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Abstract 

Geographic Information Systems (GIS) are widely used in both the management of 

spatial data as well as in the study and analysis of spatiotemporal processes. However, 

contemporary spatial data models are based on the principles of traditional two-

dimensional cartography that simplify space to the horizontal Cartesian plane. This is 

partly due to the limitations in the way spatial phenomena are generally conceptualized 

and represented in GIS databases using the vector and raster geospatial data models. Over 

the last two decades, various methods of modeling the third dimension, incorporating the 

temporal component, and linking the field and object perspectives have been proposed 

but they have received little integration in GIS software applications. The main objective 

of this dissertation is to develop modeling approaches that can represent dynamic spatial 

phenomena in the four-dimensional (4D) space-time domain (three-dimensional space 

plus time) using a theoretical geospatial data model and the principles of complex 

systems and geographical automata theory. Using the theory of complex systems and the 

geo-atom concepts, this dissertation proposes and implements a voxel-based automata 

modelling approach for the study and analysis of 4D spatial dynamic phenomena. The 

data are structured using the geo-atom model, a theoretical geospatial data model that 

links the object and field perspectives of space and explicitly models the four dimensions 

of the space-time continuum. The results from implementing voxel-based automata 

indicate their usefulness in simulating dynamic processes, the management of geographic 

data, and the development of three-dimensional landscape indices and spatiotemporal 

queries. The significance of the study is that it provides a robust platform that 

demonstrates the potential of the voxel automata and geo-atom spatial data model to 

represent spatial dynamic phenomena in 4D.  

Keywords:  voxel automata; geo-atom; four-dimensional GIS; geospatial modeling; 
3D; spatial indices; complex systems  
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Chapter 1.  
 
Introduction 

The study of the occurrences, relationships and distributions of spatiotemporal 

phenomena in topographic landscapes is important to our understanding of the real world. 

For analysis in geographic information systems (GIS), the phenomena need to be 

appropriately described and their location geo-referenced (Burrough, et al., 2005). 

Additionally, geographic phenomena are intrinsically dynamic (Jakle, 1971) and, thus, 

need an additional temporal description to characterize their dependence on time 

(Langran, 1992). Yet, the geospatial data models used to represent spatiotemporal 

phenomena are largely two-dimensional in their conceptualization of space. Both the 

temporal component and the third spatial dimension (for example, elevation, depth, 

intensity) are technically referenced as additional attributes of the horizontal location. 

The temporal component is often displayed as a series of snapshots in many GIS 

applications (Langran and Chrisman, 1988; Dragicevic and Marceau, 2000; Keon, et al., 

2014; Yi, et al., 2014), and GIS technology is still dominated by the concept of the paper 

map which can be attributed to the simplicity it offers in spatial representation.  

The two-dimensional spatial data models, which are generally accepted as the alternative 

methods of representing space, are derived from the field and object perspectives of the 

real world (Goodchild, 1989; Burrough and McDonnell, 1998). In the field perspective, 

each location in space is mapped to a value selected from an attribute domain while for 

the object perspective, space is perceived as a region populated with discrete entities, 

each having an identity, geometry and other added attributes corresponding to the 

phenomenon under study. Depending on the purpose and circumstance of the modeling 

exercise, spatial phenomena are generally represented using either of these two 
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contrasting perspectives (Couclelis, 1992). However, the representation of certain 

phenomena appears to combine aspects of both of these two perspectives and this duality 

of the field and object perspectives is valuable and well articulated (Worboys, 1995). One 

well described case that involves both the field and object perspectives is the familiar 

concept of a density field, which is created after determining the number of objects and 

the extent of the area around them. The density field value is not uniquely defined for any 

given location. To calculate the density, it is necessary to define the area around the 

objects, and depending on the size of the selected area, different values can be obtained. 

In other words density is a field based variable whose values at each location cannot be 

separated from the size and shape of the spatial objects used to create them (Peuquet, et 

al., 1998).  

Thus, the broader purpose of this dissertation is to model various spatiotemporal 

phenomena using a geospatial data model that explicitly represents time as well as the 

three dimensions of space. The geospatial data model that is used links both the field and 

object perspectives of space. It is applied within the context of simulations that 

encompass three-dimensional space plus time as an additional dimension. This is a novel 

and ongoing research effort for a multi-dimensional representation framework that 

provides the ability to enhance the understanding of geographical reality. Spatial Data 

that comprehensively represent space and time in the four dimensions of the space-time 

continuum can be queried for spatiotemporal relationships such as duration and 

frequency of incidents or events and their corresponding impacts in order to provide 

improved insights into the evolution of the of dynamic spatial phenomena. 

1.1. General Introduction  

Geographic phenomena are characterized by entity flows and the movement of objects 

but their representation in GIS applications is often simplified to a static two-dimensional 

map view (Goodchild, 2010). In those instances where there is no change in the geo-

referenced location, the phenomena are at least characterized by variable changes in the 
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values of the attributes used to describe them. For synthesis and illustration, the 

phenomenons are oftentimes depicted as geographic systems comprised of interacting 

spatial entities. The relationships and interactions between these constituent entities, 

which are ultimately responsible for driving the dynamics of the systems, occur along a 

temporal continuum as events, activities and processes (Yuan and Hornsby, 2008). 

However, the integrated representation of space and time in GIS software applications 

that is central to geographic analysis and modeling has not been fully developed despite 

extensive research since the 1980s (Peuquet, 1984; Langran and Chrisman, 1988).  

GIS models are a limited representation of the complex reality on the earth’s surface 

(Goodchild, 1992). Geographic information about four-dimensional space, as it pertains 

to topographic landscapes and the geographic processes operating therein, cannot be 

adequately displayed using two-dimensional GIS technology. This problem was realized 

from the earliest days of the development of the field of geographic information science 

(GIScience) as a discipline of study (Goodchild, 1992; Hazelton, et al., 1992) and 

significant developments regarding the integration of time in spatial representation have 

been put forward. In relational databases, time is considered as an intrinsic part of the 

data and time-stamps can be added to a table, a relation or to a tuple (Snodgrass and Ahn, 

1986). Although this technique is widely used in aspatial databases and is popular in GIS 

databases, it is inadequate for space-time analysis (Yuan, 2007). Nonetheless, its wide 

application in time-stamping of data layers as outlined by Langran and Chrisman (1988) 

or to individual spatiotemporal objects as proposed by Worboys (1994) has been useful in 

the visualization of spatiotemporal changes. 

Dynamic phenomena are specifically characterized by continual change as they evolve in 

space and time. For example, a simulation model developed to adequately represent the 

transport and dispersal of airborne particles can be achieved with the aid of a four-

dimensional spatiotemporal model. Such a model would allow for the querying of the 

phenomenon’s space and time topological relationships and it would serve as a building 

block in the construction of simulations for what-if scenarios. Moreover, the results could 

be employed in a GIS for further analysis. 
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It is generally accepted that the study of geographic phenomena, characterized by 

interactions between distinct component parts, is well suited to the application of 

simulation modeling using the theory of complex systems (Manson, 2001; O'Sullivan, 

2004; Batty, 2005; Holland, 2006). In this context, the geographic phenomena are 

conceptualized as complex systems that have a variety of interacting component parts, 

and the objective of simulation modeling is to characterize interrelationships between 

them over time in an artificial environment. These systems exhibit geographic complexity 

and their constituent parts are sometimes organized into different sub-systems (Manson 

and O'Sullivan, 2006). They are intrinsically four-dimensional in nature because the 

interactions between the component parts take place in topographical landscapes for 

extended periods of time. Due to the nonlinear relationships between them, they tend to 

exhibit characteristics of self-organization, adaptation, feedback loops, emergent 

behavior and bifurcations (Forrest, 1990; Holland, 1995). These properties are 

characteristic of complex systems and provide a framework for designing models with 

the assumption that the emergent characteristics of a system are best understood by 

examining the inter-relationships between the component parts (Parker, et al., 2003).  

The results from simulation models that rely on a two-dimensional data framework are 

limited in their use for spatiotemporal analysis because time-stamped data layers are used 

to animate the chronological changes of the study area. The animations are easy to 

understand and they provide a global system state at each time-step, however, as pointed 

out by Langran and Chrisman (1988), this aggregate presentation of the outcomes hides 

the rich underlying spatiotemporal topological relationships that would explain the 

process. This problem is unavoidable when a two-dimensional data framework is used. A 

four-dimensional data model could provide a framework for interrogating space and time 

relationships. However, a major challenge of implementing such model in a GIS pertains 

to the manner in which dynamic phenomena are conceptualized (Couclelis, 2010).  
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1.2. Geospatial Data Models  

In conventional GIS software applications, the features on the earth's surface are 

described, organized and stored as a collection of thematic layers with the aid of 

geospatial data models. Different thematic layers of the same geographic location are 

usually overlaid on top of each other to provide a comprehensive representation of all the 

features in the area. Although they provide a static representation of reality, spatial data 

models allow for a logical consistency that enables a computer to represent real entities as 

graphical elements (Goodchild, 1992). The two broad perspectives used to conceptualize 

reality and thereafter transform it into geographic data are, namely, the field-based and 

object-based views (Sinton, 1978; Galton, 2001; Worboys and Duckham, 2004). The 

field-based perspective conceptualizes real world entities as a continuous spatial 

distribution over a geographical region, while the object-based perspective forces the real 

features of the natural world into discrete, identifiable entities across geographic space. 

Inevitably, these two approaches have led to two distinct methods of spatial analysis 

whereby a particular focus on spatial operations for discrete objects has been reserved for 

object-based data models (Egenhofer and Franzosa, 1995), and map algebra techniques 

for the field-based data models (Tomlin, 1990).  

The process of representing geographic reality goes through the stages of identifying the 

landscape elements necessary to appropriately represent the phenomenon under study, 

selecting the spatial data model that would be used to represent these spatial entities, and 

specifying the consistent instructions the computer uses to reconstruct the landscape 

albeit in a digital form (Peuquet, 1984). In general, GIS software applications use the 

raster geospatial data model to represent reality from the field-based perspective and the 

vector model for the object-based perspective (Frank, 1992). For example, the two-

dimensional network models would be in the object-based perspective while the 

triangulated irregular network (TIN) models as well as the continuous surface of a digital 

elevation model (DEM) are in the field-based perspective.  
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1.2.1. Raster Data Model 

The raster data model is based on a cellular organization of space. It divides the entire 

geographic area into a series of non-overlapping cells that are usually identical to each 

other in size and shape but differ in attribute values (McCullagh, 1988). Thus, spatial 

features are divided into cellular arrays and planar coordinates derived from a geographic 

reference system are assigned to each cell. Elevation, slope and surface moisture are 

examples of geographic themes whose attribute domains are typically represented using a 

field-based perspective of geographic space. 

1.2.2. Vector Data Model 

In the vector data model, spatial representation is achieved with the aid of points, lines 

and polygons (Burrough and McDonnell, 1998). Points are spatial objects with no area 

but can have attached attributes, while lines are objects linking two or more connected 

points. Polygons are areas within a closed circuit of two or more line segments and can 

take on shape and size. For example, discrete objects for roads, forests, lakes, and 

agricultural farms can be used to represent a rural landscape. This data model is 

implemented on the assumption that all the elements in the landscape are discrete objects 

that can be represented geometrically using points, lines, and polygons. As with the cells 

in the raster data model, the latitude-longitude coordinate pairs are used to reference the 

object’s location in the real landscape. In this instance, however, multiple coordinate 

pairs are needed to define the spatial extent of the geometric object. 

1.2.3. Unified Models 

The field and object-based perspectives were originally seen as conflicting views of 

geographic space and there was much discussion about their relative merits (Couclelis, 

1992). In the intervening years perspectives have changed because the current research 

efforts view the field and object-based perspectives as complementary and the need for a 

model that conceptually unites them has been acknowledged for a long time (Peuquet, 
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1988; Worboys, 1994; Cova and Goodchild, 2002). However, the interest in adopting and 

implementing such a unified model has been slow despite significant progress in the 

research on modeling the third spatial dimension and the temporal component. 

Geographic representation in GIS applications often takes the planimetric view. 

1.2.4. The Geo-Atom Data Model 

In recent years, an important proposal for a unified spatial data model, referred to as the 

geo-atom data model, has been fully described (Goodchild, et al., 2007).This model links 

both the object and the field-based perspectives and is capable of comprehensively 

representing spatiotemporal processes because the temporal dimension is also modeled 

explicitly. A geo-atom defines a spatial feature in terms of its three-dimensional location, 

attribute domain and temporal component and it is theorized as an elemental form of 

representing spatiotemporal data. Conceptually, a geo-field is an aggregation of geo-

atoms that represent a specific attribute type or geographic theme, while a geo-object is 

an aggregation of geo-atoms based on the spatial objects’ similarity of identity. 

Moreover, in between the geo-object and geo-field representations, field-objects can be 

derived by aggregating geo-atoms exhibiting persistent object identity but with field like 

characteristics internally. Similarly, geo-atoms can be aggregated to an object-field when 

the geo-atoms map to objects rather than a field values.  In this study, the geo-atom data 

model is used to represent spatial features tessellated into uniforms voxels. 

1.2.5. The Voxel-Based Data Model 

The field-based and object-based views of the world are not mutually exclusive 

ontological systems but are intimately interconnected (Galton, 2003). Although the raster 

and vector data models may distinctively represent geographic phenomena as objects or 

fields, some objects can behave as fields and some fields may have object characteristics. 

A storm is an example of an object that behaves as field. It may have clearly defined 

boundaries and an identity that persists in time; however, its internal structure is 

characterised by variation in atmospheric pressure and the precipitation. A field that maps 
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viewshades in a topographic landscape is an example of a field of objects. In addition, 

these data models in GIS software applications are atemporal and they represent 

geographic entities as 2D objects, which make three-dimensional spatiotemporal analysis 

difficult to perform. To address these limitations, a voxel-based representation capable of 

storing both object and field data using the geo-atom concept can be used to model four-

dimensional spatiotemporal phenomena. The voxels, being three-dimensional volumetric 

units, can be used to represent the solid forms of a variety of spatial entities (Qian, et al., 

1992; Marschallinger, 1996). In addition to incorporating the temporal component, a 

single voxel or an aggregation of a group of voxels can represent a single object while a 

field can be modeled if the study area is viewed as a collection of voxels. Furthermore, 

temporary objects can be created out of fields and temporary fields out of objects. Also, it 

is often necessary to model both objects and fields in a single simulation because of the 

interrelationships between the attributes of the field and objects therein. Like an object-

based data model, the voxel-based representation can be defined with a set of attributes 

which characterize the spatial entity being modeled. Likewise, the field-based data 

modeling used to map a continuously varying spatial attribute can be defined in a voxel-

based representation using a singular attribute value to characterize a phenomenon. In 

particular, the voxel-based data model is implemented by defining functions for storing, 

retrieving and manipulating data depending on how the geographic phenomenon is 

modeled as an object or a field. 

1.3. Representing Dynamic Spatial Phenomena in four 
dimensions  

1.3.1. An Overview of Temporal Dimensional Representation  

In addition to the long running advocacy for a unified spatial data model, over the years 

there has been research on extending the restrictive raster and vector geospatial data 

models, for example, by improving the representation of the third dimension (Raper, 

2000; Breunig and Zlatanova, 2011) and the temporal component. Notable among the 
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efforts for temporal modeling, is the event-based approach where for any change in the 

data a corresponding time is recorded (Peuquet and Duan, 1995), the use of fuzzy logic to 

interpolate between time instances (Dragicevic and Marceau, 2000), and the SNAP-

SPAN ontology where, depending on the phenomena, geographic entities can be 

represented in terms of snapshot occurrents (incidental events), or in terms of continuant 

spatiotemporal processes (Grenon and Smith, 2004).  

Typically, the third spatial dimension in a GIS is handled as an attribute of the location in 

the horizontal plane (a solution often referred to as “2.5D”) and has been used to display 

elevation, depth or the intensity value of another variable. Similarly, the temporal 

changes are modeled by representing time as an optional attribute of spatial location 

(Langran, 1992; O'Sullivan, 2005). With this kind of data organization, it is difficult to 

execute queries for multi-dimensional topological relationships that involve the temporal 

component, as well as the third dimension of space in a GIS. Therefore, in the spatial 

databases for information on dynamic geographic phenomena where the temporal 

information is important the data are stored as a series of snapshots corresponding to 

particular points in time. This multi-snapshot representation of the space-time domain 

lends itself well to the use of movie-like animations to visualize spatial changes. 

However, with an increasing number of tools used in spatial data collection, the new 

computing platforms being developed, as well as the sophisticated data search and 

visualization algorithms, the question of representing dynamic spatial processes is taking 

on a more urgent role in GIScience discourse.    

1.3.2. Complex System Theory for Three and Four-Dimensional 
Representations 

In the last three decades, cellular automata (CA) modeling has emerged as an effective 

methodology for simulating dynamic spatial phenomena using the theory of complex 

systems. The CA method models a process by defining local relationships and exchanges 

for a collection of heterogeneous entities whose geographic interactions define the 

dynamics of the system. CA have their origins in the fields of mathematics and computer 
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science through the pioneering efforts of John von Neumann (1966) as he studied self-

reproducing systems soon after World War II. It was Conway's Game of Life (McIntosh, 

2010), however, that popularised them into the mainstream scientific community 

resulting in various applications in mechanical physics, biology, chemistry (Wolfram, 

1983, 2002) and geography (Tobler, 1979). Since Carter Bays (1987) made the initial 

application of three-dimensional CA to Conway's Game of Life, their application in 

three-dimensional modelling in still largely limited to the field of computational studies 

in the physical sciences.  

In the CA modeling approach, the temporal component is represented by a series of 

discrete time-steps to approximate the temporal changes in the phenomenon under study. 

This temporal representation is well suited to the four-dimensional modeling of dynamic 

processes because data associated with a spatial phenomenon can be captured at one or 

multiple instances in time during the model's run. Indeed, there are studies that have 

taken the principles of two-dimensional cellular automata and extended them to the three 

dimensions of space so as to aid in the four-dimensional simulation of environmental 

phenomena. Aitkenhead et al. (1999) demonstrated their usefulness in modeling water 

absorption in volumes of different soil types, while Barpi (2007) used them to model the 

paths of snow avalanches. Other works in which four-dimensional cellular automata have 

been applied include the simulation of seismic activity in an earth-quake zone (Jimenez, 

et al., 2005), modeling fluid dynamics using a lattice gas method (Kobori and Maruyama, 

2003), the simulation of disease spread (Dibble and Feldman, 2004), fire evacuation 

dynamics (Thorp, et al., 2006), while Sarkar and Abbasi (2006) have used them to 

simulate the hazards of fire spread and the dispersion of toxic pollutants. Moreover, 

Wolf-Gladrow (2000) has emphasised their usefulness in the simulation of gaseous 

processes particularly using the principles of the Lattice-Gas automata (Rothman and 

Zaleski, 2004) and the Lattice Boltzmann (Chen and Doolen, 1998) methods. In addition, 

PCRaster is a useful application for the four-dimensional simulation of dynamic 

processes using automata based methods (Burrough, et al., 2005; Schmitz, et al., 2009). 

However, most of the models published to date represent four-dimensional phenomena 
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using a two-dimensional spatial framework because the third dimension is ignored in the 

raster datasets used. Although the benefits of using four-dimensional simulations in order 

to analyse dynamic processes have been outlined there are limited efforts in applying 

them for geographical study and analysis in comparison to the applications developed 

using the classical two-dimensional space-time formalism. Moreover, the approaches 

employed in many of the studies do not attempt to address the underlying limitation of 

contemporary geospatial data models, that is the representation of time and elevation as 

an attribute of the lateral coordinates. They are, instead, focused on the methodologies of 

dynamic process simulation and visualisation.  

1.4. Spatiotemporal Queries 

Spatiotemporal queries investigate a dataset’s space and time topological relationships. 

Using Allen’s (1983) temporal logic, for example, one can investigate equivalence, 

adjacency and overlaps in much the same way that spatial queries are done. With that 

same logic, queries that investigate space and time relationships can be used to find out 

the rate at which a phenomena occupies space and the duration of particular processes; 

explore concurrent events or processes (as an example of temporal proximity), moments 

of transition (for example, when the attribute values at a specific location or associated 

with a particular object) begin to change (Yuan, 2001).   

Currently, the queries that can be executed on the existing vector and raster data models 

are limited by the planar conceptualization of space and two-dimensional topological 

relationships. The need for wide ranging queries that encompass time and the three-

dimensions of space as highlighted over the years (Hazelton, et al., 1992; Peuquet, 1994; 

Yuan, 1999; Yuan and McIntosh, 2002) ought to be addressed in GIS software 

applications. Moreover, there is a need to move beyond the existing three-dimensional 

models that are suited only to dynamic visualization and content display and advance 

towards four-dimensional spatiotemporal models with which complex three-dimensional 



 

12 

relationships are expressed and where the time component is not just an attribute of space 

but a fundamental dimension along which data can be interrogated.  

1.5. Research Problem and Objectives 

The comprehensive modeling of both space and time is essential for the realistic 

simulation of dynamic geographic phenomena that evolves in the three-dimensions of 

space over extended time periods. Cellular automata models are widely used to simulate 

and study dynamic phenomena. However, they rely on the two-dimensional geospatial 

data models even in situations where a four-dimensional representation of a process 

would be more beneficial. Besides being two-dimensional in their representation of 

geographic space, the raster and vector-based data models often used in automata models, 

are restrictive because they also conceptualise the real world as either a field or a 

collection of spatial objects. Despite their limitations, two-dimensional data are 

predominantly used in GIS. However, with the costs of data collection becoming cheaper 

and the availability of a variety of sensors to collect 3D data, it is imperative to move 

towards a three-dimensional representation and analysis of geographic phenomena in 

GIS. Moreover, spatial analysis procedures routinely generate objects from within field-

based data; and field data are often generated from object-based data.  

