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Abstract 

System behaviours of juxtaposed landscape elements can be revealed by analysing 

compositional and configurational properties of a landscape. Traditional approaches to spatial 

analysis mainly entail the use of spatial statistics and classical spatial data structures to analyse 

the composition of a landscape. However, such analyses are unable to capture the essence of 

landscape configuration because spatial relationships are treated as end products, rather than 

means to an end. In this regard, landscape structure is not being appreciated appropriately in 

an empirical way. Since the basis of any analytical method is invariably tied to the form of the 

data, it is necessary to go beyond existing data structures and create new ways to ‘see’ the data. 

In this thesis, spatial relationships in the form of spatial topology are exploited to provide 

insights on the interactive properties of landscape elements through time and space.  

 
The introduction chapter of this thesis presents an overview of the history and heritage of 

GIScience that led to the current state of affairs in spatial analysis. It then outlines the rationale 

for analysis of landscape configuration based on a new approach to assessment of spatial 

topology. The next four chapters are written as publications. The first three papers document 

the methodology, using case study examples from the published literature. The fourth paper 

applies these new methods to a case study in Qinghai Province, western China. The papers are 

followed by a summary discussion chapter. 

 
The first paper (Chapter 2) outlines a new data structure based on graph theory. The Spatio-

Temporal Relational Graph (STRG) is created to record spatial phenomena through space and 

time. STRG has the advantage of being an extension of mainstream spatial data structures that 

can be easily applied to existing datasets. Graph edit distance and graph bridges were adapted 

to STRG from mathematical graph analysis. Analysis of the effectiveness of these procedures 

showed that relational changes between landscape elements play a big part in explaining 

landscape structure and dynamics. The results also showed the relevance of graph-based 

analytics to geographic theories. Based on these findings, graph edit distance was shown to 

provide a useful tool in monitoring and explaining spatio-temporal dynamics of landscapes.  

 
The second paper (Chapter 3) extends the toolset of graph analytics by introducing subgraph 

identification and analysis. Subgraphs are aggregated landscape elements that are topologically 

linked together. Analytical procedures in the form of regular equivalence are described and 

applied on the premise that topological relations play a part in explaining how elements are 

 
 



 

arranged on the landscape. The results show that similar subgraphs reoccur often, suggesting 

the existence of patterns and structures. Furthermore, certain subgraphs display traits that can 

be interpreted to represent ecological phenomena such as transition zones, succession level of 

vegetation, relative abundance, and land degradation. 

 
The third paper (Chapter 4) presents the use of statistical methods to assess the significance of 

subgraphs. By using odds ratios and standard statistical tests, this study identifies prominent 

subgraphs/patterns that define the structure of a landscape, reinforcing the findings from 

Chapter 3. In particular, the significance of particular ecological phenomena are demonstrated 

using combined interpretation of occurrence and statistical significance. This study also 

introduced synthetic scenarios of random and procedurally generated urban landscapes. While 

the random landscape did not produce significant patterns, the urban landscape provided 

patterns which are readily interpreted using the graph methods. 

 
The fourth paper (Chapter 5) is a case study which applies the suite of STRG and analytical 

methods to landscapes of the Qinghai-Tibetan Plateau. By combining results from spatial 

statistics and graph analytics through space and time, different landscape systems that 

characterise and act on the landscape are delineated. In line with landscape ecology theories, 

systems involving natural grassland system are found to be more dynamic than human tended 

agricultural systems. The combined use of graph analytics and spatial statistics is shown to 

create greater meaning than their individual use, enhancing prospects to meaningfully test 

landscape ecology concepts and principles relating to fragmentation and patch dynamics. In 

particular, spatial topology is used to provide evidence that perforation is the main degradation 

mechanism in one of the study areas.  

 
Findings from the thesis are summarised and related back to the international literature in the 

discussion chapter.  The combined use of graph-based tools and spatial statistics is considered 

to provide useful empirical evidence on the interacting components of landscape systems and 

their dynamics. Graph-based landscape analytics are shown to hold great promise as a tool that 

can help to unlock patterns hidden within data sets, making these patterns self-evident. It is 

contended that concepts such as graphs that originated from external fields of research are 

converging with GIScience to provide a new suite of analytical tools to assess spatial topology 

from the perspective of data structures themselves. Possible future directions for STRG and its 

associated analytics are outlined.
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1 Introduction - How landscape analysis is restricted by data structures 
and spatial statistics 

 

Spatial analysis, change detection, or any kind of landscape interpretation inevitably involves 

identification of patterns both conceptually and empirically. For this purpose, the idea of a 

“patch” has been invented to divide the landscape into distinctive areas of specific 

characteristics. This device allows humans and computers to better perceive the arrangements 

of entities on an abstracted landscape. 

The human brain is wired to be an expert system in recognizing patterns in the world to create 

greater meanings from arrangements of entities than their individual existence (Caine and 

Caine 1991). Although ways of constructing patches and recognising landscape patterns are 

conceptually limitless, transfer of these concepts into applications in computers is constrained 

by the means that data can be represented and interrogated. 

Similar to human learning, computers have to be “taught” how to see something, what they are 

seeing and how to process their vision. Pattern recognition, an integral part of computer vision, 

is a field of research dedicated to finding ways for computers to locate significant arrangements 

of entities from images and data. Often used in different scenarios such as fingerprinting 

(Hrechak and McHugh 1990), speech recognition (Rabiner 1989) or cryptography (Naor and 

Shamir 1995), pattern recognition also has spatial applications such as face detection (Viola 

and Jones 2004), medical imaging (Meyer-Baese and Schmid 2014) and optical character 

recognition (Mori et al. 1999). Geographers also recognize the importance of harnessing the 

power of computers to perform at a scale that is not process-able by human intuition 

(Hägerstrand 1967).  

In geography, the development of these techniques is constrained by established data 

structures. The data structures and associated analytical techniques used for spatial analysis 

often consider spatial entities to exist independently from each other, with spatial relationships 

as operations rather than facts (Worboys 1992), thus marginalizing the spatial relationality that 

geography promotes. Statistical techniques are often used by geographers to find patterns on a 

landscape consisting of non-interacting entities in terms of the distributional characters of the 

spatial entities. Without utilizing relational characteristics of the entities themselves, the use of 

statistical methods to describe and explain systems and processes paints an incomplete picture 

of the landscapes (Kupfer 2012). Landscape pattern recognition is arguably hindered because 
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geographers have not taught the computer to see the data from different perspectives and users 

settle for “sufficient” ways of landscape interpretation using spatial statistics. 

To move forward and enhance mechanisms that signify the importance of interactions amongst 

landscape elements, it is important for geographers to acknowledge that we have been ignoring 

important information, especially that regarding spatial relationships when landscapes are 

analysed. Fortunately there are ways that this information can be acquired from the raw data. 

If data structures and analysis are designed to capture this relational information from raw 

datasets and to put them to good use, then geographers could interpret landscapes from a new 

relational angle and perhaps reveal the interacting processes that drive the dynamics of the 

landscape. In turn these new knowledge frameworks may improve understanding of how 

different landscapes should be cared for. This overarching premise underlies the primary 

methodological contribution of this thesis. Before describing the specifics of this application, 

a brief overview of pattern analysis in geography and landscape ecology is outlined. 

