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Abstract: 

Cellular automata (CA) is a well-established modelling approach used to study patterns and 

dynamics of land-use/land-cover (LULC) systems and to predict their evolution. Increased 

computer performance, along with the need to improve how geographic space is represented have 

resulted in the recent development of object-based CA models. Their main advantage over 

conventional cell-based models is that they allow for the representation of meaningful, real-world 

entities. However, their use remains limited due to issues with data model inconsistencies between 

calibration and simulation, simple neighborhood configurations and driving factors, overlooking 

spatial and temporal scaling effects on simulated results, increased computation time required to 

handle vector geometrical transformations and topology, and lack of an integrated framework that 

encompasses the functionalities required for calibration and simulation. The objective of this 

research is to describe the architecture and functionality of a novel, object-based CA model that 

were tested in two study areas in the Elbow River watershed in southern Alberta at 5 m and 60 m 

resolution. A change detection analysis is first performed on a series of historical LULC maps in 

vector format to identify the trends and speed of change in LULC and the driving factors 

responsible for these changes. This information is stored in a spatial database accessible from the 

software environment. Calibration is conducted with several neighborhood configurations and 

drivers using the multi-class weight of evidence method to calculate the transition probabilities. 

Simulation is performed by allowing for the change of state and geometry of each object over time. 

Time-consuming vector-handling operations are optimized or parallelized to increase the speed of 

execution. The final model results indicate a positive agreement with an independent map used for 

comparison. The model reproduces realistic urbanization patterns along the main roads and the 

river. Also, it is apparent that there is a substantial improvement in computation time. This model 



 
 

iii 
 

represents a powerful exploration and application tool that will enable a large community of users 

to exploit the potential of CA modelling for understanding the dynamics of LULC systems. 
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1 CHAPTER ONE: INTRODUCTION 

Land-use1/land-cover2 (LULC) change, especially urbanization, affects various environmental 

properties and processes (Olofsson et al., 2013). It is considered one of the most significant factors 

in unintentional environmental system changes, which can result in great global threats such as 

atmospheric compositions changes, habitation reduction, biodiversity decline, and climate change 

(Chapin et al., 2000; Sala et al., 2000). Therefore, it is an important research topic in global change 

research (Hersperger et al., 2010) and has increased the awareness of and interest in LULC change 

science considerably (Turner et al., 2007). The goal of LULC change science is to understand the 

LULC change drivers (both biophysical and human factors), and the LULC patterns and dynamics 

that affect the environment. This can facilitate environmental sustainability by improving land 

management, enhancing the capability of assessing and predicting future land-use change trends, 

and advancing our knowledge of key LULC processes (Veldkamp and Lambin, 2001). To achieve 

these goals at regional to global scales requires accurate information about the extent of LULC 

classes and their change over time (Olofsson et al., 2013). 

Accurately modelling the range of LULC change and its interactions over time is a challenging 

task. LULC models are tools that support the analysis of the causes and consequences of the LULC 

changes (Hersperger et al., 2010). Cellular automata (CA) models are among the most popular 

approaches for modelling complex, dynamic LULC systems and forecasting their evolution. When 

applied to evaluate the potential and possibility of alternative scenarios, based on understanding 

the factors that drive the evolution of these systems, makes them an appealing exploratory tool for 

scientists, stakeholders, and decision makers (Li and Yeh, 2002c; Verburg et al., 2004; Sieber et 

al., 2010a; van Vliet et al., 2011a). However, traditional cell-based CA models have limitations. 

They are sensitive to cell size and neighborhood configuration (Ménard and Marceau, 2005; 

Kocabas and Dragicevic, 2006; Pan et al., 2010), largely due to the fact that these components are 

generally selected arbitrarily and used uniformly across the geographic space of interest without 

considering the spatial heterogeneity in the entities composing that space and in the influence they 

                                                 

1 Land use refers to the purpose the land serves, for example, recreation, wildlife habitat or agriculture. It is defined 
based on the human activities on land to obtain products or benefits. 
2 Land cover refers to the surface cover on the ground, such as vegetation, urban, water, soil or etc. It does not describe 
the use of land since it may be different for lands with the same cover type. For example, a land cover type of forest 
may be protected watershed or recreational park. 
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models at capturing LULC dynamics at different spatial and temporal scales and simulating 

realistic results with greater level of details (i.e. fine spatial resolution) has not been widely been 

investigated (Marceau et al., 2013). That is because the dynamic characteristics of biophysical and 

socio-economic driving factors (Karimi et al., 2012) as well as the numerous LULC states increase 

the complexity of modelling at fine spatial resolutions (Marceau et al., 2013), which makes LULC 

change modelling challenging. It is expected that the types of transitions, neighborhood 

configurations, driving factors, and consequently the transition rules vary at different temporal and 

spatial scales. Therefore, there is a need to explore the scaling effect on identifying the proper 

neighborhood configuration, driving factors, and transition rules of the object-based CA model. 

However, handling all these factors in the object domain is a time-consuming and computationally-

intensive task. To address these challenges, some modifications must be applied to the object-

based CA model to handle the dynamics of LULC classes in various conditions (different temporal 

and spatial scales). The following sections highlight the current challenges in building a more 

accurate object-based CA model, which frame the motivation of this research.  

1.1.1 Calibration procedure 

The model developed by Mazaheri et al. (2014) performs calibration and simulation processes 

using different data models (raster vs. vector), which may affect the accuracy of the outcome. A 

process of calibration and simulation that uses real-world entities in vector format, instead of 

traditional cell-based ones, better captures the landscape features of interest, keeps consistency 

between calibration and simulation, and increases the quality of the simulation results. 