In order to address the above limitations and the gap in the GIScience literature related to 

the methods and concepts about representing four-dimensional spatiotemporal 

phenomena, the following research problems have been developed: 

1. How can three-dimensional space and time be conceptualised in GIScience? 
2. How can the geographic automata theory be used to represent four-dimensional 

spatiotemporal phenomena using a voxel-based simulation? 
3. How can the geo-atom data model be implemented to manage four-dimensional 

spatiotemporal representation and analysis? 
4. What are some of the indices that can be developed to characterise the 

spatiotemporal patterns that emerge from a four-dimensional process? 
5. What are some of the queries that can be developed to understand spatiotemporal 

processes generated from the geo-atom based geographic automata model?  
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These problems provide the focus for the research work to improve on the representation 

of geographic entities and processes in GIS software applications. More importantly, 

however, it seeks to develop and demonstrate how a data model based on the geo-atom 

theory can be coupled with the complex systems theory of geographic automata to 

develop simulation models that can be used to study the spatiotemporal aspects of a 

phenomenon. The work advances GIScience and spatial modeling by taking advantage of 

the usefulness and effectiveness of the geo-atom theory of representing dynamic spatial 

phenomena by developing several prototype automata models of increasing complexity 

and varied spatial representation that demonstrates how different complex dynamic 

processes can be simulated. In order to test the 4D modelling concepts, the developed 

prototype models are rooted in complex systems theory using the automata method.  

The main objectives of this research are: 

1. To design and develop novel voxel-based automata models for the representation 
of dynamic spatial phenomena in the four dimensions of the space-time 
continuum, 

2. To implement the geo-atom spatial data model to enhance the representation of the 
dynamic spatial phenomena using a four-dimensional space-time paradigm, 

3. To develop three dimensional indices to measure and evaluate the generated multi-
dimensional spatiotemporal patterns, and  

4. To develop specific queries that allow for an exploration of the three and four-
dimensional aspects of dynamic spatial phenomena. 

 

The impact of this study is in the application of a geospatial data model to a dynamic 

simulation approach which allows for the four-dimensional modeling of phenomena and 

the querying of spatiotemporal relationships. In addition it explores the characterization 

of landscape structure using a voxel-based discretization of space. These aspects, 

although important to our modeling and analysis of geographic phenomena, are not 

possible in contemporary GIS.  
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1.6. Datasets and Software Tools  

Spatiotemporal relationships of geographic processes can be explored and analysed with 

the aid of a data model that inherently supports the representation of time and the three 

dimensions of geographic space. In this dissertation, the recently proposed theoretical 

conceptualisation of geographic space using the geo-atom theory is employed in the 

modelling of dynamic geographic phenomena. The study area is discretized into uniform 

voxels, each of which is described by a geo-atom. The association of this unified 

geospatial data model with a volumetric spatial unit allows for the representation of a 

broad range of phenomena. Also, since it is a four-dimensional geospatial data model, the 

phenomena are correspondingly modeled in four dimensions of the space-time 

continuum.  In addition, the simulation of dynamic spatial phenomena lends itself well to 

the use of the geo-atom concepts because it is possible to model the spatial entities 

representing the phenomena with a single geo-atom or a collection of geo-atoms. 

Moreover, the theory of the CA modeling paradigm that is widely used for extrapolative 

simulation and the construction of what-if scenarios can be adapted to serve as an 

appropriate tool for building scenarios of spatial processes and for generating four-

dimensional data that can be queried a posteriori.  

The MATLAB software (MathWorks, 2012) was used to develop and implement the 

modeling procedures. In all the implementations, geographic phenomena are modeled as 

a collection of voxels that are encoded as geo-atoms in MATLAB. A complete four-

dimensional dataset for a spatiotemporal phenomenon was unavailable at the time of 

conducting this research. Thus, it was necessary to use hypothetical data to demonstrate 

the conceptualisation of a topographic landscape and to show how data for a dynamic 

geographic phenomenon that operates therein can be managed and analysed. In addition, 

the assembly of geographic datasets was beyond the scope of this research whose goal is 

to develop a theoretical structure as a first step towards four-dimensional modeling. The 

models developed in this dissertation are simple and, thus, their usefulness in providing 

insights about dynamic phenomena is limited to the area of the conceptual representation 

of dynamic phenomena and illustrations for few analytical operations. Nonetheless, for 
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representing more complex modeling procedures a digital elevation model (DEM) of 

Metro Vancouver was used to generate topographic landscapes whose voxel units have 

the same horizontal dimensions as the DEM grid pixels. This dataset was used to 

generate a landscape that is more or less realistic in which to simulate a hypothetical 

phenomenon but it also indicates that spatial data in the raster format can be imported and 

applied to the geo-atom data model. 

1.7. Structure of the Thesis 

This introductory chapter sets the stage for the four-dimensional modeling work using the 

geo-atom concepts in GIS and it provides the research questions and objectives of this 

dissertation. The subsequent chapters are focused on how the research objectives have 

been addressed. Chapter 2 presents a voxel-based automata modeling approach that is 

used to simulate dynamic processes as they evolve over time in three-dimensional space. 

The voxel automata are further integrated with the geo-atom data model which enables 

the analysis of three-dimensional topology which has been presented in Chapter 3. The 

modeling approach proposed here was applied to simulate the propagation of airborne 

particles from the perspective of three-dimensional space. In addition to managing the 

data within the automaton, the GIS-based geo-atom theory was used to provide linkages 

between the object and field duality in spatial representation, which allows advanced 

spatiotemporal analysis.   

In Chapter 4, landscape indices were developed to describe the surface characteristics. It 

provides fundamental approaches to include relief properties into large-scale landscape 

analyses, including the calculation of standard landscape indices on the basis of “true” 

surface geometries and the application of roughness parameters derived from the field of 

surface metrology. The methods are tested for their explanatory power using simulated 

landscape and they can be used in spatiotemporal models. The methods provide a 

valuable extension of the existing set of indices that can be used mainly in “rough” 

landscape sections, allowing for a more realistic assessment of the spatial structure. 
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Chapter 5 presents the application of the geo-atom spatial data model in the 

representation and analysis of a dynamic field like process. The digital elevation model 

(DEM) was introduced in the landscape to characterise surface configuration and to 

demonstrate the adaptation of the widely applied raster model to the geo-atom format. 

The geo-atom concepts were employed to spatially and temporally define the voxels used 

in representing a phenomenon in space and time. Specific spatiotemporal queries were 

developed to demonstrate the usefulness of this model in GIS analysis.  Finally, the thesis 

concludes with Chapter 6 which presents the overall summary of the findings, limitations 

and some suggestions for the possible future directions for this research.  
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Chapter 2.  
 
Voxel-based Geographic Automata for the Simulation of 
Geospatial Processes1 

2.1. Abstract 

Most geographic processes evolve in a three dimensional space and time continuum. 

However, when they are represented with the aid of geographic information systems 

(GIS) or geosimulation models, they are modelled in a framework of two-dimensional 

space with an added temporal component. The objective of this study is to propose the 

design and implementation of voxel-based automata as a methodological approach for 

representing spatial processes evolving in the four-dimensional (4D) space-time domain. 

Similar to geographic automata models which are developed to capture and forecast 

geographical processes that change in a two-dimensional spatial framework using cells 

(raster geospatial data), voxel automata rely on the automata theory and use a three 

dimensional volumetric unit, a voxel. Transition rules were developed to represent 

various spatial processes which range from the movement of an object in 3D to the 

diffusion of airborne particles and landslide simulation. In addition, the proposed 4D 

models demonstrate that complex processes can be readily reproduced from simple 

transition functions without complex methodological approaches. The voxel-based 

automata approach provides a unique basis to model geospatial processes in 4D for the 

purpose of improving representation, analysis and understanding their spatiotemporal 

dynamics. This study advances the concepts and framework of 4D GIS.  

                                                 
1 A version of this chapter has been co-authored with Suzana Dragićević and has been submitted 

for review to the ISPRS Journal of Photogrammetry and Remote Sensing, special issue on 
Multi-dimensional Modeling, Analysis and Visualization 
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2.2. Introduction 

Geographic automata (Torrens and Benenson, 2005) provide a flexible and adaptable 

method for simulating a wide range of geospatial phenomena whose spatiotemporal 

dynamics can be represented using the theory of complex systems. However, they have 

been limited to the two-dimensional perspective of representing geographic processes 

using the theory of cellular automata (Torrens and O'Sullivan, 2001). This is partly due to 

the simplicity of the cellular automata (CA) formalism in representing complex 

geospatial processes as well as the ease of integrating them with geographic information 

systems (GIS), remotely sensed data and other geospatial information. Besides the 

limited number of multi-dimensional modelling tools available in the field of Geographic 

Information Science (GIScience), the geospatial data used in contemporary GIS 

applications are also formatted with the raster or vector models, which are both 

planimetric in their real world perspective. In these data models, the three-dimensional 

nature of the geographic space is abstracted so that properties such as the elevation or the 

temporal dimension are modelled as an attribute of a location represented by two 

geographic coordinates (Chrisman, 1997). This study extends geographic automata 

systems that are based on complex systems theory to represent multidimensional spatial 

processes evolving in the four-dimensional space-time continuum. 

First conceptualised by Stanislaw Ulam, the scientific study of CA models was initiated 

by John von Neumann when he applied them in the investigation of the nature of self-

reproducing biological systems (von Neumann, 1966). Later on they were popularized by 

the publication and eventual widespread use of Conway’s game of life (McIntosh, 2010). 

They are well suited to the study of complex systems on the basis that from the 

application of simple rules of interaction at a local level can emerge order and patterns 

that are vastly complex and often unpredictable (Ilachinski, 2001; Wolfram, 2002; 

Cotsaftis, 2009). Well specified CA models have been used to generate and study 

complex patterns and behaviour and over the last two decades they have been applied in 

various ways to simulate the complexity of dynamic geographic processes (Couclelis, 

1985; Batty, 1997; White, et al., 1997; Clarke and Gaydos, 1998; Berjak and Hearne, 
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2002; Benenson and Torrens, 2004; Rothman and Zaleski, 2004). They use discrete 

spatial elements (cells or rasters) which are undergoing either deterministic or stochastic 

(non-deterministic) local interactions (Rabin, 1963; Grassberger, 1984). For deterministic 

automata, the local interactions are actualized with the aid of transition functions that rely 

on the existing conditions of the neighborhood to cause a specific outcome at the next 

iteration (White and Engelen, 1993). Typically, the transition functions operate in such a 

way that for a given local neighbourhood configuration, a specific change in state may be 

applied to the cell at the centre of that neighbourhood. On the other hand, stochastic 

automata are less restrictive because the state of the central cell at the next iteration is 

selected from a range of possible outcomes given a specific neighbourhood configuration 

(Hopcroft, 2007). Moreover, the transition functions that are used to define these local 

interactions fall into three broad categories, namely, totalistic, semi-totalistic and non-

totalistic automata functions. In totalistic cellular automata, the transition functions 

depend on the simple summation or average of the cell values in the neighborhood; in 

semi-totalistic automata the transitions depend on the state of the central cell as well as 

the summation of neighbors; while in the non-totalistic cellular automata the cell values 

change based on the positioning of the other cell values in the neighbourhood (Wolfram, 

1983). Various transition rules belonging to one of these categories have been described 

in detail and used to mimic different processes that evolve over space and time.  

With simple rules to govern the local interactions at specific time intervals, it has been 

shown that as the states of the spatial elements change, the system as a whole gives rise to 

emerging patterns, evolution and self-organizing behavior which are all general 

characteristics of complex systems (Lansing, 2003; Holland, 2006). In particular, the 

application of geographic automata is well suited to complex systems modelling because 

the phenomena are themselves inherently spatial in character, time dependent, and exhibit 

a complexity of pattern formation resulting from the various interactions of the systems' 

components. Although the key concepts of the classical CA formalism have been 

extended to develop geographic automata models to represent geographic processes and 

to study complexity, most of these automata models are limited to the two-dimensional 
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spatial perspective (Benenson and Torrens, 2004). In reality, however, geographic 

processes occur in a four-dimensional (4D) continuum and many of these are best 

represented with the aid of the three dimensions of space with time being the fourth one. 

For example, urban land use change has been modelled and analysed using two-

dimensional spatial data; however, other growth processes like fire spread, particle 

diffusion and 3D landscape surface change would be more insightful when modelled 

using a 3D spatial framework.  

The main objective of this study is to develop a voxel-based automata modelling 

approach, as an extension of the theory of geographic automata systems, capable of 

simulating spatiotemporal processes in the four dimensions of the space-time domain. 

The voxel, as a volumetric element, is used to represent the smallest 3D spatial unit that 

changes its state based on the functioning of the automaton’s transition rules. By 

designing and applying local transition rules, the voxel automata approach is used to 

generate 3D spatial patterns that closely resemble those of geographic phenomena as they 

evolve in the four dimensions of the space-time domain.  

2.3. Literature Overview 

In geography, CA were proposed by Tobler (1979) as a suitable modelling approach to 

represent spatiotemporal change and have since found widespread use in modelling 

processes such as land use change. For the most part, the two-dimensional CA models for 

geographic processes operate on grid spaces with uniform tessellations due to the 

prevalence and complementarities of the raster geospatial data format with geographic 

information systems (Clarke and Gaydos, 1998; Stocks and Wise, 2000). However, this is 

not a strict requirement and work has been done using irregular spatial tessellations 

(Semboloni, 1997; Shi and Pang, 2000; Stevens and Dragicevic, 2007) or vector-based 

CA (Moreno, et al., 2008).  
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The two-dimensional CA models have been used extensively to simulate land use and 

regional change, for example to name a few studies by Batty and Xie (1994), White et 

al.(1997), Clarke and Gaydos (1998), Lau and Kam (2005) and Kocabas and Dragicevic 

(2007). In addition, they have been used to represent various environmental processes 

such as pollutant diffusion (Guariso and Maniezzo, 1992), physical processes such as 

landslides (Di Gregorio, et al., 1999; Lai and Dragicevic, 2011) and snow avalanches 

(Barpi, et al., 2007), ecological processes such as insect forest infestations (Bone, et al., 

2006), the spread of forest fires (Berjak and Hearne, 2002; Yassemi, et al., 2008), and the 

dynamics of marine animals (Vabø and Nøttestad, 1997). All of these environmental 

processes operate in 3D spaces over extended temporal durations and should be simulated 

with models designed to study and analyze the 4D space-time domain.  

3D GIS-based representation and analysis requires the geographic space to be discretized 

into volumetric units referred to as voxels (Hernandez-Pajares, et al., 2003; Popescu and 

Zhao, 2008). Uniformly tessellated voxels are straightforward to generate using 

computational algorithms and their analysis is adaptable to the many available analytical 

methods of their cellular analogues. The subdivision of the 4D space-time continuum of 

the real world into voxels and discrete time intervals lends itself well to the use of the 

voxel-automata methodology. The methodology is rooted in the theoretical framework of 

cellular automata and complex systems modelling and can be used to describe the local 

interactions of a geographic process. In this context, voxel automata, like their cellular 

counterparts, provide a mechanism with which dynamic geographic phenomena can be 

simulated and analysed. Three-dimensional automata models of complex geographic 

processes provide useful 4D representations of the change in spatial phenomena over 

time. The developed 4D modelling approach can be particularly powerful in the analysis 

and visualization and a contribution to the process of developing a framework for 4D GIS 

(Raper, 2000).  

The concepts of three-dimensional automata have only been used in a few applications 

and even fewer of these are for the simulation of geographic processes. For example, 

Vanderhoef and Frenkel (1991) have used 3D lattice gas automata formulation to 
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simulate the process of gaseous diffusion. Using a two-step process, gaseous particles 

propagate with the aid of twenty possible velocities from their initial position to a new 

node on the grid. Particles at the nodes undergo a collision that conserves momentum and 

the number of particles in the system. Sarkar and Abbasi (2006), on the other hand, use 

3D cellular automata to simulate the propagation of self-evolving phenomena. In 

particular, they simulate the outward diffusion of gaseous particles, energy and 

momentum from the site of an accident in order to determine the most vulnerable 

locations in the landscape. Furthermore, Narteau et al. (2009) developed a 3D automata 

model to simulate the process of dune formation by simulating the processes of particle 

erosion, transport and deposition. They use the theoretical elements from both the 3D 

lattice gas automata and numerical methods to simulate the dune fields. Subsequently, the 

fields are used to analyze the sensitivity of a sand bed disturbed by small perturbations 

caused by ground movements. Similarly, Gandin et al. (1996) as well as Eshraghi et al. 

(2012) use numerical formulations in their different algorithms while at the same time 

drawing on the gas lattice automata to implement a model that reproduces the growth 

dendritic grain structures during the solidification process. Other studies have employed 

the automata to simulate water lily growth (Lin, et al., 2011), rock formation (Lalonde, et 

al., 2010), snow avalanche (Barpi, et al., 2007). In the life sciences, Hunt et al. (2005)  

use a three-dimensional cellular automata model to simulate the dynamics of 

antimicrobial agents in a biofilm and other applications have focused on the study of 

tissue formation (Hotzendorfer, et al., 2009; Cai, et al., 2013; Ben Youssef, 2014).  

The outputs from these three-dimensional models, however, are for the most part still in 

two-dimensional representation. Differential equations, or other established mathematical 

methods, are often used to represent the phenomena without considering 3D space in an 

explicit manner. However, the voxel automata approach used here relies on deterministic 

transition functions that describe the complex spatiotemporal processes on a 3D grid 

space for the purpose of modelling spatial processes. The extension of the cellular 

automata method to a voxel grid provides more versatility with which the 3D space in 

which a geographic process unfolds can be conceptualized.   
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2.4. Methods 

2.4.1. The Formalism for Voxel Automata 

Using the existing geographic automata theory (White and Engelen, 2000; Torrens and 

Benenson, 2005) as a foundation, the five key elements that can completely specify a 

voxel automaton model are: the voxel grid space, the voxel states, the time-steps, the 3D 

neighbourhood and the transition rules. The mathematical conceptualization of the voxel 

automaton (VA) can be represented with a 4-tuple as: 

),,,( tfNSVA ≡  

  (2.1) 

where { }psssS ,...,, 21= , p, number of possible states s; neighborhood, 
{ }qvvvN ,..., 21= ,q, number of voxels v, in the neighbourhood; the 

function of transition rules SSf →×ω: , ω are the other input variables 
for the process, t = [1,2,..n], input values are the time-steps. 

The state S of any voxel at time t+1 is a function of the states of voxels and their relative 

positioning x, y, z within the three-dimensional neighbourhood V at time t formulated as 

[ ]tt
zyx SfS =+1

,,
 

  (2.2) 

The key elements of the voxel automaton in 3D space are described below:  
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2.4.2. Voxel Space 

The voxel space refers to the representation of the geographic study area in which the 

process under simulation unfolds. It is modelled using a uniform 3D lattice of volumetric 

elements because similar to the raster data model, the subdivision algorithm is relatively 

straightforward, the voxels are contiguously arranged with a uniform regularity, and they 

form closely packed neighborhoods. The voxels are conceived as distinct volumetric 

elements that represent portions of the study area and the spatial elements that are 

contained therein. They have been used to illustrate the computational concepts of three-

dimensional problems in fields as diverse as tomography and computational biology 

(Thaler, et al., 1978; Siddon, 1985; Ridgway, et al., 2012); mathematics and computer 

science (Frieder, et al., 1985; Patterson, et al., 2012); as well as remote sensing 

(Cucurull, et al., 1998; Hosoi and Omasa, 2009; Schilling, et al., 2012; Hosoi, et al., 

2013; Schneider, et al., 2014). Besides the use of cubic voxels, other approaches can be 

used to decompose 3D space into smaller parts; it is important, however, that these 

volumetric components are meaningful, logical and intuitively discernible parts of the 

study area (Reniers and Telea, 2008). Analogous to the two-dimensional constructs used 

in the discretization of space for the raster spatial data model, in 3D space the voxels can 

also take on regular and irregular hexahedra forms from adjoining cubic, hexahedron, 

triangular prism and rhombohedron voxels that fit compactly next to each other. Like 

their 2D counterparts, the voxel space in 3D automata provides the ability to capture the 

changes and to form spatial patterns over time at varying spatial and temporal resolution. 

In this study, cubic voxels have been considered because they present the most logical 

and intuitive tessellation of the spatial continuum however, an appropriate spatial 

resolution can be defined in terms of the voxel size to suit the type of phenomenon to be 

modelled. Thus, extending the traditional raster grid to a 3D continuum of voxels is a 

logical extension of a GIS framework for 3D modelling of spatiotemporal phenomena.  
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2.4.3. The 3D Neighbourhood 

The geographic automata methodology is a bottom-up modelling approach that mimics 

the local dynamics of a voxel and its surrounding neighbourhood, which in turn generates 

complex patterns at a larger spatial scale. The most commonly used neighbourhood types 

around a central voxel are the von Neumann and Moore neighbourhood formed by the 

adjacent voxels (Figure 2.1). However, in 3D voxel space the way that the 

neighbourhoods can be conceptualised allows for many more configurations. The von 

Neumann neighbourhood has six neighbouring voxels Figure 2.1(a) while the Moore 

neighborhood comprises of twenty six voxels Figure 2.1(b) surrounding the voxel at the 

center of the neighbourhood structure and whose state is to be changed at the next 

iteration. Alternative neighbourhood configurations, for example, those shown in Figure 

2.1(c-f) can also be used in simulations by voxel automata. However, one of the 

implications of having the additional flexibility in characterising a neighbourhood is that 

more work has to be devoted to the voxel automata calibration process to determine the 

type of neighbourhood configuration that would be most appropriate for a particular 

process under study. 
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Figure 2.1. Various configurations for 3D neighborhoods 

2.4.4. Voxel State 

During the simulation, each voxel in the 3D grid space has a state from a set of possible 

alternatives. The voxel states are updated based on the transition rules which operate in 

the local neighbourhood surrounding the voxel. The voxels are updated once in each 

iteration depending on how the transition rules are driving the simulation. Binary classes 

(black or white, 0 or 1) or multiple classes can be used to represent the state of the voxel 

3D geographic objects. For example, the states of the voxels can describe a phenomenon 

using one attribute to symbolise the presence and absence of a terrestrial or marine 

species (Figure 2.2a). Multiple voxel states can be used to represent more complex 

phenomena that ought to be characterised with multiple attribute values, for example, the 

representation of the varied ages in a colony of marine organisms using in a multistate 

automaton (Figure 2.2b). In a 3D continuum, the states of the voxels at any given time-
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step will change at the subsequent iteration based on the transition thereby enabling the 

generations of various pattern formalisation in 3D.  