 

1.1 Landscape patterns in geography and landscape ecology 
Research on landscape patterns began much earlier than the emergence of modern computers 

and GIScience. Traditional ecological research focused on the designation of spatially 

homogeneous landscapes, and associated implications for their internal processes and functions 

(Reynolds and Wu 1999). German geographer Carl Troll coined the term Landscape Ecology 

(Troll 1939) with the aim to explain variability of factors on landscapes by analysing 

interactions between landscape elements and processes. Similarly, botanists such as Watt (1947) 

assessed the distribution and interaction of plants utilizing concepts such as discrete patches 

(Watt called them communities) on the landscape, albeit on a very small scale. Rowe (1961) 

viewed the concept of spatial objects as a set of structurally joined parts. Although his thoughts 

predate computational landscape analysis, he realized the important ingredients for such 

analysis where objects’ mutual relations, position in space, development through time, ties of 

class, establishment of viewpoints (snapshots), examination of chorology and acknowledgment 

of regional and total structures. The research focus of Watt and others has now emerged as 

branch of landscape ecology focusing on landscape metrics, the measurement of composition 

and configuration of a landscape (Lausch and Herzog 2002). These research approaches view 

landscape systems from a horizontal perspective where spatial distribution of ecological 

entities and their interactions are explored and analysed. The field of GIScience also explored 
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the importance of structures or systems constructed from interacting spatial entities (Rocchini 

and Ricotta 2007), albeit with a different thematic context. Whereas landscape ecology focuses 

on the existence of habitats and movement of species, GIScience mainly concerns the existence 

of different landcover/landuse, their distribution and also interactions. The convergence of 

concepts of landscape ecology and GIScience allows us to bring together the two research 

fields and to use their combined strength to further the understanding of landscape structures. 

 

1.2 Patches – the building blocks of a conceptual and analytical landscape 
Before discussing how landscape structures can be analysed, it is necessary to first understand 

what the landscape is composed of. Basic principles of analytical landscape ecology and also 

geography assume the existence of spatial heterogeneity on a given landscape (Pickett and 

Cadenasso 1995). The definition for the term spatial heterogeneity is broad (Reynolds and Wu 

1999), but one coherent theme is that it concerns complexity and variability of the landscape 

in terms of the different types of ecological entities on a landscape and how their relative 

positions affect each other. 

In order to put this idea into a framework, landscape ecologists invented the concept of 

“landscape patches” which they consider as “the basic landscape element of human perceived 

landscapes” (Forman and Gordon 1981). Analytically speaking, a patch is an area where all 

locations within itself share similar characteristics. Examples include; a patch of farmland or a 

patch of lake, such that every location on a landscape belongs to certain patch. There are also 

cases where the coverage area and boundary of a patch do not exist in geographical reality (e.g. 

administrative boundary and habitats) (Smith 1995). Elsewhere the concept of a patch is used 

as a way for humans to interpret landscapes as systems (Couclelis 1992).  

Through the process of assigning locations to patches, an abstracted and segmented landscape 

that is conceptually and analytically feasible is generated consisting of patches of different 

characteristics or land types. The resultant patch-based segmented landscape is called a 

landscape mosaic. A landscape mosaic with many patch types and a considerable number of 

patches exhibits strong spatial heterogeneity. Ecology considers landscape mosaic, or the 

mosaic of patches, to exist at all scales (Meentemeyer 1989). Furthermore, patches at a macro 

scale are usually aggregations of micro scale patches that build the characteristics of the macro 

patch, thus constructing a hierarchical structure of a landscape (Zhang et al. 2013). The types 

of patches and their definition on a landscape differ depending on the scale at which interested 
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phenomena operate. A given patch has implicit ecological processes within itself and explicit 

interaction processes with neighbouring patches at any scales (Forman 1995). The dynamics 

of patches are driven not only by the patches’ intrinsic attributes, but also by neighbouring 

patches and sometimes those beyond. The arrangement of landscape elements on a landscape 

is often dynamic, such that patches and their associated patterns evolve over time through a 

process called “patch dynamics”. This resonates with Tobler’s first law of geography which 

states that “everything is related to everything else, but near things are more related than distant 

things” (Tobler 1970, p. 234). Approached from this angle, landscape structure can also be 

viewed as a web of interacting systems. Recurring arrangements of patches in a mosaic, else 

called landscape patterns, are results of individual or multiple influential processes occurring 

both inside and between patches at a large scale across the landscape. These configurations, 

and the processes that built them, are considered to be hallmarks of a landscape (Urban et al. 

1987).  

While analysing landscape through the patch paradigm is a plausible concept, an analytical 

platform is required to make such exercises feasible. With the wealthy set of tools and 

established data structures, GISystems provide a solid base to set up such analytical landscapes 

and to perform analyses of landscape dynamics. However, as shown in the following sections, 

there are limitations in analysing the composition and configuration of landscapes by using 

GISystems in their current form.  

 

1.3 Landscape Composition and Configuration 
Direct assessment of structure and system dynamics on an actual landscape is difficult due to 

the complexity involved. By abstracting the landscape into assemblages of patches, complexity 

is reduced to a conceptually and analytically manageable level. The analytical concept in 

landscape ecology for such abstracted landscape is known as landscape metrics (McGarigal 

2013). Landscape metrics address composition and configuration of landscape elements 

(patches) from a mathematical and statistical angle. 

Landscape composition and landscape configuration are different but interrelated approaches 

in interpreting landscapes. Landscape composition takes an aggregated approach where the 

relative abundance of patches of different classes on a landscape and their geometric statistics 

are summarized to give a description of the ingredients of a landscape. Gustafson (1998) further 

divides compositional analysis into two components: richness and evenness, where richness 
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refers to the number of classes and patches on a landscape, and evenness refers to the 

distribution of these classes and patches. Statistics such as number of patches in a class, mean 

area of patches, total area covered by a class and so forth are calculated in efforts to define the 

characteristics of a landscape (McGarigal and Marks 1995). These values are used to project 

the amount of possible habitats on a landscape, or whether a supposed composition can sustain 

a species (Rodewald and Yahner 2001, Guerry and Hunter 2002). From the perspective of 

geography, the composition of land types provides information on structural facts of a 

landscape, but the structures themselves are left alone rather than being examined. Although 

compositional statistics are calculated from spatial datasets, they are not spatially explicit. In 

other words, the location of patches, their interrelationships and the effects of these 

relationships cannot be deciphered from these results. Furthermore, a lot of widely used spatial 

statistics are “layer-centric”, where values of a metric from different land types in a study area 

are not related to each other.  

To learn about the structure and patterns on a landscape, it is necessary to examine landscape 

configurations. Configurational analysis concerns the spatial relationships between patches and 

between land types. It determines the patterns of species distribution and their movement across 

a landscape, which in turn defines the ecological functionality of these species on the landscape 

(Pickett and Cadenasso 1995). Translating it into geographical terms, the interaction of species 

and elements of the landscape is the trigger for an evolving landscape.  

 

1.4 Characteristics, analytical capability and limitation of mainstream data 
structures 

1.4.1 Data models began with graphics models 

The earliest geographic applications on computers took the form of “Automated Cartography” 

and concerned the storage and rendering of geospatial information (Tobler 1959). These 

computerised cartography applications were also some of the earliest projects of computer 

graphics, which itself was undergoing development in the 1950s mainly for military purposes 

(Clark and Cloud  2000). In these earlier days two types of on-screen rendering hardware 

existed: Vector displays and raster displays. While both utilized cathode ray tubes (CRT) to 

render graphics on screen, they “scan” across the screen differently.  

Vector display draws the screen with an electron beam, following geometries of objects (Sherr 

1970). The working principle is much like drawing shapes on paper with a pencil: your pencil 
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can move freely in any direction, but it is difficult to fill in the shapes. It was used mainly on 

oscilloscopes and radar displays due to its high refresh and contrast rates. Max Dieckmann and 

Gustav Glage (1906) first pioneered a technique called “Raster Scanning” (which was proposed 

by Maurice Leblanc in 1880). Raster displays, whether CRT or later LCD, partition the screen 

with grids of small rectangular phosphorous covered cells called “pixels”. The individual pixels 

are being “shot at” and lit up sequentially row by row from top to bottom. Images are rendered 

by combining scanning speed, slow decay of brightness on each cell and latency of human 

vision. Unlike vector display, raster display is able to display not only wireframe geometries 

but also surface fills. Current display technologies such as LCD and plasma no longer utilize 

raster scanning, but the name “Raster” is retained for computer graphics which rely on dot-

matrix structure on a tessellation of pixels.  

Owing to the increasing complexity of rendered objects (including surface fills) on raster 

displays, vector displays were rarely used by the 1980s apart from specialized applications. 