Moreover, Mazaheri et al. (2014) performs the model calibration using the weight of evidence 

(WoE) method (Wang et al., 2002) to obtain the transition probability of each cell by comparing 

historical raster LULC maps. The use of WoE method usually requires the conversion of input 

data (i.e. driving factors) into a binary form so that different types of data can be compared and 

integrated into a single index to represent the probability of a transition (Cheng and Agterberg, 

1999). The binary values usually represent evidence with properties of presence or absence, true, 

false, or unknown, and favorable, unfavorable, or undetermined. However, real-world entities are 

mostly multi-class or continuous evidence in nature and the use of binary WoE to convert them 

into discrete classes and create binary patterns may result in losing information or creating 

distortion in the original geospatial information, especially when dealing with a large amount of 
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data. To overcome these challenges, a method that considers continuous values for calculating 

transition probabilities is required. This research proposes using the extended WoE or multi-class 

WoE model that uses multi-class evidential variables to define the transition rules to avoid binary 

values (Mezughi et al., 2012; Porwal et al., 2001). 

1.1.2 WoE contrast threshold sensitivity 

The WoE methods use the contrast value to measure the overall influence of a driving factor in 

predicting a state transition. The larger contrast value represents a stronger driving factor. The 

contrast value of each driving factor is compared with a predefined threshold to guide the selection 

of the factors to be used in the model calibration. Choosing the appropriate WoE contrast threshold 

is a challenge, because it has a direct influence on the number of driving factors used in the 

transition rules and consequently on the simulation results (Mazaheri et al., 2014). So, further 

investigation needs to be done to fully understand the impact of the threshold on modelling results.  

1.1.3 Sensitivity of the object-based CA model to the historical maps 

LULC changes are spatially associated to the LULC patterns and driving factors, which are then 

used to predict the changes in the model (Dams et al., 2008; Luo et al., 2010; Podmanicky et al., 

2011; Trisurat et al., 2010; Verburg et al., 2002). The transition rules, which describe the 

relationships between the rate of occurrence of a LULC type and biophysical and socio-economic 

driving factors, are usually assumed stationary in time. However, the LULC patterns, driving 

factors, and their relationships develop over time and affect the accuracy of LULC change model 

outcomes (Aspinall, 2004; Bakker and Veldkamp, 2012; Chen and Pontius Jr, 2010; Pontius Jr and 

Spencer, 2005). Another assumption is that the LULC historical maps employed in calibration 

should be collected in the dates that capture most significant LULC dynamics and processes of the 

study area. However, they are usually collected based on data availability, intuition, cost, and 

resource considerations. These assumptions and their consequences are not widely investigated in 

the literature. One could expect that the selection of temporal interval between LULC historical 

maps significantly impacts the types of the LULC transitions, driving factors, LULC patterns, and 

transition rules, and consequently alters the model outcomes. 

Therefore, it is necessary to explore the sensitivity of the object-based CA model to the LULC 

historical maps used in calibration and how it will affect the performance of the object-based CA 
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model. Specifically, this research aims to investigate the impacts of time series components, 

including date of acquisition, period covered, and temporal interval between the LULC historical 

maps, and to identify the time series components with the most accurate simulated results. 

1.1.4 Neighborhood configuration sensitivity 

The neighborhood configuration, including both shape and size, plays an important role in the 

performance of a CA model and the accuracy of the simulation results. The object-based CA model 

eliminates cell dependency in cell-based CA models but is still dependent on the neighborhood 

configuration. In addition, the definition of neighborhood configuration for object-based CA 

model is complicated compared to the cell-based CA model, because the objects are diverse in 

terms of shape and size. This can result in uneven numbers and sizes of neighbors for each 

geographic object (Dahal and Chow, 2015).  

Although several studies have performed sensitivity analysis in cell-based CA modelling to 

improve the accuracy of the results (Jantz and Goetz, 2005; Kocabas and Dragicevic, 2006b; 

Ménard and Marceau, 2005), few scientists have investigated the sensitivity of object-based CA 

models to the neighborhood configuration (Ballestores Jr et al., 2012; Crooks, 2010; Marceau and 

Moreno, 2008). The studies have mostly considered simple geographical objects and simple 

transitions: for example, undeveloped to developed using a limited set of simple (unrealistic) 

neighborhood configurations. This overlooks geospatial data dynamics and relationships. Also, the 

neighborhood configuration is rigid, and the zone of influence is arbitrarily defined around each 

geographic object. Hence, more detailed investigation and analysis are required to understand the 

impact of different neighborhood configurations on the modelling outcomes at different spatial 

scales and to identify the neighborhood configuration that generates the most accurate results. 

1.1.5 Driving factors selection 

To develop realistic LULC change models, it is essential to identify the most important drivers of 

change and understand their link to the LULC change dynamics in the model. The selection of the 

appropriate driving factors is an important step in modelling of LULC changes, as they have a 

direct impact on reliability and accuracy of predictions (Veldkamp and Lambin, 2001). 

Biophysical and socio-economic attributes such as slope, soil type, distance to road, and distance 

to city center are common driving factors used in previous works (Veldkamp and Lambin, 2001); 
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Mazaheri et al., 2014). These factors are commonly used because such data is available and 

accessible. There is a need to integrate a wider range of external drivers into the model and evaluate 

their impact on LULC changes (see Section 3.1.3.2 for detailed selected external factors). 

Furthermore, the drivers of LULC changes vary with scale, so they should be defined by the 

analysis of the system at various spatial and temporal scales (Turner et al., 1995). The key 

processes and assumptions of a model are different and should not be applied in a different study 

area or spatial scale.  