 

Figure 2.2. Types of voxel states (a) binary and (b) multistate automata 

2.4.5. Transition Rules 

The transition rules are an important element in specifying how the evolution of the 

automaton unfolds with the explicit aim of correctly characterizing the process being 

studied. The rules enable the voxel automaton to represent, in discrete terms, a dynamic 

geographical process that operates in the four space-time dimensions. Using a totalistic 



 

33 

specification of the transition rule, the state S of any voxel at time t+1 is a function of the 

states of voxel in the neighborhood at time t and can be formulated as follows: 

 

  (2.3) 

where 1+ts is the state of a voxel i at time t+1; t
iS is the state of a voxel i in 

the neighbourhood at time, t; and n is the number of voxels in the 
neighbourhood. 

Transition rules are functions that operationalize the representation of the modelled 

process, which in this context is in a four dimension space-time continuum. They pull 

together and analyse the local dynamics surrounding each voxel and consequently assign 

a value for the voxel state to the centre voxel. 

A process described using both the totalistic and the non-totalistic transition rules relies 

on a standardized reference mechanism to each of the voxels in the neighborhood. The 

referencing mechanism allows for the consistent application of change to particular 

voxels whenever some conditions in the neighborhood have been attained as shown in 

Figure 2.3. Each of the voxels in the 3D Moore neighbourhood has distinct set of 

coordinates relative to the central voxel. Thus, the state S of the central voxel at time t+1 

can be modeled as a function of the relative positions of the other voxels in the 

neighborhood at time t and is formulated as: 
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where 1
,,

+t
zyxs is the state of a cell at time t+1 and t

iS is the states of the voxel 
positioned at index i in the neighborhood at time, t. 

 

 

Figure 2.3. The relative position of the voxels in a 3D Moore neighborhood 

The transition rules for voxel-automata are functions that permit simulations of four-

dimensional geospatial processes because they operate on the basis of discretizing space 

and time followed by the modelling of local interactions and the cross-transfer of 

information between neighbouring spatial entities at regularly specified time intervals. It 

is a bottom-up approach to system modelling that differs from the application of top-

down deferential equations. Equation based approaches are too complex to manipulate, 

do not provide means for explicitly analysing local drivers and spatial interactions in 

addition to the construction of 'what-if' scenarios (Parunak, et al., 1998; Batty and 

Torrens, 2005). In addition, numerical modelling of the geospatial processes presented 

here may not be justified because of the difficulty in accessing complete and accurate 
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datasets that would allow for multiple runs of the model in the model training and testing 

stages (Oreskes, et al., 1994; Neofytou, et al., 2006).  

2.4.6. Time-steps 

The voxel automaton models the temporal continuum as a sequence of discrete time 

intervals. At each time-step transition functions that determine how the state of a given 

voxel changes are applied to the neighbourhood. The updated state of the voxel comes 

into effect at the subsequent time-step. Generally, the number of time-steps required is 

the temporal extent needed to meet the objectives of the investigation and it depends on 

the characteristics of the system under study. The temporal resolution refers to the time 

period in the real world that each time-step represents within the model. Its duration 

depends of the 4D phenomenon under study as it can be minutes for a particle dispersal 

process or centuries for a geomorphological process. In addition, the model usually 

requires calibration to fit the temporal resolution and temporal extent of the geographic 

process that it is representing. 

2.5. Simulation of Spatial Processes in 4D 

In this study, several voxel-based automata models were developed to simulate the 

evolution of various geospatial processes in a four-dimensional space-time domain using 

binary and multistate voxel automata. MATLAB software (MathWorks, 2012) was used 

to implement the proposed voxel automata models and to generate the simulation results.  

2.5.1. Binary Voxel Automata 

Sandpile Model 

The sandpile model, introduced by Bak et al. (1987) has been used to study the frequency 

of occurrence (as a function of the size of the affected area) as well as the fractal 

behaviour of some geospatial processes such as landslides and forest-fires (S. Hergarten, 
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2003). Such processes tend to evolve in small increments towards critical points at which 

the system gets out of equilibrium (Bak, 1999; Turcotte, 1999). In the sandpile 

illustration, grains of sand, one at a time, are dropped in the centre of the grid and over 

time a heap of sand begins to form. During this process the cascading reactions affecting 

multiple sites as a result of the addition of a single grain of sand at the point of criticality 

occur as avalanches, from time to time. The sandpile model has been used to study 

natural hazards such as landslides (Stefan Hergarten and Neugebauer, 1998) and forest 

fire propagation (Drossel and Schwabl, 1992). 

Using a semi-totalistic voxel automaton, the model is used here to demonstrate 3D 

pattern formation using a voxel automaton constructed on a 40 x 40 x 40 voxel lattice. 

The sandpile model represents a multi stage spatial process. Firstly, a voxel is dropped 

from the top and it makes its way down to the base of the grid or its sits on the already 

existing voxels at the location. The next stage is the determination of whether there is a 

stack of four voxels that have no neighbours on either of their sides corresponding to the 

four cardinal directions. If this condition is fulfilled then a collapse of these four voxels 

occurs. The collapse of the voxel stack may in turn lead to a cascade of collapses at other 

locations within the grid space. It is assumed that these stages are occurring in a single 

timestep. The automaton's neighbourhood is configured to be an extension of the von 

Neumann neighbourhood. The presence of voxels in the three positions just below the 

central voxel, coupled with the absence of any other voxels in the neighbourhood, 

triggers the automaton's transition rule responsible for the avalanche effect. Overall, the 

accumulation of voxels into a pile continues to be stable and predictable if the height 

value of the column stack is less than four; however, at the critical value of four, an 

avalanche unpredictability sets in. The collapsed voxels are randomly distributed to the 

empty neighbouring grid locations along the four cardinal directions and the stack height 

limit has been set to four in this study but other heights can be used. The pile generated 

by a sandpile model cumulatively increases in volume (Figure 2.4a) but critical points are 

reached for example at time-steps 47, 707 and 822 as shown in Figure 2.4b where 
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significant and unpredictable changes between two time-steps are observed due to the 

effect of avalanches. 

 

Figure 2.4. Voxel automata simulation outcomes for the sandpile model (a) for a run 
up to 3000 iterations and (b) for a series of successive critical moments 
when the form of the sandpile significantly changes its shape in one 
iteration. 

Object Movement in Space 

The voxel automata model can be used to simulate the movement of geographic objects 

in space considering, for example, the case of objects gravitating to a central area. In the 

real world this model can be used to represent suspended organisms, such as fish, moving 

towards a feeding patch. To simulate this process, occupied voxels are randomly seeded 

in the three-dimensional landscape. Within the landscape is a field which also acts as a 

region of attraction for the seeded voxels. At every time-step, some of the seeded voxels 

are randomly selected to move in a stepwise fashion, one voxel at a time closer, towards 

the centre of this field. Several iterations of the simulation outcomes showing the 

movement of suspended organisms towards a given area are presented in Figure 2.5.  
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Figure 2.5. Objects moving towards a central region of attraction, simulation 
outcomes for fish moving towards a feed patch as an example 

In the model's implementation, the voxels' position coordinates are updated whenever the 

movement occurs while the voxel states are not updated. The persistence of the voxel 

identity allows for the 3D voxel automata to become a 3D agent-based model simulating 

spatial dynamics.  

Dispersal of Objects in Space 

A binary automaton is used to implement an Eden growth model to simulate a species 

cellular reproduction and migration of an underwater colony such as algae organisms. In 

the model’s design, a single voxel is seeded in the study region which is then subdivides 

into two or four other voxels at the next interaction. At the subsequent timestep one of the 

previously created voxels is removed from the simulation to mimic the death of the 

parent cell. Moreover, the voxels are given a directional movement to simulate their 

migration to locations with nutrients under the influence of water currents. Figure 2.6 

presents the simulation outcomes showing the dispersal of underwater species. 
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Figure 2.6. Simulation outcomes of a reproduction and dispersal of an organism in a 
fluid medium. 

Landslide Processes 

Important natural processes such as landslides and snow avalanches are initiated at 

locations where there is instability in the layers of slope material caused by the 

combination of gravitational forces, the angle of the slope and the weight of the material 

itself (Wang, et al., 2006; Lai and Dragicevic, 2011). These processes start when the 

shearing stress from gravitation pull exceeds the shearing resistance of the material 

resulting in the flow of debris down the slope. In this study, a generic three-dimensional 

simulation based on the sandpile model is used to approximate the removal of material 

debris from a higher ground to lower ground. 

Assuming that the simulation starts at the point when the instability of the ground is just 

giving way for the start of the downward flow of the unstable material, a non-totalistic 

voxel automata model is developed that approximates the movement of the debris. The 

sequential flow of material starts from a single voxel location (a selected central voxel) 

and moves to another location at a lower elevation but within the Moore neighbourhood 

of the central voxel. The transition rules implementing the local dynamics are used to 

determine the location to which the debris moves in such a way that the steeper the slope 

the higher the likelihood of being selected while at same time limiting this movement to 

down slope voxel locations only. The assumption is that the weight of the debris at the 

new location increases the instability at that location and in turn leads to further 
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progression of the landslide. Although landslides last for short durations, the 

implementation in this model represents the movement of debris between only two 

neighbouring voxel locations at each time-step. The simulation results for a voxel 

automata model representing the landslide process is presented in Figure 2.7. 
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Figure 2.7. Simulation of a landslide scenario using voxel automata for time T=50, 
T=500 and T=1800 as well as T=250 and T=500 for a portion of the study 
area at a larger scale. 
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2.5.2. Multiclass Voxel Automata 

Advection with Multiple Classes 

Many spatial processes are characterized by their gradual spatial spread starting from 

boundary lines between regions or from individual point sources. Each local site in a 

study region is defined by a value that represents the theme of the spatial process, which 

is itself modelled on the basis of diffusive and advective flows between local sites.  

The extent of the spread of airborne particles from a point source is greatly influenced by 

the surrounding air flow among other factors (Lee Jr, et al., 1974), but a model for 

particle advection can be simplified by assuming that the movement of the airborne 

molecules is principally directed by the magnitude of a three-dimensional wind field. The 

multistate model implemented in this study simulates a simple and hypothetical system of 

gaseous particle movement using a totalistic description of the transition rules. It is 

described with a four-state voxel automaton to represent particle concentration values in 

each voxel and in terms of four ordinal categories, namely, negligible, low, medium and 

high.  

Configured for eastward flow from a continuous point source, the particles are simulated 

to move from the central voxel by assigning directional magnitudes greater than zero to 

the easterly voxels in the neighbourhood and zero for the westerly voxels. The transition 

rules are applied to both a Moore neighbourhood configuration (Figure 2.8a) and a von 

Neumann neighbourhood (Figure 2.8b) which creates a tunnel-like particle flow effect. 

This example also indicates that similar to the cellular automata, the outcomes of voxel 

automata simulations are also sensitive to the 3D neighbourhood configuration. 
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Figure 2.8. Simulation outcomes of multistate voxel automata of particle dispersion 
using (a) Moore and (b) von Neumann 3D neighborhoods 

Particle Segmentation with Multiple Classes 

Sediment-laden flows are characterized by the density differences of the particles within 

the ambient fluid and are a key process for sediment transport downstream (O’Laughlin, 

et al., 2014). Turbidity currents are important in the evolution of channel morphology and 

the characterization of deposit structure within flow path of the ambient fluid. In the 

model, the voxels are subspace of the fluid continuum each of which represents a mass of 

particles. 

The voxels are of a uniform size and they approximate a distribution of suspended 

particulate in the fluid. At the initial stage, each of the voxels is randomly assigned a 

value for density to be high, low or medium (equivalent to the density of the fluid). 

During the course of the simulation, each voxel is acted upon by the forces of gravity, 

buoyancy and the advection due to the flow of the ambient fluid. For simplicity, the 

velocity vector of the ambient fluid is constant and moves the voxels East and likewise 
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buoyancy and gravity are constant. The effective resultant effects are sinking for high 

density voxels, flotation for less dense voxels and advection to all in proportion to their 

respective mass values. The simulation outcomes from the currents are shown in Figure 

2.9.  

 

Figure 2.9. Voxel automata simulation outcomes for segmentation of particles in a 
moving fluid 

The processes simulated above demonstrate that the voxel-based automata method can 

model spatiotemporal processes in a four-dimensional space-time continuum. In this 

research, the factors responsible for the processes' dynamics are simplified. However, 

with a complete four dimensional dataset, a voxel-based automata model can be specified 

and calibrated for the study the evolution of a geographic process. 

2.6. Conclusions 

Similar to the typical geographic automata methods that are widely used to simulate 

environmental processes two-dimensionally using the raster-based two-dimensional 

representation of space, the voxel-based automata approach can be used to model 

dynamic spatial processes. By discretizing the geographic environment into regularly 

sized cubic units, voxel automata extend the representation to the four dimensions of the 

space–time domain. The full integration of voxel automata with geospatial dataset in a 
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GIS environment is the next logical stage of research. The approach provides an 

enhanced means with which to simulate geographic processes that if operationalized in a 

GIS will improve spatial analysis and visualization in three and four dimensional 

frameworks. Voxel automata have the potential to dynamically represent the evolution of 

a complex geographical process.  

In order to comprehensively test, calibrate and validate the voxel-automata models, the 

voxels representing the spatial units in the process must be geo-referenced in order to 

locate the automaton in space. This would necessitate the use of a geospatial data model 

with a structure capable of representing and analysing three-dimensional space and time. 

In addition, the scarcity of complete three-dimensional datasets for geospatial processes 

implies that the testing and validation of voxel automata models is an area that will 

require further research but the methods can be similar to those used in geographic 

automata. However, as the financial costs of deploying geospatial sensors continue to fall 

the necessary data may become more readily available, which will also accelerate the 

efforts being put into the use four dimensional space-time geospatial data models. Using 

partially indexed four-dimensional data within the sound theoretical framework of 

complex systems modelling, the results from voxel automata models can be validated 

against primary data. 

The evolution of geographic processes is continuous in time and, barring obstacles in a 

landscape or marine environment, the phenomenon itself spreads out continuously in the 

volumetric space. As demonstrated in this study, the mechanisms transforming an 

otherwise continuous geospatial process into discrete spatial and temporal units for 

modelling purposes has a direct influence on the resultant patterns of the model. This 

study further confirms that the use of different neighborhood configurations will result in 

different spatial patterns as other researchers have demonstrated for 2D CA. The problem 

manifests itself in the way the shape of a three dimensional pattern changes whenever a 

different classification of the continuous variable is employed. The implemented models 

serve as the initial step towards the development of more realistic models for the 

simulation of environmental processes. In addition, the methodologies explored in this 
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study provide the initial efforts in the application of deterministic voxel automata that 

could be used to model the evolution of geographic processes in 4D. Future work will 

focus on applying the principles presented here to real-world problem situations by 

translating the voxel automata approach into a geographical context and using real three-

dimensional geospatial datasets that are integrated into a GIS framework.  
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Chapter 3.  
 
Integrating GIS-Based Geo-Atom Theory and Voxel 
Automata to Simulate the Dispersal of Airborne 
Pollutants1 

3.1. Abstract 

Environmental processes are usually conceptualized as complex systems whose dynamics 

are best understood by examining the relationships and interactions of their constituent 

parts. The cellular automata paradigm, as a bottom-up modeling approach, has been 

widely used to study the macroscopic behavior of these complex natural processes. 

However, cellular automata models are largely restricted to the two-dimensional spatial 

perspective even though the process dynamics they represent evolve in the three spatial 

dimensions. The objective of this study is to develop a voxel-based automata approach 

for modeling the propagation of airborne pollutants in three-dimensional space over time. 

The GIS-based geo-atom theory was used to manage the data within the automaton. The 

simulation results indicate the model has the capability to generate effective four-

dimensional (4D) simulations from simple transition rules that describe the processes of 

particle advection and diffusion. The application of voxel-based automata and the geo-

atom concepts allows for a detailed 4D analysis and tracking of the changes in the voxel 

space at every time-step. The proposed modeling approach provides new a means to 

examine the relationships between pattern and process in 4D.   

                                                 
1This chapter has been accepted for publication: Jjumba, A., and Dragićević, S., 2014, Integrating 

GIS-Based Geo-Atom Theory and Voxel Automata to Simulate the Dispersal of Airborne 
Pollutants: Transactions in GIS (Reproduced with the permission of the publisher). 
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3.2. Introduction 

When modeling complex environmental systems, simulation models are particularly 

valuable because they can be used to describe, analyze and reliably forecast the 

trajectories of environmental processes using trends from historical data (Andretta, et al., 

2006; Heung, et al., 2013). Among the methods used to develop these simulation models 

is cellular automata (CA), which is also a commonly employed dynamic modeling 

method because of its straightforward computational theory (Camazine, et al., 2001; 

Bertelle, et al., 2009; Rasmussen and Hamilton, 2012). CA models are developed 

following a bottom-up approach where the system is described in terms of its 

microscopic components. In fact, CA theory has been adopted to define the principles of 

geographic automata systems (Benenson and Torrens, 2004), which can be used to 

represent complex dynamic geographic processes. CA models can generate complex 

global patterns from simple local interactions and as such they are used extensively to 

study the macroscopic behavior of complex geographic processes (Batty, 2005b; Holland, 

2006; Manson, 2007). However, most of the automata models of environmental processes 

have been limited to the two-dimensional (2D) spatial perspective. Extending these 2D 

models to a more realistic three-dimensional (3D) spatial context provides the means by 

which the dynamics of the environmental processes can be analyzed intuitively and more 

comprehensively. Even in the few cases where 3D CA results have been generated and 

used in further environmental analysis with geographic information systems (GIS) 

software applications (Ciolli, et al., 2004), they are limited to static spatial data queries 

since modeling the time dimension in GIS is still a significant research challenge (Pultar, 

et al., 2010). 

The realistic simulation and analysis of the dynamics of many environmental phenomena, 

such as the dispersal process of gaseous matter in the atmosphere, can be significantly 

improved by representing them as four-dimensional (4D) space-time models. In general, 

environmental phenomena are dynamic processes driven by systems composed of 

multiple component parts and are sometimes organized into different sub-systems 

characterized by geographic complexity (Manson, 2007). These systems evolve in 3D 
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space and the interactions between the component parts occur over geographic space for 

extended periods of time (Manson and O'Sullivan, 2006). The nonlinear local 

relationships between the component parts tend to produce global characteristics such as 

self-organization, adaptation, feedback loops, emergent behavior and bifurcations 

(Holland, 1995; Epstein and Axtell, 1996; Lansing, 2003; J. H. Miller and Page, 2007; 

Messina, et al., 2008). It has been shown that these properties of complex systems can be 

reproduced by designing dynamic models based on the idea that the emergent 

characteristics of a system are best understood by examining the relationships of its 

component parts (Auyang, 1998; Macal and North, 2005; Tang and Bennett, 2010). 

However, the spatial data models typically used in GIS applications rely on the raster and 

the vector spatial representations which are not capable of adequately representing the 

temporally dynamic changes of geographical entities. Instead, they describe spatial 

objects in terms of their respective singular location and attribute values (Chrisman, 

1997). Coupling CA and GIS applications has therefore enabled dynamic model outputs 

to be represented as a series of temporal snapshots of the simulated system at the macro 

scale (Couclelis, 1985; Clarke and Gaydos, 1998; Batty, et al., 1999; Schwarz, et al., 

2010). 

Although the research on 3D CA has been undertaken in computational studies (Bays, 

1987; Imai, et al., 2002) as well as in the physical sciences, these studies have been 

focused on theoretical concepts that are not particularly related to geographical 

representation. 3D CA have been used to simulate gas transport (Frisch, et al., 1986; 

Vanderhoef and Frenkel, 1991; Weimar, 2002; Leonardi, et al., 2012) and in the 

biological sciences to simulate tissue growth (Kansal, et al., 2000; Luebeck and deGunst, 

2001) and to study behavioral dynamics (Jimenez-Morales, 2000). In the geosciences, 

Narteau et al. (2009) have used the 3D automata to simulate dune formation, however, 

the simplified concepts of 2.5D cellular automata were used in other efforts to simulate 

phenomena that propagate in 4D in order to model, for example, snow avalanches 

(Avolio, et al., 2010; Fonseca, et al., 2011) or geological formations (Baas, 2007) by 

making the elevation an attribute in a two-dimensional automata system. While these 
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applications contribute to the understanding of possible 3D patterns and formations over 

space and time, these studies are still at the level of initial research and they do not yet 

contribute towards the development of a spatial data model that enables the 

conceptualization of GIS for 4D querying and analysis.  

Given the gaps in the way spatial phenomena are conceptualized and how their dynamics 

are represented in a GIS, the main objective of this study is to develop a proof-of-concept 

voxel-based automata model that can simulate environmental processes in 4D. Concepts 

from the GIS based geo-atom theory (Goodchild, et al., 2007) were used to conceptually 

and practically handle 3D entities in voxel space. In addition, a case study of pollutant 

dispersion from a single point source is used to demonstrate the mechanics of the 

proposed model. The next section provides the theoretical basis for the developed model 

and following that the practical implementation of the dispersal model is presented and 

discussed. 

3.3. Theoretical Background 

The CA technique is a computational approach originally proposed by von Neumann 

(1966) that has been widely used to develop models that generate complex spatial 

patterns from locally interacting system elements. Formally, a cellular automaton can be 

described by a mathematical function that represents the following key elements: a grid 

space (also termed a lattice of cells), cell states, the neighborhood, transition rules to 

guide cell changes from one state to another at each time-step, and the number of time-

steps model completion (Wolfram, 1983; Ilachinski, 2001). The automaton operates such 

that each cell in the grid space computes its own state based on the current state of its 

neighboring cells. The CA model formalism is: 
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  C = (G, S, N, f) 

  (3.1) 

where C is the automaton representing the CA model, G is the grid space 
of one or more spatial dimensions; S is the finite set of discrete states; N 
represents  the cells in the neighborhood; f is the transition function.  

The transition function that determines how the present state of a cell will change at the 

next time-step can be represented as: 

 

( ) 1,: +→ ttt TTT SNSf  

  (3.2) 

where and are the internal states of the cell at the current time 
Ti and at the subsequent time Ti+1, respectively; is a neighborhood 
around a particular cell. 

Even though the preceding formulation was designed for CA operating in a 2D cellular 

space, it can be adapted for an automaton in 3D volumetric space because both 2D and 

3D models use the same underlying principle of relying on local neighborhood-based 

interactions to generate complex global spatial patterns.  