Bounded by the design of these two on-screen rendering mediums, computer graphics 

developed around vector and raster models. Application of computerised cartography and 

subsequently the development of spatial data models were also heavily influenced by this 

design. Vector graphics still exist after the proliferation of raster displays, but the representation 

of vector graphics on raster requires decomposition of their geometry back to pixel form using 

rasterization algorithms such as one pioneered by Bresenham (1962). 

 

1.4.2 Object-Field data models 

Coincidentally these two types of graphics models are also highly applicable as spatial data 

model used to render aspects of geographic phenomena. Goodchild (1992) outlined two 

different views of geographic reality as represented in spatial databases: A Field-view consists 

of regions and segments constructed from infinite sets of tuples approximated to usable scales 

according to application, and an Object-view where independent objects occupy space in the 

planes. Couclelis (1992) summarised the two hypotheses in a philosophical manner; in the 

object-view, things exist in time and space which have attributes, whereas in the field-view, 

clusters of known attributes that aggregate in the spatio-temporal domain are themselves the 

“things”.  

Researchers of GIScience seldom contemplate the philosophical question whether these 

“things” exist in the real world or only in our brain, instead they are interested in how things 
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are best represented on computers assuming their existence (Galton 2003, Smith and Mark 

1998). Approaching the challenge from this angle, both views consider real geographic space 

(geographical reality) as continuous, such that it has to be segmented if humans or computers 

are to interpret it (Goodchild 1992, Galton 2001). The fundamental difference between the two 

ontologies lies in how they segment space. Their characteristics are well studied and 

documented (Peuquet 1984, Couclelis 1992, Jones 1997, Molenaar 1998). The Field-view 

ontology segments space by tessellating it to regular units, then it assigns attributes to all units 

in the given space. Identification of a certain geographic phenomena is done by observing the 

spatial distribution of attributes. Examples of attributes suiting the field-view ontology include 

elevation models, temperature maps and population concentration. In other words, phenomena 

that vary continuously through space. The Object-view ontology perceives geography as a 

composition of discrete objects. It segments space by delineating areas where specific attributes 

are satisfied with geographic coordinates. Examples of objects suiting the object-view ontology 

include administrative boundaries (area/polygon), roads, rivers (both are lines) and specific 

point of interests (points). Evidently, these two views correspond non-exclusively to raster 

(Field-view) and vector data (Object-view) models from the computer graphics era. 

Despite clear technical relations between spatial data models and computer graphics, additional 

development occurred in spatial sciences with the aim of capturing phenomena with 

characteristics from both views. For example, Yuan (1997) suggested that human 

conceptualization of wildfire associates both object and field characteristics. From a more 

technical perspective, Winter (1998) mentioned cartographers’ usage of contour lines to 

perceive elevation, using an object (vector) ontology to describe a raster (field) based parameter. 

Molenaar (1998) also explained how the object and field views can be combined. It is arguable 

that image classification, an integral part of remote sensing, also captures the characteristics 

from both views: Pixels of a remote sensed image are assigned class identifiers based on their 

attributes (usually spectral or textural quality). Contiguous pixels with the same quality form 

patches (Molenaar 1998, p. 32). Within reasonable assumptions (Fisher 1997), these patches 

have similar qualities to vector-based object as they have definite boundary and occupancy of 

an area (Worboys 1995, Molenaar 1998). However the geometry of these raster objects and 

their accuracy is dependent on cell resolution rather than geometry as in vector objects. 

There are also efforts to combine the characteristics of both perspectives to extract extra 

information from the landscape or to optimize use of analytical methods from both perspectives. 
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Galton (2004) provides a summary of the state-of-art of Object-Field models, while Winter 

(1998) provides an upgraded hybrid raster data model. 

The differences between vectors and rasters notwithstanding, maps are routinely produced 

using data from both data models concurrently. Furthermore, a lot of concepts and analytical 

procedures can be initiated in either data model. Patches, as defined in GIScience, can exist in 

either field or object view. The object-view model defines entities in space by constructing the 

landscape using the three geometric object types: point (0-D), line (1-D) and polygon (2-D). 

The types are hierarchical, in that areas are constructed from lines and lines from points. In this 

framing, patches take the form of polygons bounded by lines. The use of object-view patches 

are usually thematic by nature (administrative boundaries is a good example), and patches of 

different themes or classes are stored into different layers (see below). Regions not occupied 

by any patch are blank areas where we suppose nothing exists. Patches constructed in remote 

sensing studies are mostly results of image classification process based on spectral (Yuan et al. 

2005) and textural (Haralick 1979) information. GISystems takes individual cells from an 

image and determine its class. Patches in this framing are spatially contiguous classified cells 

of the same class. Patches created this way are by nature space exhaustive (Yuan 2001), 

wherein all locations on a landscape have to belong to a patch of certain class, leaving no blank 

space. Depending on context, the nature of these patches can be biotic like the ones in landscape 

ecology, or they can be abiotic such as elements of urban landscape. 

 

1.4.3 Heritage from Cartography 

Putting aside the division in the ways that landscape entities are depicted using different data 

model/structures, the way that these data are assembled to create an end product in a typical 

Geographic Information System (GISystem) environment is relatively coherent. GISystems, 

which started with a focus on visualizing geospatial information on computer screens, have a 

strong conceptual connection with cartography (Goodchild 2010). Beginning from the 

construction of datasets to the finalization of a map product, every stage of map production 

undertaken using a modern GISystem has an equivalent step in traditional map making 

processes. One particularly noticeable influence of cartographic processes on the workflow of 

a GISystem is map reproduction. Map reproduction concerns the planning of the process to 

make multiple copies of maps. Before the invention of printing, a map was generally drawn in 

its entirety on a single piece of paper or other medium. Duplicate maps were painstakingly 

produced by copyists who replicated each inking by hand. The preparation for reproduction 
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was nothing more than having sufficient ink and patience. With the invention of printing, 

production and reproduction of written material including maps changed fundamentally (Cook 

2002). 

Printing techniques such as screen printing divide printing of different colours into 

combinations of layers. A layer usually consists of elements with identical or similar colour. 

Each layer consists of a film sheet where unmasked areas define where ink of certain colour 

will go. Sometimes a stacked layer comprised of different colours is required to produce the 

desired colour in the end product. Due to the relationship between colour usage and 

cartographic designs on a map, especially for thematic maps, elements with the same colour 

are members of the same representation class (Robinson 1963). For example, rivers are blue 

and urban areas are pink. Such different classes of entities are placed in different layers. As a 

result, map making is no longer about drawing everything on a same sheet of paper if map 

reproduction needs to be considered. Instead, the art of placing spatial phenomena into different 

layers became mainstream among cartographers. The invention of printing techniques such as 

screen printing changed map making fundamentally, transforming the entire process of map 

making to accommodate the layered map concept. 

Moving forward in time, GISystems, despite being more technologically evolved, inherited the 

layered concept from map reproduction techniques. Entities of different classes are stored in 

different files, which are conveniently named “layers”. Layers in GISystems (referred to here 

as “data layers”) share a lot of similarities with their previous incarnation. Each layer represents 

a different type of map element. Often each layer has its own distinctive symbology, a synonym 

for division of colours into different films. Also, a stack of data layers is usually required to 

construct a map. 

 

1.4.4 Problems that emerged as a result of conventional cartographic heritage 

Arguably, visualization of information was the most focussed area in the development in 

GIScience and GISystems during their inception phase. Thus it is understandable that the afore 

mentioned data structures were called “Cartographic Data Structure” (Theobald 2001).  After 

all, even if spatial analysis is important, one must first construct a map on a computer before 

anything else is possible. The converging prospects of cartographic and spatial analytical 

frameworks, however, caused inconvenience to the development of spatial analytical methods 

(Goodchild and Haining 2004). 
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Maps, the product of cartography, depict the relationships among entities on a landscape, their 

boundaries, area coverage and classifications. Reading a map is an exercise of realizing the 

relationships between elements. This exercise is intuitive to humans through the ability to 

recognize patterns through intuition or accumulated experience (Sauer 1956). The main issue 

with spatial analysis, which can be seen as computerised landscape pattern recognition, is that 

a computer does not read a map or geospatial information in the same way that humans do. 