1.2 Research questions 

Given the challenges identified above, the research questions that guide this study are:  

1. What would be a typical workflow to incorporate vector data in calibration and simulation 

processes? How does it improve the quality of results? 

2. How sensitive the object-based CA model is to different temporal scales? What are the impacts 

of the time series components on the performance of the model? Which ones should be used 

to get more realistic results? 

3. How different neighborhood configurations would influence the quality of modelling 

outcomes at different spatial scales?  

4. What are the most appropriate driving factors when modelling LULC change? How do they 

affect the performance of the model? 

1.3 Research objectives 

The objective of this research is to improve the object-based CA model developed by Mazaheri et 

al. (2014) and test it for the simulation of LULC changes at two spatial scales. This will pursue the 

following tasks: 

1. Improving and evaluating the object-based CA model to better capture the LULC evolution in 

two different dynamic areas in the vicinity of the City of Calgary using historical LULC maps 

generated at 5 m and 60 m spatial resolutions, including: 

1.1. Proposing a new approach for calibrating the object-based CA model in vector format 

using multi-class WoE approach. 
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research evaluates the robustness and quality of the object-based CA model at different spatial 

scales and in different study areas.  

4. Effective design-science research must provide clear and verifiable contributions in the areas 

of the design artifact. This thesis contributes to the research by producing design foundations 

and an artifact that responds to the research problems, questions, and objectives, and by testing 

to determine the usefulness of the solution.  

5. Design-science research relies upon the application of rigorous methods in both the 

construction and evaluation of the designed artifact. This research employs a new approach to 

implement object-based CA models, which aims to speed up the process and reduce the 

computation time while considering the challenging factors mentioned. The new approach 

involves the use of a spatial database to perform geometric calculations and a scripting 

language to create a workflow and run it automatically and in parallel. 

6. Design-science is essentially a search process to discover an effective solution to a problem. 

This research employs and extends best practices to develop an innovative object-based CA 

model to mimic LULC changes. The whole process is conducted as a search process; it begins 

with inquiry into the problem in Chapter 1. The search continues by further investigating the 

problem space with a review and analysis of the current state of object-based CA modelling 

and highlighting the research gaps in Chapter 2. This is followed by the research methodology 

in Chapter 3 that describes the research objectives. Chapter 4 continues with the experiments 

and results analysis. Since this research is an initial effort to develop an object-based CA 

model, the solution (i.e., artifact) will likely evolve beyond its current state in future works. 

7. Design-science research must be presented effectively to a range of appropriate audiences. 

This goal is achieved through this thesis, journal publications, conference presentations, blogs, 

and social media. 
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2 CHAPTER TWO: LITERATURE REVIEW 

2.1 Land use/land cover systems 

Nowadays, land development and population growth cause a lot of changes in land use/land cover, 

which result in environmental, socio-economic, and ecological problems in our surrounding 

environment (Jenerette and Wu, 2001; Newbold et al., 2015; Zhang et al., 2013). These problems 

present challenges for scientists and planners tasked with tracking their long-term effects (Oreskes 

et al., 1994; Rounsevell et al., 2012; Verburg et al., 2004a). To do so, they need to analyze the 

existing spatial LULC patterns, identify the most important drivers influencing LULC systems 

(Fuchs et al., 2015; Parker et al., 2008; Veldkamp and Lambin, 2001) and, finally, project different 

scenarios for the future (Li, 2011; Silva and Wu, 2012). 

LULC systems are complex systems. They refer to units of analysis that comprises a number of 

sub-systems (components of landscape) and their relations. They are often driven by the spatial 

interactions that exist among their components and the resulting feedback mechanisms describing 

land-use dynamics (Grafius et al., 2016; Gutman et al., 2012; Verburg, 2006). Feedback 

mechanisms occur between driving factors and their effects on LULC (Bürgi et al., 2017; Verburg, 

2006). They are characterized by interrelated factors such as biophysical, economic, social, 

cultural, political, or institutional. These driving factors include a wide range of land-use 

influencing factors than can be biophysical, economic, social, cultural, political, or institutional 

(Verburg et al., 2006). Also, the dynamics in LULC systems at time t depends on the LULC at 

time t-1, which leads to path dependence (Manson, 2001; Verburg et al., 2004b). This current and 

historic dependence is important for understanding and modelling LULC systems (Rounsevell et 

al., 2012; Verburg, 2006). LULC systems are open systems; they affect and are affected by other 

systems. For example, they have influence on wildlife diversity, climate change, soil degradation, 

and ecosystem health (Chase et al., 2000; Houghton et al., 1999; Lambin et al., 2001; Sala et al., 

2000). These important features of LULC systems make them complex and non-decomposable; 

therefore, they cannot be fully understood using a reductionist approach where individual system 

components are studied in isolation (Verburg et al., 2004b). There is a need for an effective 

modelling approach to guide both scientists and planners when dealing with LULC systems 

(Oreskes et al., 1994; Karimi et al., 2012).  
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configuration. Stevens et al. (2007b) and Stevens and Dragicevic (2007b) proposed the iCity 

model, which represents both space and neighborhood based on irregular cadastral land parcels. 

They defined different types of neighborhood according to different purposes using the adjacency 

and proximity functions. However, they did not investigate the impacts of different neighborhoods 

on the model outcomes.  