Observable changes in natural phenomena evolve in a temporally and spatially 

continuous 4D space-time domain. However, for the purposes of measurement, 

simplification and eventual representation in GIS applications, both the temporal and 

spatial dimensions are discretized into meaningful and well-defined units (Lo and Yeung, 

2007). Moreover, the representation of the spatial and the temporal dimensions in discrete 

terms, as they are conceptualized in the CA paradigm, is attractive for spatiotemporal 

modeling in GIScience because it enables the dynamic representation of a geographic 

process by using spatial data that would otherwise provide static representations of 

iTS 1+iTS
iTN
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spatiotemporal processes (Benenson and Torrens, 2004; Batty, 2005a). Also as Bailey 

(1990) noted, the usefulness of the spatial data models is rooted in their ability to provide 

a GIS with a consistent discretization mechanism that can be applied to the geographic 

objects of interest. 

Temporal changes in the geospatial datasets which are structured around the vector or the 

raster geospatial data formats are presented as a series of snapshot data layers in order to 

simulate changes over time (Peuquet, 1994). For the purpose of mimicking the dynamic 

nature of a phenomenon such as water flow, spatial interpolation between the snapshots 

of the vector data objects has been used to describe change between successive points on 

the temporal axis (Raper and Livingstone, 1995). In order to simulate changes in natural 

processes using automata models, the temporal dimension is likewise discretized into a 

series of distinct temporal intervals. Thus, due to the nature of the automata paradigm, the 

visualization of complex geographical processes is made possible in CA models because 

the outputs at every time-step can be displayed as raster-based GIS outputs. For 3D 

modeling, the study area is represented in terms of the three dimensions of space and is 

decomposed into logical and consistent volumetric elements referred to as voxels. Voxel 

as volumetric tessellation has been used in the physical sciences literature when 

analyzing volumetric shapes (Arata, et al., 1999; Fischer, et al., 2005) and within the 

field of GIScience (Marschallinger, 1996; E. J. Miller, 1997; Grunwald and Barak, 2003; 

Ledoux and Gold, 2008). 

Although this study presents a uniform voxel-based automata model, the theoretical and 

practical GIS concepts for modeling in 4D using cubes of different sizes have been 

presented by Karssenberg and de Jong (Karssenberg and De Jong, 2005) using the 

modeling language of PCRaster software (Karssenberg, et al., 2010), which was specially 

designed to accommodate a range of environmental dynamic models (Wesselung, et al., 

1996; Burrough, et al., 2005). The data inputs are of various formats including DEMs, 

raster data and tabular representation of the multifaceted attributes of the environmental 

phenomena. More particularly PCR-GLOBWB has been developed and used to model 

large scale hydrology (Karssenberg, et al., 2010; Trambauer, et al., 2014), soil erosion 
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(Kamphorst, et al., 2005) and various global processes related to climate change 

modeling. The PCR-GLOBWB has been designed using an enhanced ‘leaky bucket’ 

model developed by Bergström (1995) and combined with process equations and applied 

on a cell-by-cell basis. In recent years, PCRaster BlockAnalyst has been in development 

for 3D voxel-based modeling but it is yet to be documented in the literature. Moreover, 

the effects of earthquakes on dynamics of fracture and collapse of the discrete building 

objects represented in an urban environment has been simulated in 4D by using three 

dimensional irregular object tessellations (Torrens, 2014). 

The geographic automata modeling approach provides a mechanism for gathering 

insights into the relationship between the micro-level interactions of the system’s 

components and the macro-level manifestation of the geographically complex 

phenomenon.  For this to be achieved, CA models and GIS applications are coupled 

together when simulating environmental phenomena. However, the existing GIS 

applications are known for being ill-suited for temporal model querying (Langran, 1992; 

Wachowicz and Healey, 1994; Dragicevic and Marceau, 2000; Peuquet, 2001; Worboys 

and Duckham, 2004) since the technology was originally envisioned as a tool for 

reproducing the static spatial contents of paper maps in a digital environment (Goodchild, 

1992). Nevertheless, over the years researchers have proposed various ways to handle 

time in GIS applications and the snapshot method has been used to represent the 

spatiotemporal dynamics of geographic phenomena under the assumption that the 

temporal interval in between snapshots is sufficiently small to represent the continuity of 

the process. For automata modeling, the framework proposed by Grenon and Smith 

(2004) lends itself more readily. They suggested a unified framework where events 

taking place instantaneously can be represented as discrete marks on a temporal scale, 

while those spatial objects whose identity is persistent through time are represented by 

continuous intervals.  

In recent times, it has been proposed that spatial features as well as their persistence in 

time can be represented in terms of the geo-atom GIS-based spatial data model 

(Goodchild, et al., 2007). Theoretically, a geo-atom describes a spatial feature as an 
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atomic element with a specific attribute value in a space-time domain. Using this 

fundamental concept, raster representations of a geographic landscape can be described 

as geo-fields or collections of geo-atoms, while geo-objects can be used to describe the 

vector-based models of spatial features. In principle, the location and attribute value of a 

geo-atom can only describe a snapshot of a geographic feature as it is measured at a 

particular point in time. However, since time is explicitly recorded as a field in the tuple 

that describes the structure of the geo-atom, it can be extended temporally to dynamically 

show and query the spatial distribution of attribute values at different times. Thus, in the 

context of a dynamic model output, records can be kept of all the changes to the objects 

in the system along with their associated time of incidence, a feature that allows for 

inferred explanations about the cause of the changes in the system with more clarity and 

certainty as compared to the existing dynamic models that use raster and vector datasets. 

Besides this study, Pultar et al. (2010) have implemented the concepts of the geo-atom 

theory to develop a data structure which they use to simulate wildfire propagation and 

pedestrian movement limited to a two-dimensional geographic space.  

3.3.1. Modelling the Space-Time Domain 

The structure of a geo-atom is described in terms of the location, attribute domain and the 

temporal component of the spatial feature it represents. It is formalised as a tuple: 

g = (p, A, a(p)) 

   (3.3) 

where g is a geo-atom that represents a spatial object being modeled, p is a 
vector that describes the object in space-time coordinates (x, y, z, t), A is 
the attribute or variable of interest such as carbon monoxide for example, 
and a(p) is the specific attribute value of A  at that location in space-time.  

For the purpose of illustration, let’s assume that the carbon monoxide concentration at 

(123W, 49N) and 20m above mean sea level on 1st June 2010 at 13:00 hours was 50ppm. 
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From equation (3.3), the spatial data point could be expressed in the form of a geo-atom 

as: 

p ≡ [123, 49, 20, 2010/6/1/13] and a(p)≡50 

For 3D automata, a voxel, being the smallest spatial unit in 3D space, can be 

conceptualised as a geo-object having a state S. Using function (3.3) then  

g = (p, A, S’) 

  (3.4) 

where S’ = a(p) and p = (x,y,z,t); x,y,z are the coordinates for the centroid 
of the voxel and t is the time stamp. From equation (3.1), the finite set S 
with m possible voxel states can be represented as  

''
2

'
1 ..., mSSSS =  

  (3.5) 

The Geo-Atom Structure for a 3D Voxel Automaton 

The development of a voxel automata model for the simulation of air pollution dynamics 

is proposed based on the geo-atom data model and a bottom-up modeling approach. The 

automata approach is used because CA models have been used effectively to simulate 

complex and non-equilibrium physical processes such as pollutant dispersal. 

A key aspect of the geo-atom theory is its ability to provide a description of a 

geographical entity in terms of the three dimensions of space and time. In the case of 3D 

CA, each voxel is a spatial object that would be represented by a geo-atom structure. It is 

possible that at the beginning of the simulation, the state of each voxel is recorded and 

whenever there is a change in the state of the voxel as a result of the application of the 

transition rules, the value describing its state is recorded and is later used to analyse the 

simulation outcomes. With this approach the automaton has memory encoded for each 
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voxel that indicates when the changes in each voxel took place. This approach differs 

from the one by Alonso-Sanz and Martin (2003) that is used to remember the cumulative 

average value of past states, and is distinctly different from reversible 2D CA. Although 

it may be possible to model each voxel as a geo-dipole (Goodchild, et al., 2007) linked in 

space and time to the other voxels in its neighborhood, the representation in this study is 

limited to the elementary structure of the geo-atom for simplicity. Besides the difficulty 

of designing a database structure that maps each voxel to its twenty-six neighbors, these 

relationships and interactions are sufficiently defined and implemented using the 

transition rules of the automata. 

3.3.2. Simulating the Dispersal of Airborne Pollutants in 4D 

The dispersal of airborne gases and particles is a one of the major causes of concern for 

public health in addition to climate change and global warming as a result of fossil fuel 

emissions. In the case of an air pollutant, the buoyancy effects within the plume coupled 

with the transport mechanisms due to the surrounding airflow system influence the 

dispersion of the particles from a given point source (Degrazia, et al., 2009). Gases that 

are either neutrally or positively buoyant will stay afloat above the ground surface and 

become mixed with the neighbourhood's airflow system (Britter, 1979). Dense negatively 

buoyant gases, on the other hand, are greatly influenced by the gravitational force and 

tend to move towards the ground surface with less influence from the wind speed in the 

neighbourhood. The prevailing wind direction plays an important role in the transport 

process because the pollutant’s movement is downwind and the greater the speed the 

greater is the rate of dilution in the pollutant's concentration. More specifically, the 

transportation of the pollutant in the air is directed by the processes of advection and 

diffusion (Wark, et al., 1997). Advection is the movement of the pollutant's particles with 

the flow of the fluid in which they are contained. The effective speed of this movement, 

also termed the advective speed, depends on the time-varying 3D wind field and is 

responsible for the advective transportation of the pollutant. Molecular diffusion on the 

other hand is the spread of the pollutant from spaces of higher concentration to those of 
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lower concentration (Zang, 1991). In addition, turbulence causes additional diffusion as a 

result of high transport velocities and the dramatic concentration differences between the 

various points in the neighborhood. 

Existing 3D models are typically based on complex mathematical formulations or they 

use differential equations to represent the propagation of airborne particles (Yeh and 

Huang, 1975; Tirabassi, 1989). This study proposes a voxel automata model derived from 

complex systems theory which takes a ‘bottom up’ approach by looking at processes in 

terms of locally defined discrete 3D spatial units and discrete temporal increments. 

Taking a central voxel and its surrounding neighbors as the primary spatial units at a 

local 3D scale, the processes of advection and diffusion are modeled to mimic the 

relocation of airborne particles moving from one voxel to another, thereby reproducing 

the process of propagation in 4D at a larger spatial scale. 

3.4. Methods  

In developing the 3D voxel automata model for this study, several generalizations and 

assumptions regarding the spread of airborne pollutants were made. The effects of 

turbulence on the movement of the pollutant’s molecular particles are not explicitly 

considered. Instead, it is assumed the advective and diffusion processes are the major 

contributors to the movement of the particles. Furthermore, the pollutants are transported 

under minimally fluctuating environmental conditions with only the wind velocity 

changing slightly. Other environmental factors such as temperature, relative humidity and 

the chemical transformation of pollutants are not considered. The molecules of the 

gaseous pollutants are assumed neutrally buoyant. Although excluded from consideration 

here, it is also acknowledged that other processes involved in particle transport, such as 

microturbulence, may operate at fine-grained resolutions in space and time and can 

influence the dynamics of the environmental process over a large spatial extent and over 

long periods of time (Perry and Enright, 2006). Moreover, for the purposes of improving 

computational efficiency, this simulation study was designed to use a relatively coarse 
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spatial resolution over a small study area and the simulations run for short computational 

durations. 

The study area was divided into uniform volumetric cubes (voxels) in which the 

pollutant’s particles (molecules) are in motion due to the wind action. Each voxel is 

surrounded by twenty-six other contiguous neighbors to form a 3D Moore neighborhood. 

In the model, the pollutant’s concentration in a voxel is used to infer the amount of 

pollutant molecular particles per unit volume. A concentration value of 0 refers to 

volumetric space that is devoid of pollutants while a value of 1 is assigned to a voxel that 

is saturated, in other words the voxel volume is filled with the molecules of the 

pollutants. To simulate the process of pollutant dispersal, the mass of the pollutant 

particles in the system is conserved in the system. The magnitude of the wind speed and 

its direction will influence the spread of the pollutants due to advection, while the 

differences in pollutant concentration for any two voxels and diffusivity of the molecules 

will influence the spread due to the diffusion process. 

3.5. Transport due to Particle Advection 

Advective transport is the movement of pollutants due to the magnitude of the wind 

velocity. In general, as the wind speed increases, the advective flow of the pollutants 

from any given voxel to one or more of its neighboring voxels also increases. This 

process can be modeled by using equation (3.6) which defines the advective flux when 

particles are carried by fluid motion (Logan, 2001). 

vCkCa =  

  (3.6) 

where Ca is the pollutant concentration transported either out or into a 
voxel due to advection, v is the magnitude of the wind speed in the voxel, 
k is a porosity constant that defines the amount that goes through the 
voxel’s boundaries. 
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Effectively, the pollutants are propagated from a neighboring voxel, located upwind, to 

the central voxel in the neighborhood. During the same time-step, pollutants are moved 

from the central voxel to the neighboring voxel located downwind relative to the central 

voxel. The voxels are conceptualized as distinct entities adjoining one another via 

varying surface area extents. For those that are connected to one another via the face 

sides, more pollutants will flow between them due to the large surface area that is 

exposed between them. However, those that are connected by an edge (diagonal 

positions) will have lesser pollutant quantities due to the limited surface area exposed. 

Likewise, even lesser pollutants will be exchanged between those connected via the 

vertex positions (double diagonal) in the 3D neighborhood.  

3.5.1. Transport due to Particle Diffusion 

Diffusion is the process by which airborne pollutants spread from a space with a higher 

molecular concentration to a space with a lesser concentration. It differs from advection 

in that the pollutant’s particles spread from one voxel to another without requiring a force 

for this movement. The flux into any given voxel as a result of diffusion can be described 

as:  

 

  (3.7) 

where Cd is the concentration lost or gained as a result of diffusion 
between a voxel and its neighbor, r is the dispersion coefficient,  ∆C is the 
difference in concentration between a voxel and its neighbor, ∆d is the 
distance between centroids of the neighboring voxels. 

If the voxel at the center of the neighborhood has a higher pollutant concentration than 

that in a neighboring voxel, it will result in a negative concentration difference and, 

consequently, pollutant particles are lost from the voxel due to diffusion. Conversely, 

when the difference in the concentration gradient is positive, that is to say, less 

d
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concentration in the central voxel than its neighbor, then the pollutant particles are added 

to the central voxel. Each of the twenty-six neighboring voxels is positioned in a specific 

direction from the one at the center, and any one voxel can potentially gain and lose 

pollutants to the central voxel due to diffusion. In addition, it is expected that face 

neighbors will lose and gain more pollutants from the central voxel than those that are 

diagonally positioned in the 3D neighborhood.  

3.5.2. The Elements of the 3D Voxel Automaton 

These local dynamics of pollutant movement are primarily modeling the pollutant’s 

influx to and outflux from the central voxel due to diffusion and advective transport. By 

implication, the transition rules governing this automata model replicate the process at 

the local level. The concepts of the geo-atom theory are used to associate the identity of a 

voxel to its location and the ongoing changes in its state as result of the application of the 

neighborhood transition rules.  

The key voxel automata elements are described as follows: 

Voxel Space: The approach in this study differs from the classical formalism that uses a 

2D cellular grid, in that it uses a 3D lattice of voxels. These voxels are encoded with a 

description for the spatial and temporal dimensions of the study site. Although the voxel 

space matches what would be expected in a real study area situation, it is representative 

and not based on an existing dataset.  

Voxel State: The state of a voxel is considered to be a function of the pollutant's 

concentration characterised by the extent of dilution and the dispersion characteristics of 

the gas. The pollutant itself is assumed to be uniformly distributed within the volumetric 

space. 

Voxel Neighbourhood: A 3D Moore neighborhood is used to describe the processes of 

pollutant advection and diffusion from any given voxel to its neighbors. It is comprised 

of 26 neighbors – 6 face neighbours, 12 diagonal neighbors (edge connected) and 8 
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double diagonal neighbors (vertex connected) as notionally shown in the Figure 3.1 

below. All the voxels in the neighborhood are contiguous to the central voxel and so they 

are all situated in unique positions and orientation with respect to the central one. 

 

Figure 3.1. Representation of the 3D voxel automata neighborhood: (a) 3D Moore 
neighborhood, (b) face neighbors within this neighborhood, (c) diagonal 
neighbors and (d) double-diagonal neighbors 

Transition Rules: The concentration of the pollutant in a voxel at the subsequent time 

interval t + 1 depends upon: 

• The level of the pollutant concentration in the voxel at the time t 

• The quantity of the pollutant particles drawn from some or all of the 26 voxels 
in the neighborhood  

• The quantity of the pollutant transported to some or all of the 26 voxels in the 
neighborhood  

• The magnitude of the prevailing wind speed in a specified direction 

Even though all the voxels are of the same size, the extent of their surface areas exposed 

to the central voxel depends on their respective positions in the neighborhood. As a 

result, three porosity constants were used to represent the extent of the exposed voxel 

membranes for the face neighbours, diagonal neighbors and the double diagonal 
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neighbours, respectively. By combining the processes of advection and dispersal of 

particles in a voxel, the pollutant concentration Ct+1 at time t+1 in is given by: 

 

  (3.8) 

where Ct is the pollutant concentration that exists in the voxel at time t; Cd 
is the pollutant that is either lost or gained through diffusion; Ca is for the 
pollutants drawn into or from the central voxel as result of the action of 
advection.  

Assuming the gaseous pollutants are neutrally buoyant and under steady-conditions, it is 

further assumed that the effective transport of the pollutant’s particles is solely a result of 

advection and diffusion. Using a 3D Moore neighborhood structure, there are 26 

directions towards which the wind can blow from the central voxel. For every voxel in 

the neighborhood, there is a direction point and all the directions point away from the 

central voxel as notionally presented in Figure 3.2. Furthermore, a unique identifier is 

assigned to each voxel in the neighborhood because each relates differently to the central 

voxel.  
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Figure 3.2. A two dimensional representation of the wind directions in (a) the 
horizontal plane and (b) the vertical plane 

Transition Rules for Modeling the Dispersal of Pollutants  

Advective transport, due to the force of the wind action, causes the pollutants to move 

from one voxel to another. Thus, for any given voxel at any given time-step, the pollutant 

molecules are entering and exiting through its boundaries as a result of advection. While 

conserving the mass of the pollutant particles, equation (3.6) is used to model the flux 

of pollutants into and out of the central voxel due to advective transport as follows: 
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  (3.9) 

where ki is the porosity constant representing the exposed surface area 
between the two voxels; C is the concentration of the central voxel; Cj and 
vj  respectively represent the magnitude of the pollutant concentration of a 
voxel and velocity in a given direction j. Thus, vjCj represents the influx 
into the central voxel while vjC models the outflux from the central voxel.  

aC

in flux out flux 
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Diffusion occurs when there are differences in pollutant concentrations between any two 

neighboring voxels. This concentration gradient will result in the flow of the pollutants 

from the voxel with a higher concentration to one that has a lower concentration. The 

function in equation (3.7) describing a sigmoid curve that relates the pollutants lost or 

gained from a central voxel due to the differences in the concentration with any one 

neighboring voxel can be rewritten as: 
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  (3.10) 

where Cd is the pollutants concentration lost or gained due to diffusion, r is 
the appropriate diffusion coefficient, ∆Cj is the difference in the 
concentration between the voxels, ∆dj constant representing the exposed 
surface area of neighboring voxel, j, to the central voxel. 

The time-stepping scheme that is proposed to simulate advection and diffusion is 

monotonic in character and conserves the mass of the particles during the propagation. 

While advanced methods of numerical analysis typically apply upwinding methods to the 

diffusion and propagation processes, they are not considered here for simplicity reasons.  

3.5.3. Model Implementation 

The model presented in this study was developed in the MATLAB software (MathWorks, 

2012) using an object-oriented design paradigm. The use of classes and objects ensured 

accurate tractability and reliable integration of the model components.  

3.6. Simulation Results and Discussion 

The developed model operated on a small and abstract landscape of 40 x 40 x 40 voxels. 

This strategy provided computational processing advantages and also allowed for a 

simplified model design and a less rigorous parameter calibration and estimation 
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procedure. The model was conceptualized as a five state automaton. The pollutant 

particles are, firstly, categorized into three distinct states to mark the level of pollutant 

concentration in them. Setting the maximum concentration in a voxel at 1 and the 

minimum to be just above zero the Low state (L, marked with light gray) ranges from 

0.001 to 0.3, the Medium state (M, marked with a darker gray)  ranges from 0.3 to 0.6 and 

the High state (H, marked with black) ranges from 0.6 to 1. The fourth state of the 

automaton, which is consistently marked as empty space (translucent) in the model, is 

used to represent the space that contains none or negligible pollutant concentration 

values. Lastly, the fifth state is one that represents the physical characteristics of the 

landscape and is itself consistently marked with a brown color. In addition, the values of 

1, ,  are used as the estimates for the porosity constants for the voxels 

membranes that are between face, diagonal and double diagonal neighbors respectively. 

The manual adjustment of the parameter values allowed for the checking of the model’s 

software code to ensure that the automaton is logically consistent with the mathematical 

descriptions underpinning it. In particular, 0.009 and 4.5 are used as the reasonable 

parameter values for the diffusion coefficient and the westerly wind speed respectively.  
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Figure 3.3. Voxel automata simulation of the propagation of pollutants from a single non-continuous point source in 3D space over 
time
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Figure 3.4. Measuring pollutant concentration values:(a) the positions, located at 10, 
20, 24 units from the point source, at which voxel values are recorded; (b) 
the line graph of the concentration values as recorded at the three positions 
for the scenario  depicting the propagation of pollutants from a single non- 
continuous point source 

The simulation results in Figure 3.3 were generated to represent the progression of the 

pollutant dispersion from a non-continuous point source as influenced by westerly winds. 

At every time-step, the values of the pollutant concentration at 10, 20 and 24 voxel units, 

downwind from the point source, are recorded. Figure 3.4a shows the locations of the 

voxel positions for which the concentration values are recorded while Figure 3.4b depicts 

the concentration at the three different locations. There is no change in concentration at 

the location that is 24 voxel units from the point source because the pollutants dissipate 

before the propagation reaches that location. From these results, it is clear that the higher 

pollutant concentration values are closer to the point source and that at these locations the 

values quickly rise and dissipate as the simulation runs. These conclusions match what 

would be expected in reality where, as the distance from the point source increases, the 

effects of dispersed pollutants are only felt minimally.  