Unlike human intuition in recognizing associations, computers recognize patterns, be it the 

distribution of species on a landscape, the number of faces on a photograph or the monthly 

spending patterns of a university student, by processing data using a variety of algorithms 

(Miller and Han 2009). 

The form of a data structure defines how it can be most efficiently interrogated. The data-driven 

approach adopted by GIScience means that the suitability of the data structure and the quality 

of the data are vital in order to generate meaningful recognition. Misinterpretation occurs if the 

data structure is simply not designed for the job or the quality of the data components are not 

satisfactory. In the context of a patchy landscape, patches from a cartographic-oriented dataset 

are designed to show where spatial phenomena are and the space they occupy, while a layer-

centric view means more often than not these data are thematically separated into different non-

interacting layers. This approach of recording spatial phenomena marginalizes the spatial 

relationships at patch and class level, thus providing an incomplete basis for pattern analysis. 

Under this framing, landscape patterns can only be analysed using non-relational methods 

described through spatial statistics (see following sections). Arguably, the development of 

landscape structure analysis is hindered because these procedures are designed around the most 

popular data structures without questioning their suitability nor their possible utilities. 

Suitable solutions do exist, but the legacy from a cartographic layer-centric era, including data 

compatibility and familiarity has hindered developers and users from reaching further. Users 

of such datasets may take it for granted that it is just the way analytical landscapes are. To 

overcome this issue and to be able to comprehensively assess landscape patterns, we must 

rethink what vital components have been missing from our established workflow procedures, 

considering how they can be improved by remodelling the data structures, analytical methods 

and final interpretation.   
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1.5 Delineating patterns from traditional data lattices with spatial statistics 
Landscape patterns take many forms, and there are just as many methods to identify and assess 

them. With the extensive adaptation of layer-centric raster and vector data structures where a 

patch-based paradigm is the workhorse of regional geographic information visualization, 

spatial analytics had also been developed around this paradigm. Under the umbrella of spatial 

statistics, methods of landscape metrics, spatial autocorrelation, join-counts and spatial 

regression interrogate the landscape from different perspectives in effort to find non-

randomness in spatial data. 

One of the most popular way to assess patch characteristics is through the use of landscape 

metrics. Measuring landscape metrics using spatial statistics involves “algorithms that quantify 

specific spatial characteristics of patches, classes of patches, or entire landscape mosaics.” 

(McGarigal 2014) By providing aggregative characteristics of populations of patches, spatial 

statistics based on the principles of landscape metrics provide descriptions of a landscape by 

abstracting its various characteristics into  numerical indices. Characteristics of the patches 

such as their abundance, shapes and size, together with their arrangements on the landscape 

define the level of spatial heterogeneity, fragmentation and hence landscape structure. This 

approach has contributed significantly to spatial analysis research ranging from analysis of 

plant and animal communities (Clark and Evans 1954, Skellam 1953) to urban phenomena 

(Duncan 1957, Palmer 2004, Schmid 1960). Although spatial statistics became established long 

before the emergence of GIScience, its prominence in the computational era mainly relates to 

its compatibility with the aforementioned data structures. With the standardization of data 

structures, popular landscape metrics package such as FRAGSTATS (McGarigal and Marks 

1995) could encapsulate calculation of multiple indices in an accessible, centralized manner. 

FRAGSTATS, or the individual indices it contains, uses a raster-based patch paradigm to 

represent a spatial heterogeneous landscape consisting of different land types. Apart from basic 

patch statistics mentioned previously, the package also provides indices that dissect the 

composition of the landscapes by looking at the diversity of species or level of fragmentation 

of habitats on the landscape. For example Shannon’s diversity index measures the diversity of 

species/land types in terms of their relative abundance on the landscape. Edge density index 

measures the complexity of the interfaces between different patch types and Interspersion 

Juxtaposition index evaluates the evenness of these interfaces.  

Scientifically speaking, FRAGSTATS did not break any new ground (Kupfer 2012), but 

logistically it accelerated the adaptation of landscape interpretation by landscape metrics 
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otherwise not achievable. Its popularity is not without drawbacks. Inexperienced practitioners 

who are attracted to the simplicity of producing indices often treat these outputs as the end 

result, neglecting the importance of interpreting the data carefully (Blaschke 1999).  

Landscape patterns can also be revealed by analysing spatial autocorrelation between 

entities/patches on a landscape. Spatial autocorrelation concerns the clustering of spatial 

phenomena and their attributes.  Ecologists first quantified spatial autocorrelation in datasets 

using statistical significance tests to demonstrate their suitability as a fair dataset (Legendre 

1993). Since then, this technique saw greater application in representing localized landscape 

patterns. Classic spatial autocorrelation indices such as Moran’s I (Moran 1950) and Geary’s c 

(Geary 1954) measure the degree which entities in proximity and in distance are related by 

“detecting the extent of geographical clustering in attribute values” (Can 2007). 

Autocorrelation exists if similar (positive autocorrelation) or dissimilar (negative 

autocorrelation) values are highly clustered in the spatial domain. In effect, spatial 

autocorrelation is a quantification and visualization of spatial dependency, assessing whether 

Tobler’s First Law of Geography is in action on a given landscape. The adaptability of these 

indices to different data structures (rasters and vectors) and data models (points and areas) 

(Anselin et al. 2006) means that the range of application is very wide (Goovaerts and Jacquez 

2006, Cutter and Finch 2008, Zhang et al. 2008). 

Apart from extracting patterns of spatial autocorrelation/dependency using proximity 

relationships, spatial statistics can also be assessed through neighbourhood relationships for 

areal data. Join-count is a method which examines spatial autocorrelation by monitoring 

occurrences of pairs of patches/regions that share a boundary (Fortin 1999). It entails 

performance of a statistical test on the occurrence of pair types. Statistical significance of a pair 

type is achieved if its observed occurrence is significantly different from the expected 

occurrence. Patterns emerge if a landscape contains a single or multiple significant pair types 

of neighbouring patches. Due to the nature of this method which requires clearly defined 

boundaries, join-count is suitable for categorical data such as land types but is not suitable for 

field variables (Fortin 1999). 

Spatial regression is yet another spatial statistics method for assessing landscape patterns 

Regression works by testing the strength of relationship between a phenomenon and other 

factor(s). For example, the property price (phenomenon) are often tied with average house size 
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and average household income (factors) of different locations on a landscape (Basu and 

Thibodeau 1998). 

One problem with regression models is that they consider relationships to be consistent across 

the landscape and that occurrences of a phenomenon can always be explained using the same 

factors. A single run of the regression model defines the relational characteristics of the 

landscape. This assumption is rarely valid for a geographical landscape since both the 

phenomena under observation and their associated factors often exhibit spatial non-stationarity 

(Fotheringham et al. 1996). In other words, it is very possible that different observations of a 

phenomenon have different relationships with the factors, depending on where the observations 

are made. Spatially-oriented regression model such as Geographically-Weighted Regression 

(GWR) (Brunsdon et al. 1998) takes care of the problem by conducting regression at each of 

observed location and consider only other observation in proximity to be influential to that 

particular regression.  

 

1.6 Problems with spatial statistics 
Relationships and patterns take many forms, some of which are difficult to conceptualize and 

quantify. Spatial statistics sidesteps this issue by treating the distribution of landscape entities 

as a proxy for pattern assessment. As Skellam (1953) stated “It is universally realized by 

ecologists that the frequency distribution of the number of individuals of a particular species 

per quadrat is the natural outcome of the spatial arrangement of those individuals”. This quote 

encapsulates the characteristics and drawbacks of measuring landscape metrics using spatial 

statistics. The aim of spatial statistics, be it for the purpose of evaluating landscape composition 

or configuration, is to summarize these phenomena within a study area. The advantage of this 

method is the simplification of analysis and interpretation. Combined with contextual 

knowledge, these results often satisfy the need of researchers. However, its potential drawback 

cannot be neglected. While descriptive statistics are useful, their use in configuration 

assessment is far less common than compositional assessment (Kupfer 2012). 