Recently, Ballestores Jr et al. (2012) developed a parcel-based spatial land-use change CA model 

and defined the neighborhood using a distance buffer from the boundary of the parcel. They 

considered three different neighborhood scenarios (72 m, 145 m, and 217 m) and detected slight 

impacts on the simulation results, but insignificant impacts on the model accuracy. Baetens and 

De Baets (2012) proposed a definition for irregular CA tessellations and improved the graph 

representation. Later, they verified that the stability of a graph CA is sensitive to the topological 

influence (Baetens et al., 2013). However, their work only focused on theoretical models without 

an application to study real-world spatial processes.  

In these models, the neighborhood configuration is rigid, and the zone of influence is arbitrarily 

defined around each geographic object. Moreover, transitions rules still apply to the totality of the 

objects. Also, they mostly considered simple geographical objects, simple transitions: for example, 

undeveloped to developed, provide a limited set of simple (unrealistic) neighborhood 

configurations and overlook geospatial data characteristics and relationships. To overcome these 

issues, a LULC CA model was proposed by Moreno et al. (2009). In this model, space is a 

collection of irregular geographic objects that match the real-world entities of interest. The 

neighborhood configuration is dynamic and specific for each object because it incorporates the 

concept of distance decay. Both the state and the geometry of the geographic objects can change 

during simulation.  

However, object-based CA models are time-consuming and computationally intensive due to the 

numerous geometric and topological operations that are involved (Ménard and Marceau, 2005; 

Moreno et al., 2009). Moreover, there is no integrated application for object-based CA modelling 

to give easy access to data and automate the calibration and simulation procedures in an interactive 

manner. 

Recently, Mazaheri et al. (2014) have developed a software environment that takes these 

characteristics into account and includes the functionalities required for the calibration and for 
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running simulations with an object-based CA model. However, it is limited due to (i) data model 

inconsistency between the calibration and simulation process (raster vs. vector), (ii) the use of 

simple (unrealistic) neighborhood configurations and driving factors, and (iii) overlooking spatial 

and temporal scaling effect on simulated results. 

2.3.3 Calibration 

The transition rules are one of the most important components in CA modelling and they must be 

accurately defined. Several techniques have been proposed in the literature to define transition 

rules in LULC change CA models. These can be grouped into computational and statistical 

techniques. Classified as computational techniques, Li and Yeh (2002b) and Qiang and Lam 

(2015) used artificial neural networks (ANN) to simulate land-use change patterns to overcome 

the difficulty of multiple land-use calibration. The calibration procedure using ANN is simple and 

straightforward and can handle complex interactions among even dependent variables. Whitsed 

and Smallbone (2017) used a genetic algorithm to define transition rules in urban growth CA 

modelling. This method improved the computational time required for the calibration. Bone et al. 

(2006) applied fuzzy set theory to consider uncertainty in CA modelling to mimic partial 

information about different phenomenon or geospatial data by changing the discrete definition of 

CA components. Wang and Marceau (2013) selected dominant driving factors using a data mining 

method called Rough Set Theory (RST) to build the transition rules in a patch-based CA model. 

Ballestores Jr et al. (2012) identified the transition rules in a land-use change CA using Decision 

Tree, a machine learning and interpretation algorithm for classification. These techniques are 

nature-inspired methodologies designed to deal with large datasets and unknown statistical 

distributions. The values of the parameters are estimated from analyzing data through a goodness-

of-fit process (Breiman, 2001). However, the process of determining the parameters of the model 

is a black box (i.e. unknown). This means that the modeller has limited control on the definition 

of the transition rules, which may have no real geographical meaning (Straatman et al., 2004; Wu, 

2002).  

Within the context of statistical techniques, Yu et al (2011) integrated multicriteria evaluation 

(MCE) into a CA simulation to define transition rules; Li and Yeh (2002a) defined the factors of 

the transition rule using Principal Components Analysis (PCA); and Lau and Kam (2005) 

identified the suitable factors to define the attribute and heterogeneity effects and to estimate the 
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weights of the variables using multivariate statistical tools. However, these are not appropriate for 

studying the transition probability maps and driving factor weights and these are useful metrics for 

analyzing the influence of different driving factors on occurrence of different state transitions. 

Several researchers including Almeida et al. (2005, 2003), Maeda et al. (2010, 2011), Nti and Sallis 

(2013), and Wang and Marceau (2013) employed the WoE approach to calculate the transition 

probability in each cell.  

The WoE method is a statistical method based on the Bayesian probability framework. It has been 

used in medical diagnosis (Good, 1985; Spiegelhalter and Knill-Jones, 1984), mineral potential 

mapping (Bonham-Carter et al., 1989; Agterberg et al., 1993; Bonham-Carter, 1994), habitat 

quality assessment (Romero-Calcerrada and Luque, 2006), for mapping the probability of fire 

occurrence (Dilts et al., 2009), and for predicting potential forest distribution (Fellcislmo et al., 

2002). It defines the strength of the spatial relationship among evidences (training sets) and a 

hypothesis about the occurrence of an event (predictor maps) by assigning weights to evidences. 

It finally generates the probability map for predicting the probabilistic distribution of an event of 

interest. It is a powerful data-driven approach that needs training data (Good, 1985), and can be 

applied in CA modelling to define transition rules by comparing historical maps as training data. 

The importance of each driving factor related to historical LULC changes within the study area 

can be determined using this method, which provides useful information to the modeller. It has the 

advantage of being simple and robust for small sample sizes at large spatial scales. Also, it can be 

informed by a known prior distribution of empirical data without relying on the assumption of 

normally distributed input data (Dickson et al., 2006). The detailed WoE mathematical formula is 

available in Bonham-Carter (1994) and more recently in van Westen et al., (2003) and Dahal et al. 

(2007). 

