences of those terms in 

the text. When the gazetteer is run over the input text, a Look up annotation will be 

created for any text (word or phrase) that matches a list entry, and the features (e.g., 

major, minor, and annotation type) associated with the matched list will be added to the 

Look up annotation. For example, if an entry from the ‘slope_condition.lst’ gazetteer list 

matches some text in a document, the gazetteer processing resource creates a Look up 

annotation and assign ‘soil condition’ to the majorType feature of the annotation for that 

text.  Figure 6.3, below, shows an example of the domain-specific ‘soil_condition.lst’ list 

while Figure 6.4 shows the annotations created after the gazetteer has processed the text 

and identified instances of domain concepts (e.g., spatial relation, soil condition, soil type, 

and drainage issue). A Lookup annotation is created for each term identified in text, and 

the major type of the matched list is assigned to the majorType feature of the annotation. 
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Figure 6-3. A portion of the soil_condition.lst list 

 

The result of this process is the identification and annotation of instances of domain 

concepts in the text. The annotations produced by the gazetteer lists are combined with 

the annotations produced by the linguistic processing modules to form extraction patterns 

used by the rules.   
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Figure 6-4. Text annotated with entries from soil_condition.lst list 

 

6.6.2 Pattern-Matching Extraction Rules 

Gazetteers can be used to find terms that suggest entities. However, the entries can often 

be ambiguous (e.g., some words or terms have several different meanings depending on 

the context). Figure 6.5, below, shows an example of a rule for checking if any word in 

the text matches any of the entries in the ‘soil_condition.lst’ list. Note that although the 

rule is simple, it resolves ambiguity as it only matches patterns where the entry from the 

list appearing in the text is preceded by or followed by the word ‘soil’ or ‘soils’.  
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Hand-crafted extraction rules or pattern-matching rules capture certain patterns in the text. 

The patterns are encoded as regular expressions in a language called JAPE.  JAPE is a 

Java Annotation Patterns Engine. JAPE provides finite state transduction over 

annotations based on regular expressions. Extraction rules combine annotations and 

features created by the gazetteer processing resource and linguistic processing resources 

(e.g., tokenizer, morpher and POS tagger) to further identify patterns/entities from the 

text. 

These patterns can help combine different annotations involving a number of terms 

(phrase) that together provide information about a concept or a relation involving the 

concept. For example, to extract the information concerning the setback quantitative 

distance (e.g., within 500 meters of a water body), we developed a pattern-matching rule 

that combined major Lookup features created by domain-specific lists (e.g., 

spatial_relation, distance_unit and object) with linguistic annotation (such as preposition 

and determinant). 

Our extraction system follows a knowledge engineering approach, thus it relies on hand-

crafted extraction rules. We have defined different sets of rules for extracting concepts, 

instances and property values and for populating the ontology. 

1. Grammar rules for the recognition of domain-specific concepts  

This type of rules are used for domain concept recognition and annotating them with the 

corresponding ontology concept. The grammar rule checks if a string in the text matches 

any of the entries in the gazetteer list associated to an ontology concept (class, property or 

relation). These rules mainly make use of Look up annotations generated by domain-

specific gazetteer lists. Figure 6.6 shows a rule for recognizing instances of the setback 
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Figure 6-5. An extraction rule that  matches patterns where the entry from the soil_condition.lst 

list appearing in the text is preceded by or followed by the word ‘soil’ or ‘soils’ 

 

concept in the text, while Figure 6.7 shows the annotation of recognized concepts in the 

text. 

2. Grammar rules for complex pattern matching 

Not all concepts can be recognized directly from gazetteer lists or with simple rules. 

Some entities require more complex rules based on contextual information. In addition, 
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the pattern to be matched may be not just a simple concept, but rather a concept that has 

several sub-concepts or properties or both. Figure 6.8 is an example for a rule that 

matches a pattern for a complex concept.  