Spatial statistics provides aggregate characteristics of populations of patches, meaning that 

properties of individual patches are marginalized for the purpose of easier interpretation. This 

poses a few problems. Firstly, individual patches do not have stories of their own, as their 

characteristics are often generalized. Secondly, some indices are more suitable to this framing 

than others. For example compositional information such as number of patches, their sizes and 

18 
 



 

shapes within a class can easily be summarized. But other indices may fare badly if their results 

do not concern the patch’s internal quality (as in their size and shape), but rather they reflect 

multiple different external entities that could not be easily summarized into a scaled index (such 

as spatial relationships with other patches). The usage of Edge Density and Interspersion 

Juxtaposition Index are attempts to capture and summarize spatial relationships into single 

values via lengths of patch boundaries and the number of other classes they are connected to. 

However the trade-off is that they do not address specific details such as what classes they are 

connected to. Instead of representing connectivity between landscape elements, these indices 

can only be read as the relative possibility that connectivity happens. Landscape structure 

cannot be represented properly by these indices (Lausch and Herzog 2002). 

These excessively abstracted singular value indices also make it difficult to take into account 

local geographic variations and changes (Lausch and Herzog 2002). Marginalization of local 

landscape characteristics imposed by this approach means that the results of these supposedly 

configurational indices more resemble compositional statistics than configurational attributes. 

Spatial dependency methods such as join-counts, Moran’s I and Geary’s c could also produce 

unrepresentative results if “the nature and extent of spatial autocorrelation varies significantly 

over the (remote sensing) image” (Wulder and Boots 1998). Although GWR is “more spatial” 

than other forms of spatial statistics in that it explains local variability, it examines only one 

type of phenomenon with other phenomena at a time. As a result, the capability to examine 

more complex patterns involving interactions of multiple phenomena is restricted. Unwin 

(1996) recognized these issues and discussed using local statistics to reveal patterns that 

otherwise masked by global statistics.  

Furthermore, the aforementioned spatial statistical methods focus only on the spatial domain 

and do not consider time as an integral component. The tracking of changes through time 

involves comparison of results from different time snapshots. Individual components of the 

landscape and their interactions with each other through time provide valuable information on 

the evolving structure of a landscape. Yet there is no mechanism to capture trajectories of 

individual spatial phenomena which are vital to the understanding of landscape system 

dynamics. With these properties, it is fair to refer to spatial statistical methods as atemporal, 

always concerning only the “present time” (Manning et al. 2004) and treating the continuum 

of time as discontinuous. 
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Thus in GIS frameworks which aim to track “where”, “what” and “when” of phenomena 

(Peuquet 1984), spatial statistics are only able to partially capture these attributes. In other 

words, we know that two study areas might have the same land types, they might have similar 

patch geometries and that each land type shares approximately the same amount of boundaries 

with other land types. What we do not know is where the patches are located within the study 

area, what land types are more likely to be neighbours, whether the geometries of patches affect 

their distribution, nor do we know whether there are more complex pattern on the landscape. 

These traits that cannot be captured using spatial statistics are decisive if we want to properly 

assess landscape configuration. 

In summary, the aim of spatial statistics is to prove the existence of spatial relationships and 

patterns as an end product. In a way, the drawbacks outlined here defeat the intended purpose 

of spatial statistics in this application since landscape configuration, a main component of 

landscape metrics, cannot be properly represented. A conceptual and analytical gap exists 

between using spatial statistics to interpret “patterns” and our capacity to actually identify “real” 

spatial patterns. Since landscape configuration concerns the juxtaposition of elements, 

associated analytical methods ought to be spatial by nature. In order to further the 

understanding of the landscape, it is necessary to hypothesise these spatial relationships as a 

factor for further analysis, rather than treating their existence as an end result. The geometric 

form of such patterns and configurations in landscapes is a good source of information in 

examining processes that govern the development of entities and their spatio-temporal 

relationships (Bunge 1966, Whyte 1968, King 1969).  

It is therefore necessary to harness relational information analytically to further our 

understanding of landscape dynamics. 

 

1.7 Topologically enabled data structure and analytical techniques 

1.7.1 Spatial Topology 

Topology is a branch of mathematics which concerns the study of connectivity (Rosenfeld 

1979). The mathematical problem “Seven Bridges of Königsberg” is a classic example in 

which the problem of travelling all seven bridges without reusing any of them was solved using 

topological relationships and graph theory. Although spatial topology is built-in to any spatial 

dataset, its existence and analysis is usually implicit and is often not represented in data 

structures nor utilized in spatial analysis. 
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Spatial topology is one type of spatial relationship among others, such as proximity and 

directional relationships (Jones 1997). McDonnell and Kemp (1995) defined topology in GIS 

as “relative relationships between spatial elements… including adjacency, connectivity and 

containment”. It is also useful in temporal GIS where spatial operations can be used to assess 

similarities and differences between time and space (Langran and Chrisman 1988). Spatial 

topology as a data structure concerns neighbourhood relationships of spatial entities and their 

operations. Topology has various usages in spatial data models and structures. Winter (1995 

p.310) said “The analysis of topological relations may reduce the burden of geometric 

computations. Sometimes they are solely sufficient, and no further geometric analysis is needed. 

Therefore, topology should be taken into consideration in spatial data modelling.” Topology 

not only provides relational information between entities from which researchers could explore 

meanings, it also offers computer scientists a stage to optimize storage, search and retrieval of 

spatial information. A diverse range of spatial topology topics has been documented including 

formal notions (Frank and Kuhn 1986, Egenhofer et al. 1989, 1992, 1994 and Randell et al. 

1992), compatibility of topology with mathematical theories (Kainz et al. 1993), compression 

of digital imagery (Rosenfeld 1970), usage in databases (Ingram and Phillips 1987, Cui et al. 

1993, Shirabe (2005), and description of relativity between entities using topology (Hernandez 

1991). 

 

1.7.2 Topology into current data structures 

The explicit focus on spatial relationships means that spatial topology opens a new door for 

landscape pattern analysis. Efforts have been made to harness the power of topology in spatial 

application (de Almeidaabd et al. 2013, Theobald 2001, Winter and Frank 2000). Researchers 

have considered the extraction of topological properties from existing vector and raster data to 

create topologically enabled datasets. Similar to the disparities in definition of patches, spatial 

topology also differs between objects and fields (Egenhofer and Sharma 1993, Winter and 

Frank 2000). Spatial topology of vector objects generally follows the principle of point sets on 

2D space (Egenhofer and Franzosa 1991, Winter and Frank 2000) where the full 9-Intersection 

model (Egenhofer et al. 1994) applies. Vector objects have clear distinctions of boundaries and 

area, and thus could afford to perform incidence and inclusion with one another. 

Topology of raster patches is more restricted and is based on the adjacency relationship of cells. 

Two cells of the same type sharing a boundary can be considered to be in the same patch, while 
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cells of different types sharing a boundary are considered to be in different patches. Since a 

raster framing is essentially a 2-D tessellation, each unit or pixel can only accommodate a 

single attribute. As a result, raster objects can only afford incidence operations on the same 

plane, but not inclusion.  

Despite being acknowledged as significant piece of work (Goodchild 1977, 1992, Peucker and 

Chrisman 1975, Reed 1999), topological data structures (TDS) have remained in relative 

obscurity while cartographic data structures (CDS) is at the mainstream core of GIS 

applications (Theobald 2001). This reflects various factors. The classic concern with TDS was 

the computing power needed to cater for the performance of rendering and complexity of 

storage (Theobald 2001). Nowadays computing power is no longer the main concern. However, 

in the meantime, spatial analytics has been occupied by CDS and its associated methods.  

There are attempts to integrate topology by introducing new data structures (Peucker and 

Chrisman 1975), making it a standard (ESRI coverages) or improving existing structures 

(Winter 1995). Despite such developments, the user base and the development of TDS is 

relatively minor. A few speculations have been postulated regarding the slow uptake. First is 

the prominence of proximity-based spatial statistics as mentioned in previous sections. 