In the model developed by Mazaheri et al. (2014), the WoE method is used to calibrate the model 

and define the transition rules. Since, in WoE analysis, the evidences are in the form of binary 

information, the internal and external driving factors are converted into binary values that represent 

the influence (presence or absence) of a specific driving factor on the occurrence of a specific 

LULC transition. However, it can be difficult to convert real-world datasets into binary patterns to 

represent the evidence without losing information or creating distortion in the original geospatial 

information, especially when dealing with a large amount of data. To overcome these challenges, 
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algorithms should be implemented that can take into account continuous values for calculating 

transition probabilities. In this case, the extended WoE or multi-class WoE model, which uses 

multi-class evidential variables, can be employed to define the transition rules and avoid binary 

values (Mezughi et al., 2012; Porwal et al., 2001). Also, Mazaheri et al. (2014) did not evaluate 

the impact of the WoE threshold value on the results and this needs to be addressed. 

2.3.4 Driving factors 

2.3.4.1 Internal factors 

Internal driving factors, defined by the LULC states within the neighborhood of each cell, capture 

the influence of the neighbors on the central cell. To identify these factors requires, a definition of 

the neighborhood including its shape and size. Several types of neighborhood configurations are 

reported in the literature, the most commonly used being the Von Neumann and the Moore 

neighborhood. The selection of a neighborhood configuration mainly depends on the objective of 

the study and the dynamics of the system.  

Different types of neighborhoods will be considered for each study area (Dahal and Chow, 2015): 

1. The adjacency neighborhood: defined based on the adjacency relations between objects. It 

includes all objects that share a common edge or point with the central object. 

2. The complete buffer neighborhood: defined based on the spatial proximity around the central 

object. It includes all the objects that are located completely within a specific buffer from the 

boundary of the central object. The buffer distances will be defined by testing several 

combinations and selecting the ones that provide the best simulation outcomes. 

3. The buffer neighborhood: defined based on the spatial proximity around the central object. It 

includes all the intersected objects with a specific buffer from the boundary of the central 

object. 

4. The clipped buffer neighborhood: includes all the objects or parts of the objects that are located 

completely or partially within a specific buffer distance from the boundary of the central object. 

2.3.4.2 External factors 

Driving factors affecting LULC changes in the study areas are divided into three main groups: 

suitability, and accessibility. Since employing a different study area or spatial scale (especially at 
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fine spatial resolution) in an object-based CA model may require a different set of driving factors, 

it is necessary to identify and apply the appropriate driving factors. Consequently, the relevant 

driving factors will be defined and tested for each study area based on the spatial extent and 

resolution.  

Table 2-1 illustrates various driving factors in selected studies. 

Table 2-1: Different driving factors in LULC change modelling 

Research Applied driving factors 
Verburg et al. 
(1999) 

Soil, rural population density, distance to nearest river, soils with slope, total 
annual precipitation, distance to nearest road. 

Verburg et al. 
(2002) 

Altitude, slope, aspect, distance to town, distance to stream, distance to road, 
distance to coast, distance to port, erosion vulnerability, geology, and population 
density. 

Li and Yeh (2004) Urban conversion, distance to city proper, distance to town centers, distance to 
roads, distance to expressways, distance to railways, number of developed cells in 
the neighborhood, current land-use agricultural suitability, and slope. 

Lin et al., (2011) Distance to major roads, distance to river, distance to built-up land, soil drainage, 
forest autocovariate, elevation, slope, soil erosion, and population density. 

Jokar Arsanjani 
et al., (2013) 

Population density, farming, distance to parks, distance to central business district, 
distance to the nearby cities, distance to interchange, open land features, distance 
to road network, altitude, distance to stream, and slope 

Wang and 
Marceau (2013) 

Slope, distance to road level 1 (main highways), distance to road level 2 
(highways), distance to road level 3 (other main roads in the study area), and 
distance to city boundary. 

Mazaheri et al. 
(2014) 

Slope, distance to city center, distance to main roads, and distance to the river 

 

The studies above show that different types of driving factors are deployed to evaluate their impact 

on LULC changes. They are biophysical attributes, such as slope and soil type, socio-economic 

drivers, such as zoning regulations, and accessibility. They are also divided into (i) suitability, and 

(ii) accessibility categories. This set of driving factors is used as an experimental set to investigate 

the functionality of the LULC change CA model. However, there are some socio-economic and 

biophysical factors that are not considered in this study such as land price, economic crisis or 

boom, costs of production and transportation, and land productivity. 
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Figure 3-2: Land-use/land-cover map of the study area for the year 2010 
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Figure 3-3: Google satellite imagery of eastern Elbow River watershed 
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3.1.2 A dynamic sub-area west of the City of Calgary 

The second study area called the sub-area, is bounded on the north by the Trans-Canada Highway 

1, on the south by Highway 8, on the east by the 77th Street, and on the west by Highway 22 (Figure 

3-4). It is a dynamic area with considerable potential for urban development because of the 

proximity to the City of Calgary, and accessibility to the Trans-Canada highway and other main 

roads. As illustrated in Figure 3-5, it lies within two administrative entities, the City of Calgary 

(14%) and the Rocky View County (86%) (Marceau et al., 2013).
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Figure 3-4: Location of sub-area
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The historical land-use maps required for the sub-area are the same set employed by Wang and 

Marceau (2013). They were created using SPOT-5 multi-spectral (MS) and panchromatic (PAN) 

images at the respective spatial resolutions of 10 m and 5 m, acquired during the summers of 2003, 

2006, 2008, and 2011. The images of the MS and PAN were combined using an image fusion 

procedure in ENVI 4.6 to generate images at 5 m spatial resolution. HSV (Hue, Saturation, Value) 

is a straightforward way to undertake image fusion. During the HSV image fusion process, the low 

resolution RGB image is converted to HSI (Hue, Saturation, intensity) space. The panchromatic 

band is then matched and substituted for the intensity band, and finally the HSI image is converted 

back to RGB space. HSV was selected to process the SPOT-5 images in this study. This method 

generates histogram information like that of the original images. After the data fusion, the images 

were geo-registered using 150 ground control points selected from a road network dataset acquired 

from the Calgary Regional Partnership. The geo-registration error was within 0.5 pixel for each 

image (Wang and Marceau, 2013). 