 

 

Figure 6-6. A rule for identifying in the text terms (values) for 'setback_from' property of the 

Setback class 
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Figure 6-7.  Identification and labeling of terms for the setback concept 
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Figure 6-8. A rule for identifying a complex pattern, representing a concept that has sub-

concepts and properties 
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Figure 6-9. Annotation of a complex concept 

 

6.7 Ontology Population  

Ontology population is the process of adding instances of domain concepts to the 

ontology.  A concept instance is the mention of the concept in the domain corpus text; i.e., 

the occurrence of a concept as a term or a phrase in the text (e.g., the occurrence of the 

term ‘river’ as an instance of the class Drainage or the phrase ‘100 m from a water body’ 

as an instance of the sub-class ‘Quantitative_Distance’ of the Setback class or the term 

‘creeping’ as an instance of the slope_instability _condition property of the class 

Topography.  

The OBIE system is responsible for locating instances of domain concepts in text corpus 

and populating the ontology with those instances. Semantic annotation involves instance 

recognition and the annotation of instances in the text with relevant concepts from the 

ontology. After the documents have been semantically annotated, new instances are 
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generated for the annotations. Finally, the new instances are mapped and added to the 

appropriate concepts in the existing ontology.  

Annotations are linked to the ontology entity by having the URI of the entity in the ‘inst’ 

feature of the annotation. For example, the Setback annotation is linked to Setback class 

in the ontology by assigning the class name to the ‘class’ feature of the annotation. 

Semantic annotation facilitates the mapping of concept instances in the text to the 

relevant concepts in the ontology.  

The annotation can have a class and ontology features. The URL and URI of the relevant 

ontology and relevant class are then assigned as values to the corresponding annotation 

features. 

In addition to the pattern matching rules, we have built a set of rules for linking mentions 

of concepts in the text to their ontological information, generating instances of mentions, 

mapping them to the right concepts in the ontology and populating the ontology. 

Our algorithm for populating the ontology with instances of domain concepts mentioned 

the text corpus is described below: 

1. Retrieving the annotation for the specific domain concept and identifying it as a 

‘Mention’. ‘Mention’ annotations indicate that entities belonging to concepts in 

the ontology are mentioned in the input text. 

2. Linking ‘Mention’ annotation to the ontology concepts by adding the relevant 

class name and ontology name to the annotation. This  can simply be done by 

adding a feature ‘class’ and a feature ‘ontology’ to the annotation and assigning 

the names of the relevant class and ontology  as values to the corresponding  

annotation feature. For example, to relate the Setback annotation to its appropriate 
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ontological class, we specify Setback as a value for the ‘class’ feature of the 

annotation. Figure 6.10 shows the rule for linking Mention annotations of Setback 

class to the Setback class in the ontology. 

3. Generating a new ontology instance for every Mention annotation. 

4. Mapping and adding the instances to the right concepts in the ontology. 

 

 

Figure 6-10. Linking Mention annotations to relevant ontology concepts 

 

6.8 Output Presentation 

The output of the LUSA OBIE is presented as: 
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 Documents annotated and linked to concepts in the ontology. Figure 6.11 

shows an example of mentions in the text annotated and linked to their 

ontology concepts. 

 LUSA ontology populated with instances generated from the extracted 

information. The ontology is populated with instances and data property 

values. Figure 6.12 below shows an example of the Setback class populated 

with instances generated from annotated text. 

 The information in the populated ontology may be exported to a knowledge 

base, a database, an XML document or a text file for use or further analysis. 
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Figure  6-11. Mentions of the Distance relation in the text annotated and linked to their ontology 

concepts 
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Figure 6-12. Populated Ontology 
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6.9 Conclusion 

In this chapter, we have discussed the building of our OBIE system for the domain of 

land use suitability analysis. Our system combines the use of ontology, domain-specific 

gazetteer lists (semantic lexicon), language processing tools and extraction rules based on 

regular expressions to automatically add semantic annotation to domain documents (such 

as regulations and bylaws documents) and then extract the criteria to be applied to the 

process of land use suitability assessment.  The GIS analyst can then use the extracted 

criteria to direct the process of obtaining the data (or data layers) necessary for the 

creation of required land use suitability maps. These maps can be input for simulation 

models, such as cellular automata (e.g., for the prediction of urban growth for a particular 

area).  Alternatively, they can be used in a decision-making process; e.g., to assess an 

application for a residential subdivision. In this context, in Chapter 7, the extracted land 

use suitability criteria and their values were incorporated into the MCDM approach 

applied to produce a residential development suitability map for the city of Regina. 