Analysis of proximal relationships using spatial statistics on CDS datasets provides insights on 

the distribution and characteristics of landscape patches without requiring the users to reprocess 

existing data (Reed 1999). The amount of information provided by proximal relationship 

analysis is often sufficient for many users and applications. Secondly, analytical methods based 

on TDS and their interpretation methods are less established or known (Theobald 2001). The 

complex workflow for TDS means that it might not be worthwhile to many users. 

However, other opportunities have emerged for spatial topology analysis. Available computing 

power allows topological relations of entities to be calculated dynamically as needed from CDS, 

without noticeable degradation of performance (Theobald 2001). Thus data can be prepared as 

usual in the form of CDS, and users can consider topological analysis as an expansion to the 

current set of spatial analytical tools like spatial statistics. This is important since it means TDS 

style results can be obtained without ground-up complex reprocessing of existing data and 

spatial topology analysis can be applied easily even to old CDS datasets. 

Modern spatially enabled database packages such as PostGIS and Spatialite can operate on 

CDS datasets, generate topology and perform analyses dynamically, rendering the elaborate 
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storage of topological relationships unnecessary. Another approach is graph databases, which 

use nodes, edges, attributes to store data (Angles and Gutierrez 2005).  As a part of this thesis, 

Cheung et al. (2015) showed that graphs can be applied onto existing datasets to perform 

similar analyses. 

With the proper logistics in place, it is also necessary to think about how spatial topology can 

be interrogated for landscape analysis. Some tools from network analysis (Barthélemy 2011, 

Newman 2010, Wasserman and Faust 1994) can be adapted into a spatial framing without much 

difficulty, but whether they are useful in the landscape context is yet to be explored. 

 

1.8 Questions addressed in this thesis 
In light of the issues with current data structures and their associated analytical methods defined, 

it is deemed necessary to promote the importance of spatial relationships, to develop toolkits 

to appraise configurational attributes more effectively, and to utilize such framings to assist 

efforts to characterize the landscape beyond the information provided by established methods. 

This thesis endeavours to further our capability to analyse landscape configurations using 

spatial temporal graphs and adapted graph analytics. The main aims are as follows: 

- Examine how spatial topology can be an extension to existing data structures and 

use it to illustrate the connected nature of landscape elements both in time and space. 

- Examine if patterns with geographical meanings can be identified and interpreted 

from spatial topology between landscape elements in an effort to assess landscape 

configurations directly. 

- Examine the opportunity to locate statistically significant spatial topology patterns 

on landscapes and assess if they are also significant in the context of geography 

and/or landscape ecology.  

- Examine how to explain patterns, systems and processes on a landscape using the 

combined power of spatial statistics and spatial topology. 

 

1.9 Structure of this thesis 
This thesis began with this introduction chapter which has described the state of art for data 

structures in landscape analysis. The proceeding four chapters are comprised of three 

methodology papers, each of which tackles the respective challenges mentioned in the previous 
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section and their solutions, and a case study paper which applies the combined knowledge and 

methods of the first three papers to the landscapes of Qinghai Province in China. The thesis is 

wrapped up with a final chapter which discusses how the graph-based data structure allows 

better appreciation of landscape configurations and patterns than the methods that came before 

it. The layout of the thesis is as follows: 

Chapter One: Introduction – How landscape analysis is restricted by the data structures 

and spatial statistics. 

Chapter Two: Graph-assisted landscape monitoring 

Chapter Three: Graph patterns on connected landscapes 

Chapter Four: Assessing components of topological landscape structure using odds 

ratio 

Chapter Five:  Landscape structure and dynamics on the Qinghai-Tibetan Plateau 

Chapter Six: Discussion – The merits of graph-based data structure as a tool to 

appreciate the interrelated nature of spatial entities
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Online) 

Alan Kwok Lun Cheung1, David O’Sullivan2, Gary Brierley1 
1School of Environment, The University of Auckland, New Zealand 

2Department of Geography, University of California, Berkeley 

The structure of computational spatial analysis has mostly built on data lattices 

inherited from cartography, where visualization of information takes priority over 

analysis. In these framings, spatial relationships cannot easily be encoded into 

traditional data lattices. This hinders spatial analysis that emphasizes how 

interactions among spatial entities reflect mutual inter-relationships. This paper 

explores how graph theoretic principles can support spatio-temporal analysis by 

enabling assessment of spatial and temporal relationships in landscape monitoring. 

Keywords: spatio-temporal data modelling; spatial data mining; land use land 

cover change; spatial analysis; visualization 

2.1 Introduction 

Tobler’s First Law of Geography states that “everything is related to everything else, but 

near things are more related than distant things.” (Tobler 1970 p. 1) Although Tobler 

focused on economics and migration flows, the first law also resonates in physical 

geography (Phillips 2004), geomorphology (Phillips 2009, von Elverfeldt 2012) and 

biogeography (Bjorholm et al. 2008). Indeed, such thinking provides a key analytical 

framing in geographic information science (e.g.  Klippel et al. 2011). Landscape 

ecologists have recognized for a long time that patterns of structural attributes and spatial 

heterogeneity exert critical controls upon process interactions (e.g. Forman 1981, Forman 

and Godron 1981, Rowe 1961, Turner et al. 2001, Watt, 1947). This reflects landscape 

composition—the variety and character of entities in an area, and landscape 

configuration—how the entities are arranged (Fahrig 2005). A significant body of work 

outlines how relational attributes impact upon landscape (dis)connectivity, in turn 

fashioning the operation of process relationships across an array of spatial and temporal 

scales (e.g. Rowe 1961, Pickett and Cadenasso 1995, Brierley et al. 2006, Fryirs et al. 
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2007, Bracken et al. 2014). Dependent upon timescales of analysis, some parts of systems 

are essentially ‘set’, while others readily adjust, so that pattern can influence process-

form interactions, potentially reconfiguring the system itself. Recent thinking on 

complexity, contingency and emergence emphasizes the primacy of place-based system-

specific interactions, recognizing that the operation of a system as a whole is greater than 

the sum of its component parts (Harrison 2001, Holt and Bowers 1999, Phillips 2007, 

Ryan et al. 2007, Brierley et al. 2013). Although applications in geographic information 

science provide significant support in quantifying large scale spatial patterns and process 

interactions, relational information and analyses are a relatively underexplored 

component of mainstream GIS despite its importance (Kupfer 2012).  

Current GIS and remote sensing represent landscape with two main types of data 

structures: a field view in raster data, and a feature view in vector data (Goodchild 1992, 

1994). Both structures developed when static visualization of spatial information took 

priority. Although spatial relationships in forms of proximity and topology are embedded 

in these structures, this information is often not utilized. More process-oriented 

approaches necessitate the inclusion of spatial relationships to operate effectively 

(Takeyama and Couclelis 1997). 

It is difficult to describe, let alone analyse landscape configuration without due regard to 

spatial relationships in the data structure. As Turner (1988, p. 41) suggests, the analysis 

of landscape change is “not strictly Markovian” because “the state of any given cell is not 

simply a function of its current state but is influenced by surrounding cells”. Working 

with traditional GIS data structures, spatial statistics such as FRAGSTATS (McGarigal 

and Marks 1995) and landscape metrics (Neel et al. 2004) summarize statistically the 

distribution of phenomena in a landscape. Quantitative description of spatial patterns 

often employs accumulative statistics to describe spatial phenomena, providing only an 

incomplete view of landscapes (Kupfer 2012), omitting relationships between pattern and 

process (Li and Wu 2004). Hence, these approaches potentially underplay the importance 

of spatial structure of landscape assemblages, limiting our capacity to appraise 

fundamental controls on changing relationships over time.  

In change detection applications, cell-by-cell monitoring is often restricted to description 

of changes rather than process based analysis. As such, these approaches are unable to 

document the role/imprint of patterns, and their evolving characteristics. Arguably, 
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computational landscape connectivity research had been hindered because data structures 

fail to capture these relational aspects. Here we argue that with suitable object-based 

extension to the patch-mosaic paradigm data models (vector and raster), these data 

models have considerable potential for further development and use. 