The results showing the propagation of pollutants were generated on a level landscape 

but in this scenario the pollutants are emanating from a continuous point source (Figure 

3.5). The graph of the concentration values of the pollutants at 10, 20, 24 voxel units 
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from the point source is presented in Figure 3.6. In comparison to the results in Figure 

3.4(b), the concentration values in Figure 3.6 increase steadily up to a maximum value. 

The locations closer to the point source have higher concentration values than those 

further away. After making modifications in the study area to create an uneven landscape, 

simulation results present the variation in concentration values for both non-continuous 

and continuous point sources.  
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Figure 3.5.  Voxel automata simulation of the propagation of particles from a single continuous point source over 3D space and 
time 
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Figure 3.6.  Concentration values measured at 10, 20, and 24 voxel units downwind 
from the point source for the scenario depicting the simulation from a 
single continuous point source 

Figure 3.7(a) presents the results of the model’s simulation of pollutant dispersion from a 

non-continuous point source. The landscape has uniformly rising elevations on the end 

that is downwind from the source of the pollutants. The pollutants propagate following a 

progression similar to that shown in Figure 3.3. In this case, however, the particles take 

longer to dissipate in the voxels that are right at the base of the elevating ground. 

Similarly, in the scenario (Figure 3.7(b)) that shows the propagation of particles from a 

continuous point source, the pollutants accumulate on the sides of the rise as the force of 

the wind pushes them upwards. The concentration values at 10, 20, 24 voxel units from 

the point source are shown in Figure 3.8. The line plots in Figure 3.8(a) correspond to the 

values recorded from the scenario where the pollutants emanate from a non-continuous 

point source scenario (Figure 3.7(a)) while those plotted in Figure 3.8(b) correspond to 

the simulation of pollutants from a continuous point source.  
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Figure 3.7. Voxel automata simulation of the propagation of particles in an uneven landscape from (a) a single non-continuous 
point source (b) a continuous point source
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Figure 3.8. Graphical representations of the concentration values measured at 10, 20, 
and 24 voxel units for (a) a non-continuous point source and (b) a 
continuous point source scenario 

Furthermore, conditions that represent a non-homogenous wind field in the study area 

were designed by adding stochasticity in the values assigned to the wind speed in the 

study area. The semblance to randomly fluctuating wind speeds was implemented by 

assuming that the wind fluctuates in the study area at every time-step but is consistent in 

all the voxels at that time-step. The heterogeneity in the wind field is achieved by 

assigning a velocity magnitude in the range between 4.0 and 5.0 at every time-step 

throughout the course of the simulation. The results from the simulations in which the 

wind speed changes at every time-step but is uniform throughout the landscape are shown 

in Figure 3.9. For these simulations, the measurement values at select distances from the 

source are plotted in the graph shown in Figure 3.10.  
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Figure 3.9. Voxel automata simulation of the propagation of pollutants from (a) a single continuous point source under randomly 
fluctuating westerly wind speed magnitude and (b) multiple continuous point sources under randomly fluctuating 
northerly, southerly and westerly wind speed magnitudes
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Figure 3.10. Graphical representations of the concentration values measured at 10, 20, 
and 24 voxel units for the scenario with random fluctuations of the wind 
speed magnitudes 

The results indicate that there are fluctuations in the values at the measured points but are 

not significantly different from the scenarios that use constant wind speed. As in the other 

cases the values rise and plateau around a constant value. The simulation scenarios are 

presented to depict the rise of pollutants from a source on the ground, for example, a 

factory, but the point source of the pollutants can be located anywhere in the three-

dimensional space.  

The obtained results demonstrate that although only the fundamental functions are used 

to model the process of advection and particle diffusion, the prototype simulations mimic 

the process of pollutant propagation. For example, the plots in Figure 3.8a and Figure 

3.8b are similar to those reported elsewhere for analytical models of pollutant dispersion 

(Tirabassi, 1989; Costa, et al., 2012) and this comparison represents a degree of internal 

model validation.  

Furthermore, the model was applied to a more heterogeneous landscape representing a 

hypothetical urban setting. The simulation outcomes from this scenario are shown in 

Figure 3.11. As the pollutants propagate eastwards from a raised continuous point source, 

they envelop objects such as buildings while at the same time the concentration around 
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the point source increases steadily. This behavior is consistent with expectations from 

real world situations. 

 

Figure 3.11. Pollutant propagation from a continuous point source in a non-
homogenous landscape that represents a hypothetical urban setting 

3.7. Conclusions  

The use of the voxel-based automata approach in modeling geographic processes 

provided a means where these processes can be presented and analyzed in a four-

dimensional spatiotemporal perspective. Furthermore, the voxel automata draw on the 

elements of geo-atom data model to record, for historical analysis, the changes that occur 

in each of the voxels in the system. This is particularly advantageous when modeling 

complex systems because it allows for further investigation of the attributes of the 

system’s components. This is unlike the models that use raster data with which it is not 

possible to record the attribute values of the systems components at every time-step. As it 

is more generally the case, the raster and the vector spatial representations describe the 

objects in terms of their respective singular location and attribute values without the 

ability to explicitly record the temporal context. The model presented in this study can 

record the value representing the state of each of voxel as the simulation runs. 

The developed model has been used to generate results for various scenarios in 4D, all of 

which are grounded in hypothetical landscapes with the main objective being to 

demonstrate the potential of using the geo-automata theory in modeling environmental 

processes and with real three-dimensional datasets. The results indicate that the model is 
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sensitive to the values of the constants used in defining the underlying functions, thus it 

would be useful to apply these results to an actual geographic landscape for the purpose 

of analyzing its potential to give reliable results. Furthermore, the addition of stochastic 

elements to the wind magnitudes in the model also influences the shape of the resulting 

plume although it is expected not to be adversely different from one simulation to the 

next.  

The next steps in further developing this model would be to undertake a thorough and 

rigorous model testing, along with a validation procedure by using real geospatial 

datasets. Given the broad assumptions taken in this study, and the fact that the data used 

were not taken from an actual field sample, it is not yet possible to adequately validate 

the model. The model has been internally verified for programming errors and logical 

inconsistencies and calibrated to check if it represents the process of 4D dispersion of 

pollution with a reasonable level of realism, but there is a need to validate it against real 

data to make sure that its outputs match the real world. With the goal of showing that the 

model correctly reproduces a process in the real world, data from similar modeling 

studies of three-dimensional pollutant spread could be used and the corresponding 

models and results could be compared to the results generated from this study. It would 

be important to use a finer grained voxel resolution and to carefully consider the effects 

of turbulence and crosswind interaction within the study site. However, the model has 

been applied to various scenarios in order to verify its logic and the reliability of its 

outputs with respect to the input parameters. The efforts to prepare the GIS data that will 

be used in the model for model testing is a topic of a new research project. 

Although not yet explored in this study, the proposed voxel automata model is a good 

candidate for examining the dynamics of the voxel-states in order to describe pollutant 

concentrations in 4D around the raised objects in a non-homogenous landscape. 

However, the simplifications held in this study, including the consideration of vertical 

transport due to convection, must be addressed as part of those efforts. Furthermore, work 

needs to be done to translate geographic data from the raster and vector GIS data formats 

to the format specified in the geo-atom theory. This change in data formats would enable 
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the application of 4D models to be linked to real datasets of environmental processes. 

The work presented in this study complements the early efforts in the development of 

spatial dynamics of voxel and object based representation in 3D. Its unique contribution 

in is the implementation of the theoretical concepts related to the 4D geo-atom data 

structure linked to geographical automata systems. Nevertheless, this developed model 

provides a proof-of-concept and platform to extend theoretically and practically the use 

of voxel automata in the analysis of more complex scenarios.  
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Chapter 4.  
 
Spatial Indices for Measuring Three-Dimensional Patterns 
in Voxel-Based Space 

4.1. Abstract 

Spatial indices are used to quantitatively describe the spatial arrangements of the features 

within a study region. However, most of the indices used are two-dimensional in their 

representation of the surface characteristics and this is insufficient to quantify the three-

dimensional topographic properties of an area. With the increased availability of 3D data 

from laser scanning and other collection methods, a voxel-based representation of space 

is an important methodology that allows for an intuitive visualization of geospatial 

features and their analysis with 3D GIS techniques. The objective of this study is to 

conceptualise, develop and implement indices that can characterise three-dimensional 

space and can be used to analyse the structure of spatial features in a landscape. The 

indices for three-dimensional space that are implemented are, namely, surface area 

volume, fractal dimension, lacunarity, and Moran's I which are all useful in the 

quantification of spatial organisation found in ecological landscapes. In addition to 

providing the quantitative descriptors, the results indicate that a voxel-based 

representation provides a straightforward means of characterizing the form and 

composition of the spatial features using 3D indices.  

4.2. Introduction  

The general effects of dynamic spatial processes arise from the multifaceted interactions 

in a landscape are imprinted as spatial patterns in its topography. In order to quantify and 
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understand the spatial dynamics in terrestrial and marine spaces, the spatial patterns are 

assessed and evaluated using landscape measures (O'Neill, et al., 1988; Turner, 1990b; 

Cushman, et al., 2008). In the research literature, the landscape measures are sometimes 

referred to as landscape indices or metrics. For consistency in this study, a more general 

term 'spatial indices' is used as some descriptors of landscape character are only 

applicable to smaller geographic spaces that don’t quite fit the inference of a landscape 

scale. In brief, spatial indices are quantitative descriptors used to characterise the 

compositional and spatial aspects of a geographic space using relevant data about the 

phenomenon under study (Gustafson, 1998). Although they are important in the 

interpretation of spatial patterns, it has been often emphasised that their usefulness lies in 

the broader linkage they provide between the evolution of the environmental processes 

and the resultant structure of the geographic space (O'Neill, et al., 1997; Tischendorf, 

2001; Kupfer, 2012). 

The desire to understand the relationships between geographic patterns and their 

connections with spatial functions and processes makes the measurement of geographic 

composition and spatial configuration an important area in ecological studies (Hermy, 

2012) and geographical research. These indices have been developed and applied to 

various aspects of spatial composition, heterogeneity and pattern complexity at the 

landscape level of scale (Turner, 1990a; Fuller, 2001; Stubblefield, et al., 2006). 

However, it has been pointed out that application of the indices has inherent limitations 

that are often unacknowledged and consequently become misused when using them to 

perform spatial index analyses (Li and Wu, 2004).  

One of the challenges related to the misapplication of the spatial indices is in the methods 

used to characterise the spatial objects and the response variables that drive the geospatial 

processes. For the most part, the indices have taken a planimetric perspective of space 

while ignoring the vertical or the third dimension. In addition, the widely used patch 

mosaic approach (Urban, et al., 1987) is an object-based view of space that discretizes 

space regardless of the level of continuity within natural environment of the 

phenomenon. This simplification in the representation of a landscape's structure has been 
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pointed out and specific efforts have been made to quantify some aspects of topographic 

variability. Stupariu et al. (2010) analysed landscape relief by using a triangular irregular 

network to approximate the terrain; Jenness (2004) developed a methodology that 

approximates a three dimensional surface area using DEM grids; and McGarigal and 

Cushman (2005) as well as McGarigal et al. (2009) have contributed three-dimensional 

indices developed on the basis that a landscape is a continuous and heterogeneous surface 

that can be suitably described by using the varying intensity of a gradient surface. In 

another study, the structure of the landscape was reconstructed from underwater 

photogrammetry following which the three-dimensional surface area of the marine 

environment was calculated (Courtney, et al., 2007). However, all these efforts have been 

applied to raster datasets, which are inherently two-dimensional (2D) in their 

conceptualization of space (Batista, et al., 2012). But newer data collection methods such 

as multiple return Airborne Light Detection and Ranging (LiDAR) generate 3D point 

cloud data (Sithole and Vosselman, 2004) that can be voxelised to model landscape 

topography, anthropogenic artifacts as well as vegetation structure (Schilling, et al., 

2012). Moreover, voxels are computationally straightforward to implement and they have 

an advantage of providing an intuitive 3D spatial awareness. In addition, the multitude of 

sources and the frequency with which 3D data of the earth's surface are collected requires 

researchers to move beyond the study of landscapes as planar, static and stable two-

dimensional surfaces over which processes evolve. For a more realistic representation, 

landscapes must be viewed as dynamic, multilayered three-dimensional fabrics with 

vegetation canopy, plant cover, geological forms and anthropogenic features that change 

overtime (Mitasova, et al., 2012). Voxels lend themselves to representation and analysis 

of 3D geographic space. Voxel data can be generated from LiDAR and photogrammetry 

data, and where needed, 3D point data from other sensors can be interpolated to generate 

3D continuous fields akin to those generated by the two-dimensional raster data model.  

The main objective of this study is to conceptualize, develop and implement a variety of 

indices that can be used to describe the 3D spatial patterns within a landscape using a 

voxel-based representation of space. Discretization of space into 3D voxel units, which 
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can be data-typed with a multidimensional geospatial data model, provides an effective 

means whereby 3D spatial patterns can be quantified within the larger context of the 

other aspects that may characterize the topography of the area. The voxel-based surface 

characterization provides an alternative method for representing 3D objects and 

landscape patterns and it allows for a computationally straightforward extraction of 3D 

surface structures that are more realistic and meaningful in spatial analysis.  

4.3. An Overview of Spatial Indices for 2D Space 

Geographic areas contain complex spatial patterns that are outcomes of environmental 

processes as well as the complex interactions of the biotic entities within them. The 

patterns are conceptualized as mosaics of discrete patches and the objective of spatial 

pattern analysis is to quantify the configuration, shape and composition of these patterns 

(Batista, et al., 2012). Ecologists have generally adopted this patch mosaic model of 

landscape representation as the standard paradigm for quantifying landscape structure 

(Kupfer, 2012) and as a result a variety of software packages have been developed to 

generate these indices using predominantly raster data. For example, SPAN, a raster-

based spatial analysis program for landscape structure was developed by Turner (1990b); 

the r.le software program is coupled with the GRASS GIS system (Baker and Cai, 1992); 

and the widely used FRAGSTATS application (McGarigal and Marks, 1995). ArcGIS 

software by ESRI (ESRI, 2014) and the R-package, SDMTools (VanDerWal, et al., 

2014), are also equipped to provide indices that can characterise the structure of a 

landscape. 

In the patch mosaic model, an area is viewed as a complex heterogeneous collection of 

contiguous areas in which processes of interest operate. The representative indices can be 

defined at different levels of scale. Patch-level indices are used for individual patches to 

characterize the spatial attributes and context of those specific patches (Magura, et al., 

2001); class level indices are integrated over patches of a given type or class (Neel, et al., 

2004) and landscape level patches are integrated over all the classes across the entire 



 

94 

study area (Turner, 1990a). Depending on the type of data collected and the objectives of 

the analysis, the indices can be used to investigate patterns of spatial points, linear 

networks, continuous surfaces, and thematic maps (Forman, 1995). It is within the 

context of the wide-spread use of raster-based representation and thematic mapping that 

the patch mosaic paradigm has developed and become popular.  

The indices that have been developed based on raster thematic maps can be grouped into 

three general categories that quantify composition (Knutson, et al., 1999), connectivity 

(Bélisle, 2005), and spatial configuration or structure of the map (Riitters, et al., 1995). 

The composition of a map refers to the relative abundance and heterogeneity in the types 

of patches within the landscape, the connectivity quantifies how patches are linked, and 

spatial configuration refers to the arrangement, size, position and orientation of a given 

class of patches or all for the patches within the landscape. Further indices that make 

reference to particular ecological process are referred to as functional indices while those 

that limit themselves to the physical composition or configuration of the patch are 

referred to as structural indices (Noss, 1990). Functional indices are particularly 

important because they explicitly measure landscape patterns in a manner that is relevant 

to an underlying process under study.  

Although there are incidences of a non-interactive relationship between pattern and 

processes as well as cases in which the pattern and process operate at different spatial and 

temporal scales (Li and Wu, 2004), the reciprocal linkage between them is an important 

principle and objective in modeling and analysis (Turner, 1989). It is generally 

emphasized that the exploration of the relationship between pattern and process gives 

meaning to heterogeneity in the landscape, contextualizes the interactions between the 

landscape elements, and assists in making inferences as to how the process dynamics 

operate across spatial and temporal scales. Indeed, great strides have been achieved with 

respect to the development of landscape indices as it is evident by the large volume of 

research literature that lists their importance and accompanying limitations (Hargis, et al., 

1998; Neel, et al., 2004). However, these research and analytical efforts have been mostly 

limited to the planimetric perspective or 2D representation of geographic space. In order 
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to address this limitation, specific indices were reported in the research literature to 

quantify the 3D nature of the landscape. Using digital elevation models, algorithms that 

determine 3D patch surface area and perimeter as well as other topographic aspects have 

been developed (Jenness, 2004; Hoechstetter, et al., 2006; Stupariu, et al., 2010). 

Similarly, the 3D surface area of a regional landscape has been estimated by overlaying 

thematically mapped data onto a terrain surface defined by a triangulated irregular 

network (Rogers, et al., 2012). In addition, a proposition for the 3D indices for spatial 

patterns has been made on the basis of the “landscape gradient” concept (McGarigal and 

Cushman, 2005; McGarigal, et al., 2009). With the gradient concept, the spatial data 

represent a 3D surface where the measured value at any geographic location is treated as 

the height of the surface. The spatial indices that have been derived this way such as 

patch density, percentage of landscape, largest patch index, edge density, nearest 

neighbor index and fractal dimension index have their equivalents in the area of surface 

metrology which is within the field of molecular physics (Villarrubia, 1997). Efforts to 

develop three-dimensional indices with this methodology are still in their early stages. 

However, it has been argued that they can be useful in landscape ecology in the same 

manner as they have proved useful in other fields (Pike, 2001). Parrott (2005) has 

contributed directly towards the measurement of spatiotemporal complexity where the 

indices quantify the dynamics of planimetric space along the temporal dimension. The 

indices developed include space–time density, number of 3D patches, distribution 

frequency, 3D patch shape complexity, fractal dimension, contagion and spatiotemporal 

complexity (Parrott, et al., 2008).  

Most of the methodologies used to date by the researchers to develop 3D indices are 

based on the existing raster and vector GIS data models to calculate the relevant indices. 

These are advantageous and pragmatic approaches that directly link theory to GIS 

practice as the developed indices can be applied directly to existing datasets in response 

to the lack of 3D indices for spatial dynamics. However, in this is research, it is argued 

that a voxel-based discretization of space allows for the explicit utilization of the third 

spatial dimension which has particular relevance in process analysis and visualizations 
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within disciplines such as hydroecology, climatology and meteorology. Furthermore, for 

raster based data, which is the data model widely used in the management of remotely 

sensed spatial data, each pixel can only represent one value corresponding to an attribute 

on the ground such as elevation, vegetation or temperature. This limitation in the data 

model makes it complicated and cumbersome to analyze issues such as how land use 

patterns change with elevation over time. It also forces a conflation of landform with 

landscape surface characteristics even though sometimes it may be beneficial to analyze 

them separately. 

Comparatively speaking, topographic surfaces extend widely in the horizontal directions 

with smaller irregularities along the elevation axis (Pike, 2001). This observation may in 

part provide justification for representing a 3D landscape using a simpler 2D perspective, 

and the generation of the topographical aspects using the digital elevation model (DEM) 

and triangular irregular network (TIN) methods. The level of detail represented by the 

DEMs and TINs is determined mainly by the density of the source data and the latest data 

collection methods provide the opportunity for acquiring highly accurate and detailed 

landscape data. Particular advances in remote sensing as well as air and terrestrial LiDAR 

scanning provide detailed data using dense and accurate measurements (Bishop, et al., 

2012). Thus, beyond this general surface representation, it is now possible to identify 

highly accurate and detailed three-dimensional objects such as plants, tree canopies, 

urban feature, geological structures or other entities which may be on the landscape using 

these advanced methods of data collection (Blaschkea, et al., 2004; Dupuy, et al., 2013). 

The recent advancements in voxelization of point cloud data (Hinks, et al., 2013) which 

are collected using laser scanning methods, as well as the extraction of volumetric data 

from airborne LiDAR imaging satellites (Weishampel, et al., 2000; Olsoy, et al., 2014) 

provide the means by which these objects can be extracted and processed for 3D spatial 

analysis.  

The issues related to data conversion and processing to generate voxels are beyond the 

scope of this study. However, the main focus is on the conceptualization, development 

and implementation of 3D indices that can be used to quantify objects represented with 
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voxel space within a given natural landscape. The physical objects under examination are 

abstract representations of spatial entities or patterns in 3D that have resulted from 

geospatial processes.  

4.4. Methods 

The 3D features in the landscape could be static elements such as vegetation cover, 

geological outcrops and anthropogenic structures, or representations of dynamic 

phenomena like forest fires, landslides and snow avalanches. A 3D object in a landscape 

is modeled using a collection of voxels, referred to as a bloxel in this study. The term 

bloxel is derived from an amalgamation of the words 'blob' (for its connotation for 3D 

mass form) and 'voxel'. Multiple groups of voxels will be referred to as bloxels. The 

procedure relies on a simplification of an already voxelised landscape into a binary 

composition by selecting the voxels of interest and assigning them a value of 1 while the 

rest are treated as a background with a value 0. It is assumed that contiguous voxels are 

connected along the edges, at vertices or on adjoining faces such that the surface area of 

the bloxel is defined by full faces only. The 3D indices conceptualised in this study to 

describe landscape features are: the number of bloxels, bloxel surface area, expected 

surface area, volume, fractal dimension, lucanarity, and 3D Moran's I and are described 

as follows: 

4.4.1. Number of Bloxels 

The number of bloxels, which corresponds to the number of distinct entities or objects in 

3D the landscape, is determined by identifying and counting the distinct bloxels 

unconnected to any other voxels in the study area. The number of separate bloxels can 

also be counted by class when the input data is simplified to a binary representation. 



 

98 

4.4.2. Bloxel Surface Area 

The surface area of a bloxel is equivalent to the total area of the exposed faces of the 

constituent voxels. Assuming that each of the six faces of a uniform voxel has a surface 

area, a, then the voxel will have total surface area of 6a. Similarly, if two voxels are 

connected to each other at one of the faces then the total surface area will be 10a. 

However, if they are connected together at the edges or vertices then the surface area will 

be 12a. Using formula (4.1) below the surface area S of a bloxel can be algorithmically 

determined by considering how the voxels are face-connected to each other and can be 

formulated as: 

 

   (4.1) 

where N is the total number of voxels in the bloxel, a is the area of a voxel 
face, i is the number of face-connections, Ni is the number of voxels with i 
face-connections.   