We followed the knowledge engineering approach to build our ontology-based 

information extraction system. We manually built an ontology specific for our domain of 

interest and created domain-specific gazetteer lists (with terminology specific to land use 

suitability) and extraction rules that work with an available resource (GATE) which is 

intended for the development of language processing tools. 

Our proposed OBIE system covers a new domain that so far has not been investigated by 

researchers. This LUSA domain-specific OBIE system makes a significant start towards 

further investigation and development of resources and tools that will assist in land use 

suitability analysis. 
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7 Application to Residential Development Suitability: A Case 

Study of the City Of Regina, Saskatchewan 

 

7.1 Introduction 

Land use suitability analysis is used to assess the appropriateness of a specific area of 

land for a particular use. In the context of GIS, land use suitability is determined through 

a systematic multi-factor analysis of the different aspects of the landscape. Model input, 

therefore, can include factors related to physical and environmental sustainability, as well 

as factors pertaining to economic and cultural impacts. The results of the analysis are 

usually presented on maps that rate areas from high to low suitability. The maps may be 

the desired end result or they may be used as one of the inputs to a simulation model, 

such as cellular automata, for representing and predicting the spatial dynamics of land use 

such as urban growth. 

In this modeling approach, the most important task is specifying the criteria and values 

that are applied to assess the suitability of the land for a particular kind of use – in this 

study, for residential development. Determining the factors and their criteria and values 

helps in determining the data sets needed to create the GIS layers to be included in the 

evaluation. 

 Each jurisdiction has its own regulations, bylaws, or policies that are applied to assess 

land use suitability for that jurisdiction’s geographic area.  Theses provide the criteria for 

the factors to be included in the multi-criteria analysis. By-law and regulation documents 

available on the web are in natural language text and cannot be processed directly by 
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machines to access and extract the information. Manually finding and extracting criteria 

and the specific values for the criteria can be a tedious and time-consuming task.  In some 

cases, there may be no “precise values” for criteria and the actual or real values require 

expert judgment. 

For the purpose of automating the extraction of the criteria and values applied in land use 

suitability analysis (LUSA), we developed an ontology-based information extraction 

(OBIE) system (as described in Chapter 6) to automatically extract the required 

information from bylaw and regulation documents related to the geographic area of 

interest.    

The output of the LUSA OBIE system can be presented as an ontology populated with 

instances of the extracted criteria and property values, as a set of semantically (with 

ontology knowledge)  annotated documents or the populated LUSA ontology can be 

exported to a database or a knowledge base or can be saved as an XML file. The user can 

retrieve the information from the ontology, view the annotated documents using an 

annotation editor, or query the database or knowledge base. The extracted criteria are 

then used to direct the process of obtaining the necessary data for the creation of the 

required land use suitability maps and also for determining the GIS operations that should 

be performed to create the GIS layers that represent the criteria.  

The output from LUSA OBIE is applied here to help produce a suitability map for the 

City of Regina, Saskatchewan to assist in the identification of suitable areas for 

residential development. A set of Saskatchewan bylaw and regulation documents were 

downloaded and input to the LUSA OBIE system. We accessed the extracted information 
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(criteria and data property values) using both the populated LUSA ontology and the set of 

annotated documents. 

 

7.2 Decision Criteria Based on Spatial Relations 

Spatial relations between geographic objects are key elements of spatial modeling and 

spatial analysis. These relationships among objects in space result from their locations 

relative to each other. Geographic Information Systems (GIS) are often based upon 

spatial relations. A primary function of these systems is determining the relationships 

between objects in space. 

Spatial relations are classified into topological, orientation, and distance relations (Pullar 

& Egenhofer, 1988; Sharma, 1996). Topological relations describe the spatial relation 

between neighboring features such as adjacency, connectivity and containment. These 

relations are purely qualitative, and invariant under continuous transformations such as 

rotation and scaling. Direction relations help determine the orientation of a primary 

object relative to a reference object; they could be qualitative, such as “Regina is east of 

Moose Jaw”, or metric, such as a direction specified in degrees from a reference direction. 