Object-based approaches treats spatial phenomena as organic/dynamic entities. 

Landscape entities can take the form of polygons from a vector dataset, or aggregated 

groups of similar pixels from a raster dataset. They have sets of attributes that depend on 

the context of study and data availability. For example, risk management applications 

would include attributes such as landcover, soil type and runoff statistics, while urban 

morphology would include landuse, population density and economic statistics. Entities 

can often be classified based on unique qualities in their attributes. They are dynamic in 

nature and change through time, moulded by their surroundings at the same time as they 

mould the surroundings. As such, a necessary criterion of landscape entities analysis is 

that it must perform across not only the spatial domain, but also the temporal domain. 

Building on spatio-temporal models by researchers such as Del Mondo et al. (2010) and 

Stell et al. (2011), here we propose a data structure that threads together landscape entities 

through time and space using a mathematical graph.  

This study has four objectives: 1) to establish neighbourhood graphs for individual 

snapshots of a landscape; 2) to track landscape entities through time; 3) to record all 

relationship information with other landscape attributes in a unified graph data structure; 

and 4) to conduct change analysis based on both relational and attribute changes. The 

paper starts by covering basics of graph theory and the mathematical considerations 

needed to implement spatiotemporal landscape graphs. There follows a section on 

implementation of spatial temporal graphs from raster datasets in Matlab and its 

challenges. The analysis section covers adaptation of two graph methods for 

spatiotemporal graphs, presentation of the results and their interpretation. The paper 

closes by discussing possible enhancements to this data model and its associated tools. 

 

2.2 Graph theory 

Graphs are mathematical structures used to model pairwise relations between objects. 

Graph theory has been utilized in many fields such as linguistics (Widdows and Dorow 
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2002), chemistry (Bonchev 1991), circuit analysis and logistics optimization (Bondy and 

Murty 1976). It has also been used to represent spatial systems (Rugg 1979, Kansky 

1963). In geography, network analysis was deployed long before substantial computing 

power was available (Haggett and Chorley 1969). Despite limited attention in the earlier 

years of GIS, it has shown promising results for representing structural properties of 

landscapes (Barr and Barnsley 1997, de Almeida et al. 2013, Fall et al. 2007, O’Sullivan 

2014), landscape connectivity (Minor and Urban 2008) and ecological fluxes (Urban and 

Keitt 2001, McRae et al. 2008). Gaucherel et al. (2012) used graph theory to represent 

interacting patchy landscapes. Thibaud et al. (2013) encoded time into spatial graphs to 

monitor the structural movements of marine sand dunes. Pascual-Hortel et al. (2006, p1-

2) noted that “graph structures have been shown to be a powerful and effective way of 

both representing the landscape pattern and performing complex analysis regarding 

landscape connectivity”, demonstrating the viability of landscape graphs as a data 

structure for more substantive analysis. Similarly, Kupfer (2012) noted that landscape 

graphs can bridge the gap between structure and function, while also acknowledging that 

calculation and interpretation of results may be challenging. 

 

2.3 Basics of Landscape Graph Structure 

Principles of graph theory are covered in many textbooks. Here we refer to Harju (2011) 

for definitions and terminologies. A graph is composed of two sets: the nodes (or vertices) 

denoted V, and edges (or links) E, where each edge connects a pair of nodes if there are 

interactions between them (Harju 2011). The graph is written as G(V, E). The difference 

between landscape graphs and pure mathematical graphs is that the nodes are associated 

with specific spatial entities in a landscape.  In our graphs, each node represents a patch 

of a particular type of land use or land cover. A set of nodes that represent all patches on 

a landscape G is written as: 

 

𝑉𝑉(𝐺𝐺) = {𝑣𝑣1, 𝑣𝑣2, … , 𝑣𝑣𝑛𝑛} 

 

The edges represent neighbourhood relations between the patches (nodes), and are 

represented as: 
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𝐸𝐸(𝐺𝐺) = {𝑢𝑢𝑎𝑎𝑣𝑣𝑎𝑎, 𝑢𝑢𝑏𝑏𝑣𝑣𝑏𝑏 , … ,𝑢𝑢𝑛𝑛𝑣𝑣𝑛𝑛} 

 

where each pair uv denotes a connection between two nodes in V(G). The resultant graphs 

are shown in Figure 2.1. 

 

 

Figure 2.1: Snapshots and their representation with graphs 
 

In this way a graph can represent a snapshot of the landscape at a particular time.  A 

sequence of such snapshot graphs can be threaded together into a single spatiotemporal 

landscape graph showing trajectories and interactions of patches over time (see Figure 

2.2). To represent the temporal relationships of nodes, we use the following notation: 

 

𝐸𝐸�𝐺𝐺(𝜏𝜏1),𝐺𝐺(𝜏𝜏2)� = {𝑣𝑣𝑎𝑎(𝜏𝜏1)𝑣𝑣𝑎𝑎(𝜏𝜏2),𝑣𝑣𝑏𝑏(𝜏𝜏1)𝑣𝑣𝑏𝑏(𝜏𝜏2), … , 𝑣𝑣𝑛𝑛(𝜏𝜏1)𝑣𝑣𝑛𝑛(𝜏𝜏2)} 

 

where 𝐺𝐺(𝜏𝜏1),𝐺𝐺(𝜏𝜏2) are landscape graphs at different times, and temporal relationships 

between the graphs are edges that link corresponding nodes between time snapshots.  

Through time, patches change, move, are born and die. As such, determining the 

correspondence between nodes in consecutive snapshots is not always trivial (see section 

2.4.2). 
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Figure 2.2: Patch landscape and their graph representations 

 

This graph based data structure encapsulates spatial, temporal and relational properties in 

an abstract representation of the landscape. Spatial and temporal resolution is entirely 

dependent upon the context of study and the availability of datasets. A study on landcover 

change in remote regions might require lower spatial and temporal resolution given the 

limited amount of change, whereas urban morphology monitoring requires high 

resolution data for both spatial and temporal domains due to the compactness of urban 

structures, and their rapid rate of change. An advantage of this structure is that spatial 

entities are linked spatially and temporally, without any loss of information. It is also 

possible to attach a variety of attributes to the nodes and edges in a graph as needed to 

further characterise the landscape. The graph form allows us to apply graph analysis 

methods to interrogate landscape relationships without much difficulty (see section 2.4.4).  

 

2.4 Implementation 
This paper uses graph-based data structure and its associated analytical methods to 

demonstrate how topological relationships can be brought into mainstream spatial 

thinking. Graph-based data structure itself can be implemented with various 

programming languages and also relational database systems. Matlab was chosen as the 

development platform due to suitable developing environment and availability of 

mathematical tools. Although Matlab structural array is not the fastest solution, attributes 

and spatial locations can be threaded together with minimal customization (MathWorks 
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2013). Large scale analysis will best be implemented with customized applications and 

relational data base systems with optimized transaction rate. 

 

Two pre-classified temporal land-cover datasets from Great Bay, New Hampshire have 

been used for demonstration purposes. These images were acquired from the Coastal 

Change Analysis Program (NOAA C-CAP 1995-present). The NOAA C-CAP project 

uses Landsat Thematic Mapper imagery for land-cover classification (scheme shown in 

Table 2.1) at 30 metres resolution. Our analysis is based on the patchy landscape mosaics 

built from these classes. The time span for the Great Bay data set is 7 years (1986 to 1993). 

For the purpose of clarity, the demonstration area is restricted to a 5 x 5 km region. The 

method can easily be scaled up to accommodate larger areas. The chosen area contains a 

variety of natural landcover along with human-influenced landscapes and human-induced 

fragmentation.  

 

Figure 2.3: Construction of spatial graphs from classified imagery 
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2.4.1 Objective 1: Establishment of Neighbourhood Graphs 

In graph theoretic applications, topological neighbours of nodes are connected by edges 

(Harju 2011). In the case of landscape graphs, patches are connected if they share a 

boundary with a patch of another type. Since the images are already classified, 

segmentation of patches requires only identification of all contiguous cells of the same 

type. During the segmentation process, unique node IDs are given to each patch. 