If there are no face connected neighbors in a bloxel then the surface area would 

automatically be the number of voxel N scaled by a factor of 6. For example, in the case 

of two voxels connected at one face each with area a, the surface area S = (2 x 6a) - (2 x 

1 x a) = 10a. 

4.4.3. Expected Surface Area  

The bloxel can take on numerous configurations. Three-dimensional features can be 

characterized by compactly arranged voxels, in other cases the arrangement could be that 

of a surface facade where the actual 3D entities themselves are hollow on the inside. In 

addition, the manner in which the voxels are arranged in a bloxel is related to the number 

of exposed faces and hence the exposed surface area. Consider the surface area of a 

bloxel composed of 27 voxels: if the voxels are arranged in a single file, the surface area 
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would be different from the case where they are arranged in a 3-voxel sided cubic form. 

Thus, for a methodology that uses the exposed voxel faces to determine the surface area, 

a useful indicator is the surface area that would be expected if the bloxel's voxels were 

tightly compacted. A comparison between the expected surface area and the one that is 

actually calculated for a given bloxel is a useful indicator of the form of the bloxel. Given 

two bloxels, both with the same number of voxels, it would be expected that the one 

whose voxels are more compactly arranged will have a smaller surface area. The most 

compact arrangement for cubic voxels is achieved when they are arranged in a 

framework that is as close as possible to a cubic bloxel.  

The expected surface area is a comparative index that illustrates the expansiveness of the 

three-dimensional object. In general, the expected surface area is less than or equal to the 

actual surface area. However, the greater the difference between these two, the higher the 

spread and the possible complexity of the object. Of particular interest is the observation 

that those bloxels which are compactly arranged tend to have a high volume to surface 

area ratio. This measure, when combined with the fractal dimension, is also indicative of 

the complexity of the feature being represented.  

4.4.4. Volume  

Besides the surface area, another fundamental attribute of a bloxel is its volume which 

indicates the amount of 3D space that it occupies. Spatial analyses of the volumetric 

properties provide the descriptive indicators of the space occupied by biotic and abiotic 

entities in the study area. The volume of a bloxel is determined by counting the 

constituent number of voxels equivalent to the number of non-zero elements. However, 

given that a bloxel can have empty spaces concealed on the inside, it is useful to compare 

the calculated volume to surface area ratio with the similar ratio that would be expected if 

the same number of voxels were tightly packed. 
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4.4.5. Fractal Dimension 

The patterns and the forms of irregular three-dimensional objects are difficult to describe 

using Euclidean measures like diameter or length but can be quantitatively described 

using measures that infer the complexity of their pattern and form. A feature that shows 

self-similarity in its shape or form can be characterized by its fractal dimension, which is 

arrived at by splitting the object into self-similar parts each of which is a reduced-size 

copy of the original (O'Neill, et al., 1988). As a 3D index, the fractal dimension 

characterizes the structure of the shape of the bloxel and is calculated using the box-

counting technique. Conceptually, the box counting technique involves covering the 

selected feature with grids of different voxel sizes and estimating how many voxels of the 

different sizes can cover the bloxel (Liebovitch and Toth, 1989). To estimate a value for 

the three-dimensional fractal dimension, the slope of the regression line that has the 

natural logarithm of the inverse of the size of the voxels on the x-axis and the y-axis 

representing the natural logarithm of the number of voxels of that size covering the bloxel 

as shown in formula (4.2).  

 

  (4.2) 

where fd is the 3D fractal dimension, N is the number of voxels of with 
side size is r 

The value estimating the fractal dimension corresponds to the slope of the best fit line 

through the points. 

4.4.6. Lacunarity 

Lacunarity analysis has been used to quantify the overall textural characteristics of a 

landscape (Plotnick, et al., 1993). Because it provides insights into scale-dependent 

variation in the dips and crests (or patches and gaps for 2D images) that may exist on a 

)/1ln(
)ln(
r

Nfd =



 

101 

3D spatial object, it has been used in ecology to study the heterogeneity in the physical 

characteristics of landscapes (Hoechstetter, et al., 2011). There are several algorithms for 

measuring surface lacunarity of a set but the most commonly used method is the "gliding 

box" that was introduced by Allain and Cloitre (1991) and exhaustively scans the entire 

landscape with a kernel. The gliding box method involves moving a cube of size r 

throughout the whole bloxel, one unit at a time, to determine the number of voxels that it 

encloses at that location. The lacunarity, )(rΛ , of a bloxel can be computed using 

formula (4.3) (Hanen, et al., 2009; Soares, et al., 2013) as follows: 
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where M is the number of voxels in a bloxel of size r and Q(M,r) is the 
mass distribution probability. 

The lacunarity of a perfectly smooth surface is 1 and this value increases infinitely as the 

roughness of the surfaces increases. 

4.4.7. 3D Moran's I 

The Moran’s index I was introduced as a two-dimensional index for spatial 

autocorrelation in ecological landscapes (Moran, 1948; Anselin, 1988). A common 

example in landscape studies is the spatial autocorrelation of elevations data where 

similar elevations are in close proximity. The application of the Moran's I statistic has 

been extended to the 3D perspective in medicine in order to understand the variation in 

bone tissue density (Marwan, et al., 2007). In this study, the same formulation is adopted 

and applied for 3D spatial analysis as shown in formula (4.4) below: 
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  (4.4) 

where  I3D  is the 3D Moran's I index; N, total number of voxel elements in 
the dataset; So, total number of contiguous pairs in the voxel dataset; ∂ij, 
weighted value of distance, 1 for contiguous neighbors and 0 otherwise; 
d1,d2,d3 respectively the length, width, and height of the voxel-tessellated 
study area; and xi, xj the value of the variable at voxel i and voxel j 
respectively.  

The Moran's I value is analogous to the coefficient of correlation between two variables 

where the mean of a variable is subtracted from each sample value in the numerator. In 

this instance however, it is used to measure the correlation of a variable with itself in 

space. The values of Moran's I range from -1 for a strong negative spatial autocorrelation, 

through 0 for a random pattern (no correlation) to +1 for strong positive spatial 

autocorrelation. Figure 4.1 shows various configurations and their corresponding 3D 

Moran's I values. 

 

Figure 4.1. Moran's I values for the different 3D voxel state configurations depicting 
(a) negative spatial autocorrelation for a perfectly uniform pattern (b) no 
spatial autocorrelation for a random pattern and (c) a strong positive 
correlation for a clustered pattern. 
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The 3D Moran's I would find ready application in fine scale 3D spatial distribution 

studies. For example, Varner and Dearing (2014) argued for using fine scale temperature 

and elevation data to predict habitat suitability as they found interstitial temperatures at 

particular elevations differed significantly from those measured at ambient temperatures. 

In such cases, the 3D autocorrelation of the variables characterizing the microclimates 

would be useful in understanding how some species locally adapt to the changes in the 

macroscopic climatic changes. Another application is in the extraction of structural 

information related to spatial dependence from 3D point cloud data by identifying 

homogeneous regions using the actual voxel values in the dataset. 

4.5. Implementation of the Spatial Indices for 3D Space 

In order to demonstrate their usability, the indices proposed in this study were applied to 

static and dynamic 3D features. Although environmental processes are dynamic in nature, 

it is often sufficient to analyze and quantify 3D spatial patterns as they exist at a single 

point in time. Similarly, the analysis of time series data can be important in order to 

understand spatiotemporal complexity of a phenomenon. Although the measures for the 

complexity of dynamic phenomena can be categorized according to their spatial, 

temporal and structural functions, this study focuses on the static representation of 

objects because the temporal component is not an integral component of the indices 

formulation; however the indices outcomes can be analyzed as time series. The proposed 

3D indices were implemented in the MATLAB software application (MathWorks, 2012) 

and several built-in MATLAB functions were programmed into the functions to compute 

the 3D indices proposed in this study.  

4.5.1. Hypothetical Results 

Number of Bloxels 

The number of distinct bloxels in the study area is determined using MATLAB's 

bwconncomp function, which calculates the number of connected components in a binary 
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array of multiple dimensions. The function, when applied to the 3D binary bloxel 

representing the spatial objects, returns the number of connected objects. The number of 

connected features is equivalent to the number of distinct bloxels in the dataset. For 

example, given a dataset with N voxels that have the same attribute value, the 

bwconncomp function automatically computes the distinct bloxels and provides the total 

count as an output. 

Bloxel Surface Area 

Providing that the faces of the voxels are equivalent, the surface area of a 3D object is 

directly related to the number of exposed faces it has. For cubic voxels, the sum of the 

areas of the exposed faces that connect to each other equals the total surface area of the 

bloxel. The number of connected faces were determined using a 3D kernel in the shape of 

a von-Neumann neighborhood (six voxels, without the central voxel) applied to the 3D 

voxel data using MATLAB's convn function. The convn function computes a convolution 

of two matrices, which, in this case, are a matrix that represents the spatial data and 

another for the von Neumann kernel. Convolution is used in image analysis to emphasize 

specific values in the image while applying the opposite effect on the other values. In this 

instance the convolution function is used to identify the face connected neighbors for 

each voxel. 

The formulation operates by first assuming that the faces of all the voxels in the bloxel 

are uniform and exposed because this would be the case if the voxels are connected at the 

vertices or along the edges. Next, the voxels connected at the faces are identified and the 

face connections are subtracted in order to arrive at the actual number of exposed faces. 

For example, a bloxel of three face-connected voxels (Figure 4.2) would have 2 voxels 

with singular face-connections and one voxel with two face connections. Thus, using the 

equation (4.1) and assuming each face has a unit square area, the surface area, S, would 

be calculated as follows: 

S = (3x6) – [(2x1) + (1x2)] = 14 square units 
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Figure 4.2. Different patterns of three voxels arrangements in a bloxel: (a) in a row, 
and (b, c) at right angles 

Therefore, the three configurations in Figure 4.2 would have the same surface area 

irrespective of the fact that the 3D arrangements of the voxels are different thereby 

representing three distinct bloxels as 3D objects in space. This becomes more 

complicated, however, when a bloxel contains a higher number of voxels and the 

configuration could take on a myriad of forms.  

Expected Surface Area 

In order to determine the expected surface area, the number of voxels equivalent to those 

in the bloxel are compactly arranged programmatically. First, the cubic root r of the 

number of voxels N in the bloxel is determined and rounded off to the nearest integer. If 

[N – (r x r x r)] is greater than [r x r] then the N voxels are arranged in layered arrays of 

r+1 by r+1, one on top of the other, until all the voxels are positioned. Otherwise, if [N – 

(r x r x r)] is less than or equal to [r x r] then all the N voxels are arranged in layered 

square arrays of side r until all the voxels are positioned in the 3D grid. After the voxels 

are compactly arranged, the expected surface area of the new bloxel is calculated using 

the formula outlined in the formula (4.1) above. A ratio of surface area to the expected 

surface area is indicative of the bloxel's shape. The closer the ratio is to 1, the more 

compactly arranged is the bloxel. Consider a bloxel with 21 voxels where r will be 3 and 
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the bloxel formed will have two full layers of 3x3 voxels and an additional line of 3 

voxels on top. 

Fractal Dimension 

The fractal dimension is determined by processing a binary three-dimensional matrix 

representing the objects in the landscape. The box-counting method of determining the 

fractal dimension was used. A three-dimensional array counts the number of cubes each 

of a particular size r that are needed to cover the matrix. For this study, the 

implementation of the box-counting algorithm is based on a script by Moisy (2006). It 

determines the fractal dimension using cubes whose sizes are powers of two, i.e., r = 1, 2, 

4, 8, 32... 2p, where p is the smallest integer such that 2p is equal to the largest side of the 

input dataset.  

The validity of the calculated fractal dimension was tested using a menger sponge 

(Mandelbrot, 1977) of 243x243x243 voxels, which gave a result of 2.72. The known 

fractal dimension of a menger sponge is 2.73 (Vita, et al., 2012). A cube comprising of 

32x32x32 voxels has a fractal dimension of 3, while that with 3x3x3 voxels has a 

dimension of 2.37 according to the implementation in this study. It should be noted that 

the fractal dimension is influenced by the range of box sizes used in the analysis 

(Foroutan-pour, et al., 1999) and this is a contributing factor in the differences between 

the observed and the values that would otherwise be expected. 

Listed in Figure 4.3 are the estimated values of the fractal dimension for 1D, 2D and 3D 

bloxels where a single voxel is akin to a dimensionless point. In the implementation of 

the box counting technique for this study, the size of the bloxel does influence the 

computed fractal dimension because it is directly related to the number of iterations 

(range of box sizes) it takes to come to the value. For example, there is a significant 

difference in the outcomes for Figure 4.3(c), when the bloxel size changes from a six 

sided bloxel to an eight sided bloxel that has a fractal dimension of 2.8 because the 

repeating pattern of the bloxel's bounding box in Figure 4.3(c) is not as distinct as that in 

Figure 4.3(d) whose sides are 8x8x8 and are exponential factors of 2. In principle, 
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however, it is possible to generate fractal dimension values for complex 3D forms as 

shown in Figure 4.4 were for four distinct bloxels. 

 

Figure 4.3. The calculated fractal dimension values of various bloxels: a) voxels 
arranged as a single row are effectively a linear 1D object, (b) arranged 
contiguously in a single plane, whereas (c) and (d) are 3D bloxels. 

 

Figure 4.4. Fractal dimension values obtain for various complex bloxels 
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Lacunarity 

The lacunarity measure is used to quantify the surface characteristics of three-

dimensional structures. It can also be used to distinguish between structures with the 

same fractal dimension but different surface characteristics. The quantification of the 

surface structure is by its roughness, which is essentially a topographical property of 

elevation variation. In this study, the lacunarity was implemented from the original 

MATLAB script written by Vadakkan (2009). Figure 4.5 shows the lacunarity values of 

various surface configurations. The lacunarity value of a bloxel with a smooth surface 

(Figure 4.5a) varied slightly from the bloxel whose gaps are symmetrically arranged 

(Figure 4.5b). However, as the surface complexity increases the roughness also increases 

as shown in Figure 4.5c whose gaps are randomly arranged.  

 

Figure 4.5. Lacunarity measure of a bloxel with a) smooth surface b) symmetrically 
arranged gaps (uniformly distributed), and c) randomly distributed gaps on 
the surface 

The lacunarity and fractal dimension of an object provide complementary measures to 

describe the complexity of the object shape. In Figure 4.5, the bloxel in (a) has a fractal 

dimension of 3, the one in (b) has a fractal dimension value of 2.6 and that in (c) has a 

fractal dimension estimated at 2.5. This indicates the form of the bloxel in (c) has less of 

the repeating patterns compared to those in (a) and (b) which is further highlighted by the 

high lacunarity value that point to the irregular nature of the surface. In the real world the 
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lacunarity can be used to classify vegetation canopies based on the gaps in the leaves as 

represented in the collected voxel-based data.  

4.5.2. Complexity of Static Phenomena 

A hypothetical landscape was generated in order to apply the indices on a voxel-based 

representation of forest stands extracted from 3D point cloud data. The voxels 

representing the hypothetical tree stands are overlaid on the freely available DEM of 

Madison County, Idaho from the GeoCommunity data portal (GeoCommunity, 2015). 

For visualization purposes, the DEM is sampled at lower resolution to smoothen the 

details in the surface and to accentuate the distinction between the voxels of interest and 

the underling topography (Figure 4.6). The developed functions for measuring the indices 

are applied to the data that are represented as the voxels. The functions automatically 

determined that there were three distinct regions in the study area and calculated the 

corresponding indices accordingly (Table 4.1). 
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Figure 4.6. A hypothetical landscape showing accentuated sample 3D bloxels 

Region Expected 
Area (m2) 

Volume 
(m3) 

Surface  
Area (m2) 

Fractal 
Dimension Lacunarity 

1 15,400 12,600 17,600 2.3 1.1 
2 23,800 24,200 33,000 2.7 1 
3 20,800 19,000 39,800 2.1 2.1 

Table 4.1. The calculated 3D indices for the bloxel representations in Figure 4.6 

Similarly, Figure 4.7 represents the distribution of a plant species in a landscape where 

the black voxels represent the species of interest while the white ones represent the other 

vegetation cover in the area. 
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Figure 4.7. A hypothetical binary distribution of voxels in the landscape: black voxels 
representing a plant species of interest and white the other vegetation 
cover 

The Moran's I value for the bloxel in Figure 4.7 is 0.47, the fractal dimension is 1.71, and 

the lacunarity is 1.39. Being a binary distribution, the voxels of interest (colored black) in 

the bloxel can be agglomerated into 7 sub-bloxels with the indices listed in Table 4.2.   

 

Expected 
Area 
(m2) 

Volume 
(m3) 

Surface  
Area(m2) 

Fractal 
Dimension Lacunarity 

3000 1000 3400 1.7 1.0 
9600 6200 22600 1.9 2.8 
4000 1600 6000 1.7 1.6 
5800 2800 10000 2 2.4 
1000 200 1000 1 0 
1400 400 1600 2 1 
1000 200 1000 1 0 

Table 4.2. 3D Indices for the bloxels extracted from a binary vegetation dataset 
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4.5.3. Complexity of Dynamic Phenomena 

The focus of this study is in the indices and hence an in-depth treatment of 

spatiotemporal analysis in 4D is beyond the scope of the work. However, the different 

indices proposed can be arrayed as sets of time series that could be used in further 

correlation analyses. These analyses would indicate the complexity and variations of 

spatial patterns as the processes evolve along the temporal dimension. As an illustration, 

a three-dimensional Eden growth model (Eden, 1961) intended to represent the formation 

of bacterial clusters or deposition of particulates is used. In the model, the process of 

cluster formation starts with a seed randomly placed in the 3D voxel grid. The 

unoccupied sites in the von-Neumann neighborhood around the seed (the occupied 

location) are referred to as the growth sites. At the subsequent time-step, a new site, 

drawn randomly from the growth sites, is occupied. Without going into a detailed 

treatment of the Eden growth process (Meakin, 1988; Cao and Wong, 1991), the clusters 

formed by the Eden model have dense geometries that are compact on the inside with 

tortuous surface character and change at each iteration (Gouyet, 1996).  

Figure 4.8 shows the results of a three-dimensional Eden growth process at time-steps 1, 

500, 1000, 2000 and 3000, with the focus being maintained on the formation of the 

output patterns rather than the details and working of the system's dynamics. The 

proposed 3D spatial indices were applied to the simulation outputs at every time-step. 

The measures are, namely, the fractal dimension, lacunarity, surface area and volume - all 

describing the spatial features on a landscape, which are represented with the aid of 

uniformly tessellated cubic voxels. The graphical outputs in Figure 4.9 show the changes 

in the various indices as applied to the output forms. 
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Figure 4.8. Simulations results of a dynamic process at selected time-steps T 
representing iterations 1, 500, 1000, 2000 and 3000. 

 

Figure 4.9. Graphical representation the 3D indices over time a) fractal dimension and 
lacunarity, and b) volume, surface area and expected surface area indices. 
On the y-axis is the scale for the index value and the number of iterations 
on the x-axis 

In Figure 4.9a, the lacunarity varies widely in the first few time-steps before it starts a 

gradual change while the fractal dimension on the other hand has gradual change over 

time. The surface area, the expected surface area and volume change gradually as would 

be expected for a form that is gradually enlarged (Figure 4.9b). 

The indices are useful in analysing a landscape's three-dimensional characterises by 

providing a structural description of its features. Moreover, the voxelised representation 

of the landscape's 3D features lends itself well to point cloud data collection methods and 

3D feature representation at high resolution. The approach differs from the other methods 
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which use a digital elevation model of the entire landscape to estimate the surface's 

characteristics. The indices can be used to describe natural features such as forest stands, 

plant colonies or anthropogenic features.  

4.6. Conclusions  

A key objective of landscape ecology is to determine how spatial and temporal 

heterogeneity come about and how they reciprocally influence processes. One aspect of 

this objective involves the depiction and quantification of the spatial entities in a 

landscape. This study develops a methodology that can be used to quantify the geological 

formations, plant growth and other volumetric features in a landscape. The approach used 

requires that the features need to be represented using uniformly tessellated voxels.  

The indices presented in this study can be used to quantify the properties of volumetric 

patches in a landscape. The indices are:  volume, surface area, expected surface area (that 

is if the voxels are compactly arranged), fractal dimension as well as the lacunarity. In 

addition, these indices have been used to quantify the results from a three dimensional 

Eden growth process. This work suggests that the quantitative assessment of voxel-based 

features, as proposed here, can be translated into an alternative method for landscape 

characterization and could potentially be integrated in a 3D GIS. It contributes towards 

the development of algorithms and methods for analysing voxel-based data. The 

voxelisation of the landscape would enable the use of an atomic data model capable of 

representing field and object-based geographic data. In addition, further work is needed 

to apply the indices in the characterization of an actual landscape and with use of 

geospatial data in 3D. 
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Chapter 5.  
 
A Representation and Analysis of a Process' 
Spatiotemporal Dynamics Using a 4D Data Model 

5.1. Abstract 

The raster and vector spatial data models are the most commonly used in geographic 

information systems (GIS) practice but are insufficient for the representation of dynamic 

spatiotemporal phenomena. Though many improvements have been proposed to the 

spatial data models and numerous prototype implementations have been developed in 

order to address this limitation, the problem has persisted. One of these proposals is the 

geo-atom which a general theory for geographic information representation in a four-

dimensional space-time continuum. The objective of this study is to implement the geo-

atom spatial data model in order to represent and analyse a dynamic four-dimensional 

field-based process. The queries for spatiotemporal analysis are related to volume, 

surface area, rate of change and temporal ordering. The data used are voxels units 

generated from the simulation of the process and specific spatiotemporal queries have 

been developed to demonstrate the usefulness of this model in GIS-based modeling.  

5.2. Introduction 

The representation of the varied and complex dynamics on the earth’s surface, in addition 

to the particularities of the constituent elements in a given landscape, continues to be a 

subject of significant interest in the discipline of geographic information science 

(GIScience). In most geographic information system (GIS) software applications, it is not 

possible to perform full three-dimensional spatial analysis because the third dimension of 
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space is encoded as an additional attribute of the planimetric elements (Longley, et al., 

2011). In addition, the temporal dimension, which is a fourth addition to the three spatial 

ones, is largely modeled with the aid of multiple data layers as snapshots of the temporal 

changes (Peuquet, 1994; Worboys, 1994; Grenon and Smith, 2004). Although, the 

significance of handling the third spatial dimension as well as temporal information in 

GIS has long been recognized by the GIS research community, the raster and vector data 

models that are predominantly used for geographic representation and analysis are 

inadequate for this task. 