Distance relations specify the distance between two objects; they could be metric distance 

relations, such as “the distance separating a hazardous waste site and a residential 

subdivision should be at least 2 kilometers”, or qualitative distance relations, such as near, 

close to, far, and very far; for example, “the house is close to the main road”. 

Criteria (factors and constraints) involved in a multi-criteria analysis describe some of the 

spatial characteristics of the area under consideration. For example, in a land use 

suitability analysis for residential development, these criteria may include topographic 
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properties of the land, such as slope of the terrain, and accessibility to amenities and 

services such as parks, roads, and fire, police and ambulance services.   

Spatial factors have a significant role in a land use suitability analysis process. Factors 

and constraints criteria are usually defined spatially in a way that depends on the GIS 

model (Raster or Vector) used to create them. Some criteria such as “distance to roads” 

are explicitly spatial and are usually created using GIS functionality. These criteria are 

represented as spatial data layers. 

Land use suitability evaluation criteria may include factors and constraints related to the 

physical attributes of the land (e.g., topography, soil characteristics, potential flooding, 

subsidence and erosion, and servicing). 

(Rinner & Heppleston, 2006), distinguish three classes of spatial relations applicable to 

multi-criteria decision-making: the location of the sites under consideration, their 

proximity to desirable or undesirable facilities or features, and the direction relative to 

certain facilities and the sites under consideration. 

The spatial relations primarily applicable to land use suitability analysis criteria are the 

location of the sites (or subdivisions) under consideration and their proximity to desirable 

or undesirable facilities. Direction relations are also important in some cases, such as 

directions of aircraft takeoff and landing relative to the location of the residential 

subdivision. However, direction relations are not dealt with in the selected domain 

documents. In addition, some criteria describe the spatial characteristics of the land, such 

as soil type, soil conditions, and slope or aspect of the land. Examples related to land use 

suitability analysis for residential development are shown in the Table 7-1. 
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Spatial Relation \ Spatial 

Characteristic 

Criterion Example 

Location (derived from 

topology) 

Permitted land use 

 

Topography 

Subdivision zoned as 

residential   

Building site on or near a 

drop off 

Proximity (distance) Servicing (access to desirable 

facilities) 

 

Setbacks (close to 

undesirable facility) 

 

Neighboring  land use (close 

to undesirable area) 

Access to roads, water or 

sewer connection 

 

Less than 457 meters from a 

landfill 

 

sewage treatment plant; 

mining facility; industrial 

development   

Land characteristics Soil type  

 

soil condition 

 

Slope 

Surface and sub-surface 

drainage 

Unsuitable soil type such as 

Loose or swampy soil 

Soils shifting, heaving or 

cracking 

Steeply sloping land 

Polluted drainage onto the 

land from adjacent uses 

 

Table 7-1. Criteria examples extracted from selected domain documents (Saskatchewan 

subdivision guidelines)( Retrieved from http://www.municipal.gov.sk.ca/Subdivision/Subdivision-

Guide) 

 

7.3 Study Area 

Regina is the capital city of the Canadian Province of Saskatchewan. It is located at   50° 

27' 0" N / 104° 37' 0" W. Regina is the second-largest city in Saskatchewan and 

represents a cultural and commercial centre for the southern part of the province. Figure 

http://www.municipal.gov.sk.ca/Subdivision/Subdivision-Guide
http://www.municipal.gov.sk.ca/Subdivision/Subdivision-Guide
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7-1 shows a land use map of the study area. Regina is experiencing both economic and 

population growth. According to the Statistics Canada, 2011 Census of population, the 

population grew to 193,100 in 2011 compared to 179,282 in 2006 (Statistics Canada).  