 

Figure 3-5: Location of the sub-area, which is delineated by dashed line. 
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Then the software eCognition (Trimble, 2012) was used to perform an object-based classification 

procedure to identify the LULC classes, which were tested through field validation using 255 

points distributed over the study area. Temporal inconsistencies among the historical maps were 

further identified and removed. The 14 LULC classes include commercial/institutional, industrial, 

airport, road level 1 (Highway 1), road level 2 (Highway 8 and Highway 22), road level 3 (other 

main roads in the study area), golf course, water, green area, urban residential, country residential, 

agriculture, forest, and under development (Marceau et al., 2013). Some of these classes are 

dynamic and some of them are static. Dynamic classes include Country Residential, Urban 

Residential, Forest, Agriculture, and Under Development; these classes will change during the 

simulation. The remaining classes are static, which means that they rarely change over time, but 

have high influence on the dynamic classes. The sub-area is covered by about 25% built-up area. 

Agriculture covers almost 63% of the area, while forest covers a small area, around 12% (Figure 

3-6).
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Figure 3-6: Land-use/land-cover map of the study area for the year 2011
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Figure 3-7: The adjacent neighborhoods for the object with ID = 13 are marked by numbers (1, 2, and 3). 

2. The complete buffer neighborhood is defined based on the spatial proximity around the central 

object. It includes all the objects that are located completely within a specific buffer from the 

boundary of the central object. As illustrated in Figure 3-8, for the central object, only one 

object falls into the buffer (object 1) and considered to be neighbor. 
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Figure 3-8: An example of complete buffer neighborhood.  

3. The buffer neighborhood is defined based on the spatial proximity around the central object. It 

includes all the intersected objects with a specific buffer from the boundary of the central 

object. As shown in Figure 3-9, since the ring around the central object intersects objects 1, 2 

and 3, they are all considered to be neighbors. 

 



 
 

37 
 

 

Figure 3-9: An example of buffer neighborhood.  

4. The clipped buffer neighborhood includes all or parts of the objects that are located completely 

or partially within a specific buffer distance from the boundary of the central object. As 

presented in Figure 3-10, only parts of the object 1, 2, and 3 are considered neighbors for the 

central object. 
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Figure 3-10: An example of clipped buffer neighborhood.  

The buffer distances are defined by testing several combinations and selecting the ones that 

provide the best simulation outcomes. The results are explained in Chapter 4. 

3.1.3.2 External factors 

Driving factors affecting LULC changes in the study areas are divided into three main groups: 

suitability, and accessibility. Since employing a different study area or spatial scale (especially at 

fine spatial resolution) in an object-based CA model may require a different set of driving factors, 

it is necessary to identify and apply the appropriate driving factors. Consequently, the relevant 

driving factors are identified and tested for each study area based on the spatial extent and 

resolution. 

Based on the recent studies presented in Chapter 2, different types of driving factors have been 

selected to evaluate their impacts on LULC changes. They are biophysical attributes such as slope 

and soil type, socio-economic drivers such as zoning regulations, and accessibility and they are 

divided into the following categories: (i) suitability, and (ii) accessibility. This set of driving 

factors is used as an experimental set to investigate the functionality of the LULC change CA 

model in different conditions (different study areas and spatial scales). However, there are some 

socio-economic and biophysical factors that are not considered in this study such as land price, 



http://www.openstreetmap.org/
https://data.calgary.ca/
https://open.canada.ca/en/open-data
http://www1.agric.gov.ab.ca/
http://earthexplorer.usgs.gov/
https://www.albertaparks.ca/
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Figure 3-11: Soil Types considered as external driving factors 
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In the end, the distance between the POIs and each object is calculated and their weights are 

defined by the object-based CA model in the calibration process using multi-class WoE. The 

details are explained in the calibration (Section 3.3.2). 

3.2 Model design 

This study introduces a new object-based CA model that refines and enhances the ability of the 

model developed by Mazaheri (2014), as discussed in Chapter 1. The goal here is to capture LULC 

dynamics at different spatial and temporal scales and to simulate realistic results with greater level 

of details (i.e., fine spatial resolution). First, space and neighborhood configurations are defined in 

the form of object-based CA. Then, biophysical attributes and socio-economic drivers affecting 

LULC changes are explained. Afterwards, weights for all these drivers are calculated using WoE 

to generate a probability map for each transition (e.g., agriculture to built-up) and these are used 

to simulate the LULC changes. The enhanced components are explained in Section 3.3. 

In the model developed by Mazaheri et al. (2014), calibration and simulation processes are 

performed using raster and vector data models respectively. These can affect the accuracy of the 

outcome. In addition, they overlooked an evaluation on choosing the appropriate WoE contrast 

threshold (see Section 1.1.2). In this research, to better capture the landscape features of interest, 

be consistent between calibration and simulation, and increase the quality of the simulation results, 

the whole process of calibration and simulation of the model are performed in vector format using 

real-world entities instead of traditional cell-based ones. Also, a multi-class WoE model using 

multi-class evidential variables are implemented to define the transition rules to avoid binary 

values. This study also investigates the impact of the contrast value threshold (see Section 3.3.2.1) 

on modelling results, since it has a direct influence on the number of driving factors used in the 

transition rules and consequently on the simulation results. 