To address this limitation, several proposals have been put forward by researchers over 

the last three decades. One of these describes and suggests the adoption of the geo-atom 

spatial data model to conceptualise the space-time domain (Goodchild, et al., 2007). This 

geospatial data model provides the theoretical basis for a geographic abstraction capable 

of representing the four-dimensional space-time continuum. It uses a space-time 

primitive, referred to as a geo-atom, to model the spatial entities in a multidimensional 

perspective and enhances GIS support for spatiotemporal analysis of geographic 

processes. The integration of 3D space and time is important because dynamics are a 

defining characteristic of processes and some of these processes (for example, ground 

water and avalanche flows) evolve with the third dimension as a significant factor.  

The dynamics of processes, for example, the spread or the spatial and temporal 

interconnections between the constituent parts, can be simulated for study and analysis 

with the aid of the geographic automata framework (Torrens and Benenson, 2005). With 

their origins in complex systems theory, the geographic automata systems are an 

important starting point for representing dynamic geographic phenomena (O'Sullivan, 

2005). Although the framework has been predominantly used in two-dimensional 

conceptualisations of space, it can be extended to 3D space in which case voxel units can 

be used (Burrough, et al., 2005; Jjumba and Dragicevic, in press). In their formulation 

voxel-based geographic automata simulations follow the same underlying principles as 

their antecedents, the classical cellular automata models (von Neumann, 1966). The 

automata theory requires the application of transition functions on a locally defined 
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neighborhood so as to effect change to the attributes of the voxels there-in at a 

subsequent iteration. The local neighborhood itself is a configuration is of contiguous 

voxels around a central voxel. The data outputs from such a simulation would be four-

dimensional and could be interrogated for 3D spatial character of the process as well as 

the spatiotemporal evolution.  

Over the years there has been considerable interest in the research efforts to design GIS-

based frameworks that can represent and query dynamic phenomena. Erwig et al. (1999) 

have proposed model for representing moving objects, similarly Lin and Su (2008) 

highlight a methodology for determining the trajectory of an object's movement, and 

McIntosh and Yuan (2005) demonstrate a method for query support in analyzing 

spatiotemporal similarity for large datasets. In addition, Hubbard and Hornsby (2011) 

propose a method of analyzing alternate trajectories of events while Yi et al. (2014) have 

proposed a model for integrating space and time interactions of spatial objects. These 

efforts highlight important consideration in the management and analysis of 

spatiotemporal information using two-dimensional object-based and field-based 

representations of geographic processes. However, there is still a need to explore 

spatiotemporal analysis in three dimensional space plus time, which is particularly 

important for phenomena with both object and field-like behavior. The objective of this 

study is to analyse the evolution of a spatiotemporal process whose data are structured 

using the geo-atom data model. Although geographic automata models are often 

employed in the description, study and analysis of spatiotemporal phenomena, in this 

study a voxel-based automata model is used to represent a dynamic process in four 

dimensions and to generate an abstract spatiotemporal dataset that is structured with the 

geo-atom data model for further analysis. A generalized four-dimensional process of 

snow cover retreat was simulated as a proof of concept. Specific queries designed to 

explore the four-dimensional nature of the spatiotemporal process were also developed 

and applied to the simulation outcomes.  
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5.3. Theoretical Background 

The historical development of GIS is marked by the dichotomy of representing 

geographic space with either the raster data model or the vector data model (Jones, 1997; 

DeMers, 2009). However, these 2D data models are inadequate at representing 

geographic processes as they evolve in the 4D space-time continuum because of the 

limitations imposed by their respective data structures. Over the last three decades 

researchers have explored and suggested ways for representing the vertical dimension of 

space along with the two lateral ones, as well as the incorporation of time to capture the 

dynamism of geographic processes. This section reviews the literature related to the 

conceptualization of a multidimensional view of space followed by an overview of 4D 

spatiotemporal modeling and the suitability of voxel-based automata for the simulation of 

dynamic phenomena. 

5.3.1. Two-Dimensional Representation of Geospatial Phenomena  

Traditionally, GIScience has emphasized the two-dimensional spatial representation, and 

the raster and vector geospatial data models continue to be the dominant formats for 

representing geographic phenomena in GIS software applications based on an underlying 

assumption that they are representable as either discrete entities (the object-based view) 

or continuous surfaces (the field-based view)(Couclelis, 1992; Goodchild, 1992; Mennis, 

2011). The vector-based representations of geographic space closely resemble the 

fundamental graphical elements of a paper map and in a GIS, the symbolic geometries of 

points, lines and polygons can maintain their distinct identities, as well as the attributes 

and shape of the geographic entities they represent (Frank, 1992; Burrough and 

McDonnell, 1998). On the other hand, the raster-based representations use a grid of 

uniform cells whose attribute values represent the specific entities in the real world.  

Efforts to represent the elevation in a GIS are often quasi 3D in that they treat the height 

as an attribute of the two-dimensional coordinates of the location - a solution often 

referred to as “2.5D”. In a truly three-dimensional GIS, the unique coordinates of a 
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location would be defined by three independent variables, one for each spatial dimension; 

otherwise such a location would not be displayed just as it is not possible to plot an 

element without coordinate pairs in a Cartesian plane system (Longley, et al., 2011). In 

addition, work has been done to extend the vector and raster data models in order to 

incorporate the temporal component when representing geospatial phenomena (Langran, 

1992; Dragicevic and Marceau, 2000; Peuquet, 2002; Yuan, et al., 2014) and to 

accommodate the third spatial dimension (Raper, 2000; Breunig and Zlatanova, 2011). 

However, the new ways with which spatiotemporal data are collected and the growing 

need to analyse dynamic phenomena for the purpose of understanding the connections 

between complex spatial patterns and the underlying geographic processes are pushing 

the research community to develop and implement dynamic models of the space-time 

continuum (Gately, et al., 2013; Lee, et al., 2013; Dias and Tchepel, 2014). Geographic 

processes evolve in 3D space over extended temporal periods. They are characterised by 

complex interactions between fixed and mobile entities and changes to the geometric 

shape and internal structures of some of these entities (Gebbert and Pebesma, 2014). 

Hence, it is important to represent, analyze, and model geographic dynamics in a 4D 

space-time continuum. 

5.3.2. Four-dimensional Representation of Geospatial Phenomena  

An elemental representation of geographic phenomena in 4D has been formalised with 

the geo-atom theory (Goodchild, et al., 2007). A geo-atom is a geographic primitive for a 

space-time point described by the spatial coordinates, the temporal dimension, as well as 

the attribute values of the geographic theme being represented. It is expressed as a tuple 

in the following formulation: 
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( )[ ]paApg ,,≈  

  (5.1) 

where g is a geo-atom that represents a spatial object being modeled, p is a 
vector that describes the object in space-time coordinates (x, y, z, t), A is 
the variable of interest such as salt concentration in water, temperature 
variation in a lake or the distribution of particulate matter in the 
atmosphere, and a(p) is the specific attribute value of A at that location in 
space-time. 

By altering the criteria for aggregating the geo-atoms, different types of spatial entities 

can be represented as geo-objects, geo-fields, field-objects or object-fields based on the 

identity of the geo-atoms or the values of the attributes describing the modeled 

geographic theme. In order to model a spatial entity, a geo-atom structure can use 

multiple values that represent the temporally varying attribute states at that location. The 

use of multiple values for the attributes implies that in addition to being able to query a 

GIS for a given value at all locations in the entire dataset, it is also possible to query for 

multiple attribute values at a single location (Goodchild, 2010). Thus, the geo-atom data 

structure is particularly important and useful because it broadens the flexibility with 

which spatiotemporal queries on geographic data can be executed. 

Beyond providing the means to identify spatiotemporal phenomena with semantic 

descriptors (such as an attribute name and value),  spatial properties (location coordinates 

and spatial extents) as well as the temporal component (for example timestamps or the 

start and end time marks), the ontology of the space-time model must provide a means for 

defining the topological relationships of adjacency, connectivity and containment 

(Langran, 1993; Thomsen, et al., 2008). It is these topological predicates, as well as the 

geometric ones, that a GIS uses to answer queries about the relative locations of spatial 

entities (Egenhofer, et al., 1994; Erwig and Schneider, 2002). Although specific 

frameworks for modeling 3D spatial topology have been proposed, they are yet to be 

sufficiently implemented in GIS practice (Billen and Zlatanova, 2003; Ellul and Haklay, 

2006; Breunig and Zlatanova, 2011). Similarly, the integration of temporal topology in 
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GIS databases is an area of ongoing research (Marceau, et al., 2001; Bittner, et al., 2009; 

Galton, 2009; Couclelis, 2010; Nyerges, et al., 2014) that is yet to be included in both 

commercial and open-source GIS software applications.  

Although designed on the basis of 2D spatial data, the spatiotemporal data models that 

have been proposed include the space-time composite (Langran and Chrisman, 1988), the 

spatio-bitemporal model (Worboys, 1994), the three domain model (Yuan, 1999), the 

OOgeomorph model (Raper and Livingstone, 1995), the event-based spatiotemporal 

model (Peuquet and Duan, 1995) and a space-time object model for forestry data 

management (Rasinmäki, 2003). Other efforts have been invested in developing 4D 

spatiotemporal data models. Among these is a model for simulating a river based system 

using numerical methods (Goodall and Maidment, 2009). It uses a Geographic Markup 

Language (GML) spatial data structure but the volumetric units are modeled implicitly 

using depth and height as attributes of the grid tessellations. Beni et al.(2011) have 

developed a spatiotemporal model of movement point data using 3D voronoid objects. 

Other data models include that proposed by van Oosterom and Stoter (2010), which in 

addition to representing the four dimensions of the space-time continuum incorporates 

scale as fifth dimension. The others are the Network Common Data Form (NetCDF) used 

to store model outputs from numerical simulations in the geosciences (Nativi, et al., 

2005) and the Geographic Markup Language (GML) specification for dynamic features 

(Lake, et al., 2004). 

The 4D representation of geospatial phenomena allows for the application of 

spatiotemporal queries to retrieve information about a process' patterns and the 

interactions of the component parts in a multidimensional framework. Pultar et al. (2009) 

applied the geo-atom concepts to represent and query emergency evacuation situations 

from a two-dimensional perspective while Zhao et al. (2015) have adapted raster data to 

create a space-time model for use in querying and analysing how vegetation was affected 

by a cold weather. These models use related approaches to enhance raster data in the 

representation of spatiotemporal phenomena modeled from a 2D perspective. However, 

some spatiotemporal processes such as snow cover melt, landslides, avalanches and 
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organism movement in marine environments, are truly four-dimensional. For this reason, 

this study integrates the geo-atom data model with a voxel-based tessellation of space to 

represent dynamic phenomena in the three dimensions of space plus time and allow for 

specific queries. A hypothetical voxel automata model is developed and run to generate 

the 4D data used for the spatiotemporal analysis. Specific queries pertinent to the 

retrieval of information about changes in spatial attributes at a given location in time are 

applied to the data. 

5.4. Methods 

5.4.1. Conceptualization of Space and Time 

This study uses the geo-atom data model in the management of the spatiotemporal data 

for a simulated phenomenon. The changes in the attribute values of the phenomenon 

along with the time values corresponding to the time-steps of the voxel automata 

simulation are all stored in the data structure. Although the time format recorded in the 

model structure corresponds to the time-step at which the change in an attribute occurred, 

it is possible to use a suitable temporal format such as the ISO 19108 GIS temporal 

schema (Kresse, et al., 2012) when the automata model calibrated to the temporal 

evolution of the process. Consider a study area that is tessellated into uniform and 

contiguously arranged voxels where each voxel is defined by three characteristics: first, 

the three geometrical dimensions as defined by the three geographic coordinates of 

voxel’s center position; second, the attribute of the geographic phenomenon under study; 

and third the temporal dimension modeled with the time-step value. These voxel 

characteristics are formulated as the variables in the geo-atom tuple (5.1).  
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Figure 5.1. Three snapshots of a field process in voxel space representing the attribute 
and temporal value updated at every time-step using the geo-atom model 

Figure 5.1 shows three consecutive snapshots of a field process represented by voxels. 

Each voxel is an element in a 3D field and is modeled with the geo-atom data structure 

where the temporal dimension is associated with the phenomenon's attribute 

characteristics by linking an attribute value directly with its corresponding timestamp at 

which it is marked. The structure of the voxel also includes an identity field (ID) that is 

useful in generating a unique identification for the field to object transition. The voxel's 

attribute variable (A) can be represented with categorical or continuous data to model the 

phenomenon's state or intensity at that location. The full record of the attribute values and 

their corresponding timestamps is organized in two separate lists of equal length - one for 

the temporal values (timestamps) and the other for the attribute values. Since the voxels 

are immobile their respective coordinates do not need to be updated over time.  

5.4.2. Spatiotemporal Queries 

In a dynamic process, the measured values that represent the phenomenon under study 

will vary through space and time. In order to analyse these data, spatiotemporal queries 

can be constructed to investigate specific spatiotemporal aspects about the process. The 
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procedure involves identifying a set of voxels that fall within the spatial limits, followed 

by the attribute limits and lastly the temporal limits as provided in the query (Figure 5.2). 

The program implementing the queries is structured such that a single time value, 

attribute value or a triplet coordinate set of a voxel are also treated in a similar manner as 

boundary limits.  

 

Figure 5.2. The data query procedure narrows the search by sequentially limiting the 
spatial extents, attribute values and temporal bounds. 

Using Langran's (1992) spatiotemporal query type categorization as well as Yuan's 

(1999) extension of the same, the following spatiotemporal queries were developed.  

Simple Spatiotemporal Queries 

When applied on a collection of geo-atoms, the simple spatiotemporal queries extract the 

attribute values of the voxels at an instant in time. The queries can provide results to 

inquiries such as:  

• Select all the voxels with attribute value a at time t, or  

• Display all the voxels at time t on map. 

For the first query, the procedure involves identifying the voxels whose attribute values 

are equivalent to a at a corresponding time-step t. Given an array of  attribute values A = 

[a1,a2,...an] and a corresponding array of temporal values T = [t1, t2,...tn] to represent the 
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attribute and temporal aspects of a geo-atom, the second query is constructed according 

to a general structure that limits the selection of the voxels to both a defined attribute 

value and a time value as follows: 

SELECT voxels 

FROM geo-atom dataset 

WHERE  T = ti  AND A = ai 

Spatiotemporal Range Queries 

Spatiotemporal range queries extract the attribute values of the voxels as they pertain to a 

specified period of time. These queries may answer questions such as: 

• Display the voxels that had a value a between the specified time period 

• What is the highest attribute value of the voxel (x,y,z) within a time period t1-
t2? 

• What is the average value at voxel (x,y,z) between time period t1-t2? 

Similar to the case of the simple spatiotemporal queries, the steps for the first query 

involve identifying the voxels whose attribute values are equivalent to a at a 

corresponding time-step t. Given an array of attribute values A = [a1,a2,...an] and a 

corresponding array of temporal values T = [t1, t2,...tn] to represent the attribute and 

temporal aspects of a geo-atom. These queries are applied in a form that outputs the 

voxels based on the attribute value and a time period such as: 

SELECT voxels 

FROM geo-atom dataset 

WHERE  ti >=T =< ti AND A = ai 
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This query category and the simple spatiotemporal category above provide the basis for 

the construction of the ones that follow which are more complex.  

Spatiotemporal Behavior Queries 

Rate of Change 

The rate of change of a process can be measured using the change in the number of 

voxels within a specified time interval using the formula below. 

ij

ij

tt
nn

−

−
  

  (5.2) 

where nj, ni, are the number of voxels at time-steps tj, ti, respectively, and 
i<j 

This is accomplished by first applying a simple spatiotemporal query to identify the 

voxels ni that fit a specified criteria at time ti. Those voxels are assigned an ID tag. At a 

later time-step tj the same query is applied to the voxels selected in the earlier application 

of the query to generate the value of nj. The difference in voxel count (nj-ni) is used in the 

formula to determine the rate of change. 

Location Descriptor Queries 

The descriptions of a phenomenon at a particular portion of the study can be determined 

by examining how the attribute values are apparent at those locations over time. The 

queries proposed here build on the simple spatiotemporal queries above to determine 

such descriptions as: 

• Find the region with an average value µ at time t 

The development of the proposed query requires the user to define a moving 3D cubic 

window in whose boundaries the average value is determined. The cubic window is 

moved throughout the study region and the mean values of these voxel attributes are 
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calculated. If the arithmetic mean value is equivalent to µ then the central coordinates of 

the window are stored in memory and the program continues to search. Although this 

approach can be used to determine other descriptive statistics it is only the arithmetic 

mean that is applied in this study. 

Temporal Relationship Queries 

The temporal relationship queries are used to investigate patterns in a sequential format 

where the temporal equivalence and ordering (exact or relative) of the specified values 

matters. They can be used to understand the temporal relationship between multiple 

regions could be formulated as:  

• What is the area that has these data values between t1 and t2?  

• And, is there a sequential ordering to the existence of these areas? 

The query is developed as an extension to the spatiotemporal range query by splitting a 

time period into smaller sections for spatiotemporal segmentation. The method relies on 

comparing temporal relations between time-steps that represent the interval time 

specified by the query. 

5.4.3. Case Study: A Model for Snow Cover Retreat 

The process of snow cover retreat can be characterized with a spatially continuous 

variable and is dependent on topographic factors such as elevation, slope, aspect and 

shading (Dunn and Colohan, 1999; Jain, et al., 2009), which can be incorporated in the 

structure of the model that simulates snow cover change. In general, snow cover change 

models fall into two broad categories, namely, the energy-balance models and those 

based on the temperature-index methods (Cazorzi and Fontana, 1996). Data for 

temperature-index modeling are more readily available and the methodology assumes a 

direct relationship between elevation and positive air temperature (Hock, 2003).  

The changes in mountain snow cover are affected by the energy factors in the 

surrounding climate in complex ways. At the most basic level, however, as the local 
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temperature rises, the snow melt increases along with the rate of change in the snow 

cover. The inverse relationship between temperature and altitude implies that in general 

snow will recede from the lower elevations of the mountain towards the top.  

A voxel automata model simulating the process of snow cover change was designed and 

developed to generate the experimental data to which the spatiotemporal queries were 

applied. This was necessitated by the absence of an appropriate dataset that could be 

formatted and stored in the geo-atom data structure. This study uses the same approach 

by relying on elevation as the principle factor but the model has sufficient flexibility to 

add other factors pertinent to the process. In addition, stochasticity is added to the process 

to mimic the unpredicability of snowstorms and to provide for the possibility more snow 

may fall even though the snow cover continues to deplete due to increase in the general 

ambient temperature. This is achieved with the addition of random localised snow fall in 

parts of the study area. The rate of snow melt is directly related to the degrees of 

atmospheric temperature above a critical temperature for snowmelt and can be formalized 

as follows (Dunn and Colohan, 1999): 

 

  (5.3) 

where, M is the melt rate, K the degree–day factor, T the mean 
temperature, and Tm the critical temperature for melt to occur. The degree–
day factor is an empirical constant for proportionality that accounts for all 
the physical factors not included in the model. 

As an example, the ground could be covered with snow of varying thickness across the 

study area. It will generally melt from the lower altitude regions first and gradually to the 

higher altitudes in a manner shown in Figure 5.3 below. Also, locations with thicker 

snow cover will take longer to melt. 

2/)( mTTKM −=
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Figure 5.3. A voxel automata simulation of snow cover change as a function of 
elevation for three selected time periods t1, t2 and t3, which could be days 
or weeks depending on the atmospheric temperature. 

The transition rules enforce the disappearance of the snow in the inverse relationship to 

the altitude and the thickness of the snow. At each time-step, the function in equation 

(5.3) is applied to the voxels representing the snow cover field as the transition rule and 

the changes are recorded as attribute values in their respective arrays (Figure 5.1). 

5.5. Implementation and Results 

Using MATLAB, the geo-atom spatial data model was organized as a structured array 

with attributes of various data types including arrays of numeric and alphanumerical data 

(Figure 5.1). The use of arrays allows for the recording of multiple values for a specific 

aspect of the geo-atom. Whenever there is a change recorded in one of the aspects of the 

voxel-based representation, the program simultaneously records the corresponding 

temporal value. Thus, a voxel has a fixed position but its attribute values are changing 

over time and are represented by an array of the changing attribute values as well as a 

separate but corresponding array of temporal values indicating when these changes took 

place. 

The geographic landscape was derived from topographic data of Aggipah Mountain, 

Idaho, USA, formatted according to the USGS 30 meter resolution digital elevation 

model (DEM). The area measures about 6.3 km East-West and 5.7 km North-South with 
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an elevation difference of about 1.4 km between the lowest and highest point. The lateral 

sides of the voxel are 30 meters x 30 meters while the height is 1 meter. In MATLAB, the 

USGS data file is organised separately into three two-dimensional arrays, one for the 

latitude values, the longitude values and the elevation values. These coordinate arrays are 

transferred to the structure of geo-atom data model by assigning the values for the 

latitude, longitude and elevation coordinates from their respective two-dimensional 

arrays. The general topographical structure of the landscape is modeled with a smooth 

overlay while the snow cover is modeled explicitly with the voxels. This arrangement 

was done to enhance the visual contrast between the fixed topography and the dynamics 

of the changing phenomenon. In addition, the developed query algorithms use brute force 

computation with nested loops to examine the geo-atom data in search of the voxels that 

fit the parameters specified by the respective queries. Also, a projected coordinate system 

would provide a more accurate measure of distances and areas, however, the built-in 

function that reads the DEM data file into MATLAB projects the map in geographic 

coordinates only. In the sections that follow, the proposed spatiotemporal queries are 

applied to data from a model for snow cover retreat. 