 

Figure 7-1. Land use map for the City of Regina 

 

7.4 Methods and Data 

GIS-based Multi-Criteria Decision Making (MCDM) analysis (also known as Multi-

Criteria Evaluation (MCE)) was applied. Multi-criteria analysis combines various criteria 

into a single evaluation index that indicates the relative suitability of different locations 

for a specified use, such as residential development.  Multi-criteria evaluation is 

determined through a method known as Weighted Linear Combination (WLC). Using 
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WLC, the continuous criteria (factors) are standardized to a common numeric range, a 

weight is applied to each factor and then the weighted factors are combined to yield a 

weighted average.  The result is a continuous map of suitability that can be masked by the 

Boolean constraints to produce the final suitability map. 

Figure (7-2) summarizes the steps included in a GIS-based multi-criteria evaluation 

procedure for land use suitability analysis.  The steps are described briefly in the 

following sections. 

 

 

Figure 7-2. GIS-based multi-criteria evaluation for residential suitability 
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7.4.1 Specification of the Criteria 

The first step in a multi-criteria analysis is determining the criteria to be used. The criteria 

are of two types: i) constraints - the regulations that limit the area available for 

development (those areas that are not suitable or not allowed for development under any 

circumstance; e.g., water bodies and already developed areas are restricted from 

development); constraints are thus Boolean; and ii) factors - criteria that determine the 

relative suitability of the remaining areas for residential development; factors are 

continuous. For example, the type of existing land use is a factor that can increase or 

decrease the suitability of the land for development or, to a certain degree, areas close to 

major roads are preferable for development over areas that are distant from major roads.   

Using the LUSA OBIE, we were able to identify a set of criteria pertaining to land use 

suitability analysis for residential development in Saskatchewan. 

For the purpose of this study several criteria were selected. 

Constraints include: 

i) new development cannot occur within 100 meters of water bodies, 

ii) areas that are already developed, and 

iii) water bodies and roads are not considered suitable for new development under 

any circumstances.  

Factors include:  

i) current land use type: after eliminating areas that can’t be considered, remaining 

areas are rated according to their type; e.g., open areas are preferred to treed areas,  

ii) distance to major roads, and 

iii) distance to existing developed areas. 
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Other attractive, but non-essential, factors such as distance to schools and hospitals can 

be considered, but were not included in this analysis.  

7.4.2 Selection of Data Layers 

Following the selection of the criteria, the required image data necessary for the creation 

of factor and constraint layers (which will be combined to produce the final suitability 

map), were downloaded. The following datasets were used: land use map of Regina, road 

network, lakes and rivers, and wetlands. DMTI Spatial Inc. data layers were accessed via 

the Equinox website: http://equinox.uwo.ca/EN/AdvancedSearch.asp.  

7.4.3 Creation of Factor and Constraint Images 

A raster image was created for each constraint and factor.  The geospatial processes used 

to create the layers that represent the criteria applied in land use suitability analysis are 

reclassify, overlay, and distance. Details of the GIS operations carried out to create the 

maps are shown in Figure 7-3.  The raster images are shown in Figures 7-4 – 7-8.  The 

factor images created have different measurement units. To enable combining these 

factors, the images were standardized to a continuous scale from 0 – 255, where non-

suitable areas are represented by 0 and the most suitable areas are represented by the 

value 255. Constraint images remain Boolean, where non-suitable areas are assigned the 

value 0 and suitable areas are assigned the value 1.  For the purpose of this work, the 

criteria were assigned equal weights. The Weighted Linear Combination approach was 

used to combine the layers and produce the final suitability map (Figure 7-8) for 

residential development.  
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Figure 7-3. A model showing the GIS operations 

 



139 

 

 

Figure 7-4. Constrained Land 

 
 

 
Figure 7-5. Distance to Existing roads 
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Figure 7-6. Distance to Water 

 

 

 

Figure 7-7. Distance to Roads 
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Figure 7-8. Residential Development Suitability Map 

 

7.5 Conclusion 

Land use suitability maps can be useful to planners, developers, and environmentalists in 

their discussions and in making informed decisions on future, sustainable development.  