The model developed by Mazaheri (2014) does not consider the integration of a wide range of 

external drivers into the model to evaluate their impact on LULC changes. The drivers of LULC 

changes, however, vary with scale, so they should be defined by an analysis of the system at 

various spatial and temporal scales. In this study, a comprehensive set of factors such as bio-

physical and socio-economic driving factors as well as numerous LULC states, which increase the 

complexity of modelling at fine spatial resolutions, are considered. 
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In addition, many recently developed models overlook scaling effects, such as the selection of 

neighborhood configuration and historical maps. These are important factors in calibration and 

affect the model outcomes. In this study, the impacts of time series components, including date of 

acquisition, period covered, temporal interval, and different neighborhood configurations between 

the LULC historical maps, are investigated and the components with the most accurate simulated 

results are identified. In fact, this model explores the scaling effects, both temporal and spatial 

scales, on identifying the proper neighborhood configuration, driving factors, and transition rules 

of the object-based CA model.  

The methodological framework is illustrated in Figure 3-13. To overcome the challenge of LULC 

changes modelling specifically at fine spatial resolution, some modifications are applied to the 

object-based CA model to handle the detailed dynamics of LULC classes. The modifications are 

presented in the following sections. 
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Figure 3-13: The methodological framework of the object-based CA model 

3.3 Model implementation  

From an implementation perspective, object-based CA modelling is computationally intensive 

since a large amount of geometric operations and processes should be performed to (i) clean the 

data, (ii) identify the neighbors of each geographic object within the study area, (iii) extract 

transition rules and calibrate the model, (iv) calculate the transition area for the simulation, and (v) 

run the simulation procedure to generate new entities. This could considerably limit the 

applicability of the model, depending on how large the study area is, the number of involved LULC 

states and the number of drivers affecting the study area and how many geographic objects it 

encompasses, specifically in the context of decision-making where testing alternative scenarios in 

a relatively short period of time is highly desirable. This research proposes a new approach to 
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Figure 3-15: Data model of the object-based CA model 
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with object A. The area resulting from the intersection is cut off the central object and attached to 

the influencer object B. 

  

(a) Intersecting the buffer with the 
central object 

(b) Attaching the intersection area to 
the influencer object 

Figure 3-17: Applying geometrical transformations 

3.3.3.3 Determining the order of geometrical transformations 

Since a central object might have several neighbors, the order in which the influence of these 

neighbors is calculated, and the geometrical transformation is performed will affect the results. For 

instance, assume that objects A, B, C, D, and E are stored in the mentioned order (Figure 3-18-a) 

and that object A has some influence on object C, object C has some influence on object B, object 

D has some influence on object A, and object E has some influence on objects C and D. If, 

following the above-mentioned order, the geometrical transformation is initiated with object A, 

object C may be completely captured by object A before it can exert an influence on object B. 

Thus, the influence of object C on object B will be neglected. 

  

(a) (b) 

Figure 3-18: (a): A typical configuration of objects in a vector map, and (b): the dependency graph generated from the 
map 
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Finally, to improve computation time, a new approach was presented that involves the use of a 

spatial database to perform geometric calculations and a scripting language to create a workflow 

and automate the process. The results are evaluated using the metrics that provided.  
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4.3.1 Eastern part of Elbow River Watershed 

Change detection analysis is performed on the historical LULC maps to quantify the changes 

happened in each time step. LULC changes for each LULC state are listed in Table 4-1 and were 

analyzed for the period covered from 1985 to 2010 with the time interval of approximately five 

years (Figure 4-1).  

Table 4-1: Area of LULCs in the eastern part of Elbow River watershed between 1985 and 2010. 

LULC Class 1985 1992 1996 2001 2006 2010 

Evergreen 223.373 217.8181 215.4266 211.078 206.1842 195.7108 

Deciduous 85.6798 83.9605 82.5812 83.2612 80.4564 72.8536 

Agriculture 216.5366 214.04 211.9614 206.7042 206.7638 198.0692 

Rangeland/Parkland 26.6273 25.419 25.0641 24.9111 23.7655 28.1746 

Built-up 35.0875 44.7094 52.1659 58.6032 65.9091 81.0847 

Clear-cut 0.8478 2.2455 1.02 3.5371 5.1077 12.1927 

 

This area is dominated by evergreen and agriculture. Due to the considerable growth of built-up 

areas (131%) over the period 1985 to 2010, the evergreen and deciduous forest areas have reduced 

by about 12% and 15%, respectively. Agricultural areas have decreased by around 9% while 

rangeland/parkland areas have increased by 6% approximately. 
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Figure 4-1: LULC changes from 1985 to 2010 in the Eastern part of Elbow River Watershed 

The historical LULC maps of the year 1985, 1992, 1996, 2001, and 2006 were used to calibrate 

the model to create the transition rules for the simulations.  