5.5.1. Queries for Snow Cover Retreat Model  

A snow cover retreat model was developed and implemented to generate 4D datasets for 

spatiotemporal analysis. At the start of the simulation, the simulation model is specified 

with an average voxel attribute value of 20 to represent a general snow cover thickness of 

20 cm throughout the study area. Because the program uses brute force procedures to 

search the data, it was necessary to limit the amount of searchable data so as to have a 

meaningful level of efficiency in the search for the voxels of interest per the query's 

parameters. The average temperature, as well as the degree-day factor listed in formula 

(5.3), were overadjusted such that simulation of the snow depletion in the entire area lasts 

about 10 weeks, where each week corresponds to an iteration. The results from the 

simulation are shown in Figure 5.4 below. 
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Figure 5.4. Snapshots of the results from the snow cover retreat process where T1, T3, 
T6, T10 represent 1 week, 3 weeks, 6 weeks and 10 weeks, respectively, 
from the start of the simulation 

5.5.2. Simple Spatiotemporal Queries 

Provided that one has a complete dataset, a simple spatiotemporal query can be used to 

find those areas in a study region that have a particulars set of attribute values at a 

specified instance in time. In this study, this query was applied to identify the voxels that 

have an attribute value that falls between 14.0 cm and 15.0 cm thickness of snow at week 

5. The application of the query on the data resulted in an area of 9.9 square kilometer 

being selected and the corresponding graphical output is shown in Figure 5.5a. The 

output for another simple query that seeks to identify the voxels with an attribute value 

greater than 0 (i.e. all active areas with snow) at week 5 are shown in Figure 5.5b and the 

count of the voxels themselves is 25,741 which is equivalent to 23.2 square kilometers. 
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Figure 5.5. Selected voxels for the simple and spatiotemporal range queries (a) query 
for 14.0 cm and 15.0 cm thickness of snow at time-step 5, and (b) all 
active voxels with snow at time-step 5 

5.5.3. Spatiotemporal Range Queries 

A spatiotemporal range query can be used to find areas that have a particular attribute 

within a specific time period. It was applied to find voxels which have had attribute 

values ranging between 19cm and 20.1cm during time period of 10 to 15 weeks. There 

was a total of 274 voxels which correspond to the area of 0.2 square kilometers selected 

as a result of the query and are shown in Figure 5.6. It should be noted, however, that this 

query's outcome is a result of the stochastic snowstorm artifact of the model because 

most of the snow setup at the beginning of the model is depleted at about time value 

10cm. 
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Figure 5.6. Results for spatiotemporal range queries 

An additional temporal range query was applied to find the average amount of snow at a 

voxel specified by a set of coordinates (-114.7o W, 45.2o N, 2285 m) during the course of 

the simulation. This location was arbitrarily selected and the average attribute value was 

found to be 13.9cm. In other words, at this particular location there was an average snow 

cover of 13.9cm for the duration of the simulation run. Although, by extension, it would 

be possible to determine the average value for a region, that component is not included in 

the program at the moment. However, as indicated earlier in the methods section, it is 

possible to identify a region fitting a certain criteria. 

5.5.4. Spatiotemporal Behavioral Queries  

Rate of Change Query 

The rate of change can be determined by using time and the area or volumetric change in 

the phenomena. However, in this study, the number of voxels, which can be used to infer 

the volumetric change by an application of a scale factor, is used.  The number of voxels 

with an attribute value greater than 0 at time-step value 10 was computed to be 1449. 

Similary, the number of voxels at time-step value 5 were computed to be 25741. With the 
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application of formula (5.3) where nj=25741, ni=1449, tj=10 and ti=5, the rate of change 

is computed as 4858.4 voxels per iteration from (25741-1441)/(10-5). With the voxel's 

horizontal dimensions measuring 30 m x 30 m and the height set at 1 m the volumetric 

rate of change is equivalent to about 4.4 x 106 cubic meters per time-step.  The rate of 

change computed applies to the entire study area; however, another measure of 

spatiotemporal behavior would be to determine local rates of change by focusing the 

analysis on specific regions. In simulation studies such a local measure could be used to 

quantify how the variation in vegetation cover within the study region affects the snow 

cover retreat. 

Location Descriptor 

A query was applied to the data to find the average of the voxels within a region that is 

approximately East: -144.469 to -144.467 and North: 45.155 to 45.175 at time-step 6. 

The computed average value of the attributes at that time-step is 5.7 and the region is 

shown in Figure 5.7 below. 

 

Figure 5.7. Output for a pre-defined boundary selection 
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5.5.5. Temporal Relationship Queries 

The implementation of this query is useful in trying to analyse the sequential ordering of 

events or the progress of change around some clearly delineated boundaries. This is 

achieved by selecting voxels that meet a given attribute value criteria within a defined 

time period. The query is then applied at different time-steps. In the implementation the 

procedure is manual and tedious but it can be used to analyse elements of concurrency 

and the temporal ordering of events. The query was applied to determine the voxels that 

had an attribute value of 20cm between time-steps 1 to 10 (Figure 5.8a) followed by a 

segmentation for those that had the same value at time-step 3 (Figure 5.8c) and time-step 

5(Figure 5.8b).  
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Figure 5.8. Sequential occurrence of events: (a) all voxels with snow depth 20 cm at 
any point between weeks 1-10, (b) voxels with snow depth 20 cm at week 
3, (c) voxels with snow depth of 20cm at week 5 

 
a) 

 
b) 

 
c) 
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5.6. Conclusion  

This study uses the geo-atom spatial data model in the representation of dynamic spatial 

process using four-dimensional data generated from voxel automata simulations and in 

order to postulate various spatiotemporal queries. The geo-atom spatial data model 

provides a means by which static and dynamic phenomena can be modeled and the ‘geo-

atom’ term is used in reference to a space-time primitive as a building block in describing 

the spatial entities and is a data model that can represent the multiple perspectives of 

geographic space. 

The voxel automata model is used to demonstrate the dynamics of a spatial phenomenon 

that is receding in its spatial coverage by modelling a simplified process of snow cover 

retreat. During the course of the simulation, the attribute values of the voxels are updated 

together with the time-step at which the change in value takes place. Specific queries 

related to the evolution of a process such as the rate of movement and the frequency of 

occupancy have been developed and demonstrated. 

This research study contributes to the advancement in knowledge in the field of 

GIScience about the conceptualization and representation of geographic data and 

processes by implementing a 4D spatial data model in the simulation of dynamic 

spatiotemporal phenomena. A computational geography approach provides a suitable 

medium for validating the proposed theory through the development of prototype 

implementations that can be further improved with real world data. 

The methods for representing spatial processes have implications for the design of 

spatiotemporal databases, the collection of geographic data and the development of new 

algorithms for space-time analysis. Further study in all these aspects is needed and this 

study serves to demonstrate the capability of the geo-atom spatial data model. For this 

reason, a useable GIS software interface has not designed and the queries presented are 

focused on just a few aspects of spatiotemporal analysis. GIS software being a numerical 

and graphic tool, the aspects of graphic design and presentation outside of the MATLAB 
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computing environment, need to be considered as well in order to have an independent 

4D GIS software product.  
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Chapter 6.  
 
Conclusion 

Geographic processes often behave like complex systems due to their nonlinear and 

unpredictable dynamics. Although they evolve in three-dimensional space over extended 

periods of time, their representation in a GIS is insufficient as the real world is often 

collapsed to a two-dimensional plane. In addition, the temporal dimension is modeled by 

organising an area’s spatial data as a series of snapshots each representing time along a 

temporal continuum. Moreover, geographic representation is often limited to either an 

object-based view of the world where space is modelled as a collection of geometric 

objects, or to a field-based view where space is conceptualised as a grid of uniform cells 

each having a unique attribute value representing the geographic theme at that location. 

Yet, with the nature of geographic complexity and the need to analyse it, the internal 

dynamics of some objects display field-like characteristics while some fields can be seen 

as containers of independent spatial objects.  

In this dissertation, a novel approach integrating voxel-based automata simulation and the 

geo-atom data model for four-dimensional modeling is implemented to simulate several 

spatial dynamic processes. The proposed suite of models represent a methodology well 

suited to modelling dynamic phenomena and thus represent a foundation for exploring 

further development of spatiotemporal analysis and visualisation of processes in four 

dimensions. It is also proposed that the implementation of the voxel-based tessellation of 

space and the geo-atom data model allows for the simultaneous modeling of the field and 

object perspectives on phenomena without transforming data formats. These concepts 

will assist with moving the field of GIScience towards a comprehensive representation 

and analysis of spatiotemporal processes in the four-dimensions of the space-time 
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continuum. In particular, the concepts of the geo-atom theory, which has been introduced 

in recent years, are used to explain how geographic entities can be represented and 

dynamic phenomena mimicked for four-dimensional analysis.   

6.1. Summary of Findings 

In Chapter 2, the voxel automata approach (cellular automata utilizing three-dimensional 

volumetric units) was proposed, designed and implemented to model dynamic spatial 

processes in the four dimensions of the space–time domain. The results indicate that the 

developed voxel automata model, just like cellular automata - their two-dimensional 

counterparts - are capable of generating three dimensional spatial patterns. Traditionally, 

the automata paradigm forces the central voxel in a neighborhood to change depending 

on the states of the other voxels in the neighborhood. This study proposed a relaxation of 

this classical formulation when simulating geographic processes with the aid of voxel 

automata. Simple deterministic rules were used to operate in a local neighborhood. The 

model is capable of qualitatively reproducing the processes that are typically modeled 

with differential equations or other non-spatial but stochastically-driven approaches. In 

addition, this study demonstrates that the use of deterministic transition rules designed 

intuitively using the non-totalistic approach are capable of generating dynamic behavior 

that is analogous to the propagation of spatiotemporal phenomena in real life. Showing 

the evolution of the phenomenon in the three spatial dimensions allows for examining the 

process from multiple perspectives and viewpoints not possible otherwise. The study 

further confirms that the use of different neighborhood configurations will result in 

different spatial patterns as other researchers have demonstrated for two-dimensional 

cellular automata. Topological queries were applied to the data that represents the three-

dimensional forms generated from the model simulation. 

Similarly, voxel automata were used in Chapter 3 to demonstrate the transport of airborne 

pollutant particles. The voxel automata draw on the elements of the geo-atom data model 

to record, for spatiotemporal analysis, the changes that occur in each of the voxels in the 
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system. This is particularly advantageous when modeling complex systems because it 

allows for further investigation of the attributes of the system’s components. Although, 

the model simplifies some of the elements related to the dynamics of particle spread, the 

results indicate that it is sensitive to the parameters that define rate of diffusion as well as 

the wind speed. The data generated from running the simulation are stored in a structure 

of a MATLAB matrix and can be investigated further for spatiotemporal analysis.  

In Chapter 4, the increasing interest in the indices that quantify the topographical aspects 

of the landscape is emphasised. The described indices are for the number of volumetric 

patches in a landscape. They provide measures for the volume, surface area, expected 

surface area (if the same number of voxels is compacted), fractal dimension and 

lacunarity for each volumetric patch. These indices provide the information necessary to 

determine the points at which a phenomenon merges or agglomerates and when particular 

volumes disappear and get formed. The indices presented in this chapter can be used to 

quantify geological formations and other volumetric phenomena in the landscape. In 

order to achieve this, it was necessary to represent the phenomena using the geo-atom 

data.  

In chapter 5, two proof-of-concept models that integrate the geo-atom concepts with the 

complex systems theory were been developed to represent the real world characterises. 

First, automata system was used to demonstrate the dynamics of a spatial phenomenon 

that is spreading as if by diffusion in 3D geographic space. The second model simulates 

spatial contraction to demonstrate a receding process such as the spatiotemporal change 

of snow cover. Although the dynamics of these processes are more complex they were 

used here in a reduced since form the objective was to demonstrate dynamic changes in a 

field-like geographic space. During the course of the simulation, the attribute values of 

the voxels are updated together with the time-step at which the change in value takes 

place. Specific queries related to the evolution of a process such as the rate of movement 

and the frequency of occupancy have been developed and demonstrated. 
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6.2. Perspectives on Further Research Work  

The methodologies explored in this study extend previous work in the field and provide a 

platform that can be used to simulate the evolution of spatial and geographic processes in 

the four dimensions of the space-time domain. The models developed provide a 

theoretical foundation for integrating voxel automata and the geo-atom theory. 

Nonetheless, integration of empirical data, with improvements in specification and 

testing, they could be used in the construction of ‘what-if’ scenarios that could be 

integrated within spatial decision support systems. However, future work needs to focus 

on applying the principles presented here to real-world situations by translating the voxel-

based automata approach into more real-world contexts. Unlike the subject area of 

geography, GIScience research is limited by the lack of widely accepted and well tested 

theoretical principles. The continued development and implementation of the geo-atom 

concepts helps to address this limitation by defining a comprehensive geospatial data 

model for geographic representation in GIS. For example, recent research efforts on 

applied spatiotemporal representation (Fang and Lu, 2011; Nyerges, et al., 2014; Torrens, 

2014) also provides a good basis for spatiotemporal investigation with the data model 

because there is a need for four-dimensional geospatial datasets that can be integrated in 

GIS settings.  

In a wider perspective, this dissertation demonstrated the potential and the merits of using 

the geo-atom data model, which is a unified field-object data model for four-dimensional 

geographic representation. However, a useable interface as would be expected of a GIS 

application interface was not developed and the queries presented are focused on selected 

aspects of spatiotemporal analysis and four-dimensional data encoding and storage. The 

development of a GIS software application that has both a numerical and graphical tool 

as well as the modules for data storage, retrieval and processing needs to be considered. 

Further integration with GIS will require an in-depth examination of how existing 

databases with geospatial data in the raster and vector format can be restructured to 

support the geo-atom model. This would make the development of a suite of fundamental 



 

154 

GIS analytical functions attractive and it would, in turn, make the adoption of the geo-

atom data model easier. 

In GIS modeling, it is necessary to discretize the geographic space and the temporal 

continuum in order to achieve effective spatiotemporal representation and to satisfy the 

need for efficiency in data storage and management. In this study, uniform cubic units, 

the simplest volumetric units with which space can be discretized are used to model 

dynamic phenomena. However, this presents challenges for the spatial resolution along 

the vertical axis where the geographical expanse tends to be much less than along the 

horizontal plane. Attention to the appropriate voxel dimensions needs consideration in 

further descriptions of voxel-based automata modelling.  

The process of developing a simulation model involves an examination of its behavior 

under various parameter settings and how its outputs compare to some other independent 

observations of the dynamic process. Normally, rigorous procedure for calibration, 

sensitivity analysis and validation would need to be applied. However, the prototype 

models developed in this dissertation have undergone nominal calibration procedures to 

ensure the model, qualitatively matches what would be expected in the real word. 

Without a comprehensive set of geospatial data validation, the validation and sensitivity 

analysis are not particularly relevant. Model testing procedures, the incorporation of real 

datasets as well as the handling of uncertainty outputs are beyond the scope of this 

research which focussed on the theoretical levels of simulation modeling four-

dimensional spatiotemporal processes and using hypothetical landscapes.  

6.3. Thesis Contribution to the Body of Knowledge 

This research contributes towards the previous efforts of GIS researchers who have been 

examining and proposing ways to handle geographic processes, spatial changes and 

movement for the last three decades. In GIScience, the methods for representing spatial 

processes have implications for the design of spatiotemporal databases, the collection of 
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geographic data and the development of new algorithms for space-time analysis. The 

study adds to the advancement in knowledge about the conceptualization and 

representation of geographic data and processes by demonstrating the use of a four-

dimensional voxel-based automata model in simulation of spatiotemporal phenomena. It 

is particularly focused on the application of the geo-atom data model, which is well 

suited for four-dimensional spatiotemporal representation and analysis. Currently, the 

prototypes described in the dissertation are among some of the first models using a 

unified object-field geospatial data model for complex four-dimensional simulation 

modelling. In addition, this data model allows for a three-dimensional representation of 

spatial entities as well as the querying of topological relationships. The topological 

relationships of adjacency, connectivity and containment of spatial objects are used as 

examples that can be generated from the geo-atom data model. Furthermore, the indices 

typically used to characterise a landscape such as three dimensional surface areas, 

volumetric measures for the phenomena, fractal dimension and lacunarity have been 

developed. In addition, spatiotemporal queries are also proposed which could help in 

making inferences about cause and effect in spatial dynamics.  

The work presented in this dissertation is of particular relevance in geospatial data 

management and the modeling of spatiotemporal processes in four dimensions. The 

contributions are of primary relevance to the development of geographic automata 

systems in the field of GIScience. Besides the applications in GIScience and geography, 

the proposed work can be applied to represent four-dimensional processes in the 

application areas of geomorphology, hydrology, climatology, environmental science and 

urban planning where spatiotemporal dynamics regularly occur and are investigated.  

References 

Fang, T. B., and Lu, Y. (2011). Constructing a near real-time space-time cube to depict 
urban ambient air pollution scenario. Transactions in GIS, 15 (5), 635-649. 

Nyerges, T., Roderick, M., Prager, S., Bennett, D., and Lam, N. (2014). Foundations of 
sustainability information representation theory: spatial–temporal dynamics of 



 

156 

sustainable systems. International Journal of Geographical Information Science, 
28 (5), 1165-1185. 

Torrens, P. M. (2014). High-resolution space–time processes for agents at the built–
human interface of urban earthquakes. International Journal of Geographical 
Information Science, 28 (5), 964-986. 

 

 



 

157 

Appendix A.  
 
Co-authorship Statement 

Chapter 2: Voxel-based Geographic Automata for the Simulation of Geospatial 
Processes 

Co-author: Suzana Dragićević 

Role of co-author: Manuscript preparation 

 

Chapter 3: Integrating GIS-Based Geo-Atom Theory and Voxel Automata to Simulate 
the Dispersal of Airborne Pollutants 

Co-author: Suzana Dragićević 

Role of co-author: Manuscript preparation 

 

Chapter 4: Spatial Indices For Measuring Three-Dimensional Patterns in Voxel-Based 
Space 

Co-author: Suzana Dragićević 

Role of co-author: Manuscript preparation 

 

Chapter 5: A Representation and Analysis of a Process' Spatiotemporal Dynamics Using 
a 4D Data Model 

Co-author: Suzana Dragićević 

Role of co-author: Manuscript preparation 

 

 


	Approval
	Abstract
	Dedication
	Acknowledgements
	Table of Contents
	List of Tables
	List of Figures
	Chapter 1.   Introduction
	1.1. General Introduction
	1.2. Geospatial Data Models
	1.2.1. Raster Data Model
	1.2.2. Vector Data Model
	1.2.3. Unified Models
	1.2.4. The Geo-Atom Data Model
	1.2.5. The Voxel-Based Data Model

	1.3. Representing Dynamic Spatial Phenomena in four dimensions
	1.3.1. An Overview of Temporal Dimensional Representation
	1.3.2. Complex System Theory for Three and Four-Dimensional Representations

	1.4. Spatiotemporal Queries
	1.5. Research Problem and Objectives
	1.6. Datasets and Software Tools
	1.7. Structure of the Thesis
	References

	Chapter 2.   Voxel-based Geographic Automata for the Simulation of Geospatial Processes0F
	2.1. Abstract
	2.2. Introduction
	2.3. Literature Overview
	2.4. Methods
	2.4.1. The Formalism for Voxel Automata
	2.4.2. Voxel Space
	2.4.3. The 3D Neighbourhood
	2.4.4. Voxel State
	2.4.5. Transition Rules
	2.4.6. Time-steps

	2.5. Simulation of Spatial Processes in 4D
	2.5.1. Binary Voxel Automata
	Sandpile Model
	Object Movement in Space
	Dispersal of Objects in Space
	Landslide Processes

	2.5.2. Multiclass Voxel Automata
	Advection with Multiple Classes
	Particle Segmentation with Multiple Classes


	2.6. Conclusions
	References

	Chapter 3.   Integrating GIS-Based Geo-Atom Theory and Voxel Automata to Simulate the Dispersal of Airborne Pollutants1F
	3.1. Abstract
	3.2. Introduction
	3.3. Theoretical Background
	3.3.1. Modelling the Space-Time Domain
	The Geo-Atom Structure for a 3D Voxel Automaton

	3.3.2. Simulating the Dispersal of Airborne Pollutants in 4D

	3.4. Methods
	3.5. Transport due to Particle Advection
	3.5.1. Transport due to Particle Diffusion
	3.5.2. The Elements of the 3D Voxel Automaton
	Transition Rules for Modeling the Dispersal of Pollutants

	3.5.3. Model Implementation

	3.6. Simulation Results and Discussion
	3.7. Conclusions
	References

	Chapter 4.   Spatial Indices for Measuring Three-Dimensional Patterns in Voxel-Based Space
	4.1. Abstract
	4.2. Introduction
	4.3. An Overview of Spatial Indices for 2D Space
	4.4. Methods
	4.4.1. Number of Bloxels
	4.4.2. Bloxel Surface Area
	4.4.3. Expected Surface Area
	4.4.4. Volume
	4.4.5. Fractal Dimension
	4.4.6. Lacunarity
	4.4.7. 3D Moran's I

	4.5. Implementation of the Spatial Indices for 3D Space
	4.5.1. Hypothetical Results
	Number of Bloxels
	Bloxel Surface Area
	Expected Surface Area
	Fractal Dimension
	Lacunarity

	4.5.2. Complexity of Static Phenomena
	4.5.3. Complexity of Dynamic Phenomena

	4.6. Conclusions
	References

	Chapter 5.   A Representation and Analysis of a Process' Spatiotemporal Dynamics Using a 4D Data Model
	5.1. Abstract
	5.2. Introduction
	5.3. Theoretical Background
	5.3.1. Two-Dimensional Representation of Geospatial Phenomena
	5.3.2. Four-dimensional Representation of Geospatial Phenomena

	5.4. Methods
	5.4.1. Conceptualization of Space and Time
	5.4.2. Spatiotemporal Queries
	Simple Spatiotemporal Queries
	Spatiotemporal Range Queries
	Spatiotemporal Behavior Queries
	Rate of Change
	Location Descriptor Queries

	Temporal Relationship Queries

	5.4.3. Case Study: A Model for Snow Cover Retreat

	5.5. Implementation and Results
	5.5.1. Queries for Snow Cover Retreat Model
	5.5.2. Simple Spatiotemporal Queries
	5.5.3. Spatiotemporal Range Queries
	5.5.4. Spatiotemporal Behavioral Queries
	Rate of Change Query
	Location Descriptor

	5.5.5. Temporal Relationship Queries

	5.6. Conclusion
	References

	Chapter 6.   Conclusion
	6.1. Summary of Findings
	6.2. Perspectives on Further Research Work
	6.3. Thesis Contribution to the Body of Knowledge
	References

	Appendix A.   Co-authorship Statement