These maps can also be an effective means of presenting land use information to the 

public.  The process of extracting the criteria and developing such maps also serves to 

identify information that should be important to the decision process but is not readily 

available:  this may thus serve to initiate or support efforts to obtain such data.  
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The extracted information can also be applied to assess the suitability of land for other 

types of development, such as agricultural, industrial or commercial, and to create the 

desired suitability maps. The resulting maps may then be integrated into a simulation 

model, such as cellular automata, to predict future growth in the City of Regina, as was 

described in Chapter 5 for the City of Montreal. The LUSA OBIE system assists in this 

process by automating the identification of the criteria and the data that must be obtained 

to carry out land use suitability analysis. 
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8 Conclusion and Future Work 

Most information available on the web is in natural language and cannot be directly 

processed because computers cannot access and extract information from unstructured 

documents. IE systems typically need to work with annotated documents.  In some 

domains – for example, biology, law, and medicine – annotated corpora do exist.  

Traditionally, documents were annotated manually by domain knowledgeable specialists 

– a labor-intensive and time-consuming task.  Therefore, efforts to develop systems to 

automatically annotate natural language documents for certain domains have been made.  

However, such efforts have not included land use suitability analysis.  This lack of 

attention also means that few web resources to support such efforts – e.g., ontologies and 

domain-specific lexicons (such as gazetteer lists) – currently exist. 

In this thesis, we have discussed the building of our OBIE system for the domain of land 

use suitability analysis. The work includes the selection and analysis of domain 

documents, linguistic preprocessing, ontology construction, semantic annotation, 

ontology population, and output representation. In the LUSA OBIE  system, the ontology 

is integrated with domain-specific gazetteer lists (semantic lexicon), language processing 

tools and extraction rules based on regular expressions to automatically add semantic 

annotation to domain documents (such as regulations and bylaws documents) and then 

extract the criteria and values applied to assess the suitability of land for a particular use.  

The extracted criteria are used to direct the process of obtaining the necessary data for the 

creation of required land use suitability maps. These maps can be input for simulation 

models, such as cellular automata, or they can be used in a decision-making process. 



144 

 

A knowledge engineering approach was followed to build the LUSA ontology-based 

information extraction system. The LUSA domain ontology was built manually, as well 

as a set of domain-specific gazetteer lists (with terminology specific to land use 

suitability) and extraction rules that work with an available resource (GATE) which is 

intended for the development of language processing tools. 

Other researchers have taken different approaches for building the ontology, such as 

dynamically creating the ontology from manually annotated textual data, or combining 

techniques from knowledge engineering, natural language processing and machine 

learning. To build such an ontology, a large amount of training data is needed and the 

results may need subsequent manual verification. For domains where off-the-shelf 

ontologies exist, these pre-built ontologies are sometimes used. As previously indicated, 

we are not aware of the existence of such ontologies for the LUSA domain. 

The LUSA OBIE system covers a new domain that so far has not been investigated by 

researchers. This system makes a significant start towards further investigation and 

development of resources and tools that will assist in land use suitability analysis and 

other GIS-related domains. 

 

Future work includes: 

 Integrating machine learning approaches with knowledge engineering for the 

automatic learning of domain ontology structure and extraction rules (patterns) 

from annotated domain text. For example, a set of rules can be constructed and 

used to create annotated domain corpora, which can be then used to train the 
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classifiers to identify the different components of the ontology (e.g., instances, 

property values and relations).   

 Extending the coverage of the ontology (e.g., add more classes, properties and 

relations) and the gazetteer lists (add more domain terminology) by expanding the 

set of documents to include documents related to other geographic areas (e.g., 

other provinces in Canada). This will increase the capabilities of the system to 

extract information about criteria that represent features (e.g., tidal zones in 

coastal areas) that apply to locations other than Saskatchewan.  

 Expanding the knowledge extraction rules to extract other forms and types of 

information such as tabular data, image data, and spatial and temporal data and 

relations. 

 Integrating the OBIE system with a query answering system. The query 

answering system allows the user to make use of the extracted information either 

stored in the ontology, a knowledge base or a database (exported from the 

populated ontology); the user can use the system for answering semantic queries 

or, with the help of a reasoning component included in the system, can perform 

automatic reasoning over the stored knowledge. 
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