4.3.2 Sub-area 

The changes for each dynamic LULC state were calculated in the sub-area from 2003 to 2011 with 

the time interval of about three years, as illustrated in  

Figure 4-2. Under Development is a fast-changing class that is converted to the residential LULC 

classes, i.e., Urban Residential and Country Residential, where the dominant changes occurred 

between Under Development to Urban Residential. The area of Urban Residential has increased 

by 97% from 2003 to 2011, resulting in a total area of 7.4 km2 in 2011. As shown in  

Figure 4-2, new Urban Residential tend to appear inside the boundary of the City of Calgary and 

close to previous Urban Residential areas. Similarly, most changes to Country Residential 

happened close to the existing ones. On the other hand, over the period 2003 to 2011, agriculture 

and forest areas have reduced by around 2% and 1%, respectively (Table 4-2). 
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Figure 4-2: LULC changes occurred in the sub-area between 2003 and 2011
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were only selected. Since increasing the value of the contrast threshold reduces the number of 

factors, it may result in preventing the model from considering the important ones. 

Table 4-3: driving factors selected when considering the contrast threshold values of -0.5, 0, 0.5, and 1. 

C value Internal factors External factors 

-0.5 

Evergreen 

Deciduous  

Agriculture 

Built-up 

Water 

Range-land/Park-land 

Slope 

Soil 

Distance to road 

Distance to river 

Distance to City center 

Distance to amenities 

Distance to industrial areas 

0 

Evergreen 

Deciduous  

Agriculture 

Built-up 

Slope 

Distance to road 

Distance to river 

Distance to City center 

Distance to industrial areas 

Distance to amenities 

0.5 

Evergreen 

Agriculture 

Built-up 

Slope 

Distance to road 

Distance to river 

Distance to City center 

1 
Evergreen 

Built-up 

Distance to river 

Distance to City center 

 

Since the dominant changes are toward built-up areas, only errors for built-up were calculated 

using Equation 3-12. Table 4-4 lists the value and proportion of built-up areas for 2010, simulated 

and observed using the contrast threshold values of -0.5, 0, 0.5, and 1. Using a threshold of 1, and 

consequently a reduced number of driving factors, result in an underestimation of built up areas 

(4.8%), approaching an error rate of 36%. This suggests that other factors than those considered 

in the calibration might be necessary to include in the process to capture the dynamics of the Elbow 
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River watershed in 2010. On the other hand, when using threshold values of -0.5 and 0, it is 

apparent that built-up areas are overestimated by around 98% and 42%, respectively.  

Table 4-4: Simulated and observed built-up areas for 2010 with the contrast threshold values of -0.5, 0, 0.5, and 1 

 Built-up Area (proportion) Built-up Area (value in km2) Error 

Observed 13.4% 81.1 N/A 

Simulated  

C = -0.5 26.6% 160.7 98.2% 

C = 0 19.0% 114.9 41.7% 

C = 0.5 16.3% 98.4 21.3% 

C = 1 8.6% 52.1 35.8% 

 

Given the data, the contrast threshold value of 0.5 outperforms others with an error rate of 21%, it 

is selected as the contrast threshold value in this research (Figure 4-3). To understand the 

significance of a more comprehensive set of driving factors on the simulation results a contrast 

threshold value of 0 can be used. 

 

Figure 4-3: Changes in the error percentage using different contrast threshold values  
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configuration yields an error rate of about 21%, which is worse than the results obtained from other 

neighborhood types. 

Table 4-5: Simulated and observed built-up areas for 2010 with different neighborhood configurations 

 Built-up Area (value in km2) Error 

Observed 81.1 N/A 

Adjacency 98.4 21.3% 

Complete buffer 

60 m 62.5 22.9% 

80 m 71.2 12.2% 

100 m 77.4 4.6% 

300 m 131.9 62.6% 

500 m 200.6 147.3% 

Buffer 

60 m 72.4 10.7% 

80 m 88.8 9.5% 

100 m 123.7 52.5% 

300 m 186.3 129.7% 

500 m 229.5 183.0% 

Clipped Buffer 

60 m 66.2 18.4% 

80 m 73.4 9.5% 

100 m 83.3 2.3% 

300 m 115.1 41.9% 

500 m 194.7 140.1% 

 

The data suggests that an underestimation was observed for all neighborhood configurations when 

choosing a buffer size value of 60 m. This can be partially explained due to the fact that the 

minimum area of the objects in the study area is 60 m x 60 m and, consequently, some objects 

might not fall inside the buffer zone, especially when considering the complete buffer and clipped 

buffer configuration. 
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Figure 4-4: Changes in the error percentage using different neighborhood configurations 

As discussed in Section 3.3.3.2, area is a major factor when calculating the influence buffer in 

simulation. In fact, it has a direct impact on calculating the influence buffer (according to Equation 

3.1), meaning that a neighbor with a larger area results in a larger influence buffer value. Note that 

an influence buffer represents a zone of influence of a neighbor object on a central object, which 

is different from neighborhood buffer size.  

It is worth mentioning that there might be some situations where the influencer object is very large 

and that may result in a false state transition and underestimation/overestimation in simulation 

because of a significant influence on the central object. This is the case for the adjacency and buffer 

neighborhood configurations as shown in the poor simulation results as listed in Table 4-5. For 

example, objects 1, 2, and 3 are neighbors of the central object in Figure 4-5, so the object 3 has a 

more significant impact on the central object than objects 1 and 2 because of its large area when 

considering the adjacency and buffer configurations. This may affect the model performance, thus 

generating an unrealistic outcome. However, the clipped buffer neighborhood configuration 

considers the proportions of the neighbors that fall inside the buffer zone, so it is more likely to 

capture the LULC dynamics more realistically. 
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Figure 4-5: different number of neighbors in various neighborhood configuration 

The reference map of 2010 is illustrated in Figure 4-6 and the simulated LULC map of 2010 using 

the clipped buffer neighborhood with 100 m buffer distance as the scenario with best results is 

presented in Figure 4-7.
































































