Landcover/landuse type (Type) and real centroids (X_cen and Y_cen) of a particular 

patch, together with their spatial neighbours (Connectivity) are recorded. Neighbourhood 

graphs are constructed using centroids as nodes, and connectivity (Connectivity) as the 

edges. To ensure no information is lost when transforming from classified imagery into 

data structure, the locations of each individual grid cell of every patch are also retained. 

This segmentation process is repeated to all classified images in a time series (Figure 2.3). 

It is apparent that the landscape of the study area is not homogenous and patches are not 

distributed regularly.  More detailed analysis of the landscape is presented in later sections 

 

Index Class Reference cell X Reference cell Y 
149.6850 Deciduous Forest 138 42 
122.9050 Mixed Forest 137 111 
47.2590 Evergreen Forest 16 36 
113.4090 Scrub / Shrub 5 40 
81.8720 Palustrine Forested Wetland 5 46 
150.9380 Palustrine Scrub / Shrub 3 42 
112.9650 Palustrine Emergent Wetland 24 42 
218.0250 Grassland / Herbaceous 12 39 
225.9300 Bareland 27 60 
262.6500 Developed, High Density 27 61 
134.5540 Developed, Medium Density 34 56 
19.8720 Open Water 33 63 
60.4350 Cultivated Crops 163 142 

Table 2.1: NOAA C-CAP Classification Scheme (extraction) 

 

2.4.2 Objective 2: Entity Tracking 

As noted, significant loss of information occurs if spatial analysis is conducted as if cells 

in the images are unrelated. Entities in the form of patches can be used to represent a 

higher level component of a landscape by incorporating relational information from their 

cells and more. To monitor their changes, it is necessary to track these entities through 

time. Tracking of entities is already an established topic in computer vision, particularly 
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in video processing research (Lee 2006).  

 

Here we employ a simple tracking method. Each patch from 𝜏𝜏1 is compared with all 

patches that intersect its footprint in 𝜏𝜏2. If an intersected patch in 𝜏𝜏2 is the same type as 

in 𝜏𝜏1, and shares more than 90% commonality in geometric area with each other, then the 

two patches are view to be temporally connected. A sensitivity analysis was conducted to 

evaluate the optimal overlapping geometric area, and 90% was selected to minimize 

incorrect tracking while taking into account small changes that could happen on 

individual patches. More advanced methods such as optical flow can also be used (Yilmaz 

et al. 2006).  

 

The Node ID of the tracked patch in 𝜏𝜏1 is then recorded in the patch of 𝜏𝜏2 as “Parents”, 

while Node ID of the patch in 𝜏𝜏2 is recorded in the 𝜏𝜏1 patch as “Children” (Figure 2.5). 

Multiple assignments are possible where a patch has multiple parents or children, 

representing assimilation or fragmentation of patches respectively (Figure 2.6). Using 

structural arrays, tracked patches from different time snapshots are threaded into 

trajectories with edges showing their ‘temporal connectivity’, effectively their persistence, 

through time. 
 

 

Figure 2.4: Resultant 
"Spatial-Temporal-
Relational Graph" 

 

Figure 2.5: Tracking of a 
patch-based entity 

 

Figure 2.6: Example of 
multiple assignment of 

"Parents" 

Figure 4 is a graphical representation of the outcome of entity tracking in our study area 

between 1986 and 1993. Graphs of the two time snapshots are shown in dark edges, while 

the tracked patches are linked together temporally by lighter edges. 
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2.4.3 Objective 3: Unified Data Structure 

Figure 2.7 illustrates how space, time and topology are threaded together. The resultant 

data structure is as shown in Figure 2.4. 

 

Figure 2.7: Unification of Space and Topology in data structure 

 

Node_ID A unique ID for a patch in a given snapshot 
X_cen The X coordinate of the centroid of a patch 
Y_cen The Y coordinate of the centroid of a patch 
Type The landcover/landuse type of a patch 
Connectivity Node_IDs of all neighbourhood patches 
Cells XY coordinates of cells occupied by a patch 
Patch_size Number of cells occupied by a patch 
Parents Node_IDs of patch(s) from the previous snapshot that 

    
Children Node_IDs of patch(s) from the next snapshot that 

     Table 2.2: Attributes of the landscape entities 
 

Attributes implemented in this base version of a spatio-temporal-relational graph are 

summarised in Table 2.2. In this paper, we concentrate on morphology of patch relations 

and thus edges have no attributes, but serve as indicators of neighbourhood (or temporal) 

relationships. 

 

2.4.4 Objective 4: Harvesting information from data structure 

The advantage of graph-based data structure is that rich sets of graph analysis tools can 

be adapted and used. Two popular graph analytical tools had been adapted for landscape 

analysis. 
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2.4.4.1 Graph Edit Distance 
Detecting change is an important aspect of landscape monitoring. Here we demonstrate 

what and where relational changes occurred between patches. From a graph theoretic 

perspective, components of inexact graph matching provide information on what change 

has occurred and where it occurred. Graph Edit Distance (GED) is a measure of similarity 

between graphs (Conte et al. 2004) and is the basis for inexact graph matching (Ferrer 

2012). The concept of GED is to document changes in the structure of a graph in terms 

of the number of nodes and edges added or removed to change it into another graph. The 

cost, or editing distance for changing one graph into another, and the spatial distribution 

of the cost, gives an indication of how much a landscape has changed through time, as 

well as what changes occurred and where (Sanfeliu and Fu 1983).  

 

Gao et al. (2010) provide a summary of concepts and different algorithms for computing 

GED. We are especially interested in the evolving relationships of patches that persist 

through time, as defined in previous steps. Accordingly, we deploy the “edit distance 

based” method, where we record node-wise connectivity change through time, with the 

addition or removal of nodes and edges contributing to overall GED. A simple example 

is shown in Figure 8. 

 

 

Figure 2.8: Basic GED calculation 

 

Given two distinct graphs G1 and G2 (Figure 2.8), the cost of the editing operation d(G1,G2) 

to convert G1 into G2 is defined by: 
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𝑑𝑑(𝐺𝐺1,𝐺𝐺2) = min
(𝑒𝑒𝑒𝑒1,…,𝑒𝑒𝑒𝑒𝑘𝑘)∈℘(𝐺𝐺1 ,𝐺𝐺2)

�𝑐𝑐(𝑒𝑒𝑑𝑑𝑖𝑖)
𝑘𝑘

𝑖𝑖=1

 

 

Where ℘(𝐺𝐺1,𝐺𝐺2) denotes the set of edit paths that transform G1 into G2 and c(ed) denotes 

the cost of an edit operation ed (adopted from Gao et al. 2010). In this particular operation 

the removal of node vD, and of edge vBvD, and the addition of node vE, and of edge vCvE 

are evident. If the cost of each edit operation is considered equivalent and equal to 1, then 

the total edit distance d(G1, G2) is 4.  GED in its basic form assumes static nodes. This 

does not provide a direct fit for the problem under investigation, as our entities’ locations, 

sizes and shapes change through time. To cope with movements of nodes between 

landscape graphs, two conceptual issues must be resolved: 

1. Which node in each snapshot maps onto which node in consecutive snapshots? 

This was resolved in the previous section using simple entity tracking algorithms.  

2. How to deal with multiple assignments of parents and/or children?  For example, 

if a patch splits into three equal sized patches, it is unclear which of the three was 

the original patch. It is impossible to differentiate between the trunk and its 

branches, so to speak. 

To address point 2, two GED calculation procedures are derived to accommodate different 

scenarios, and users can choose whichever suits their application better. 

 

Figure 2.9 presents an example: node va in τ1 splits into vb, vc and vd in τ2. The first 

calculation option is to remove va and all its edges ({vav1, vav2, vav3, vav4}) in τ1. This 

results in a removal GED of 5 (one node and four edges). va’s children: vb, vc and vd are 

added in τ2. These nodes inherit the connections of the parent node to v1, v2, v3, v4 ({vbv1, 

vbv2, vbv3, vcv3, vdv4, vdv5}), so that the addition GED is 9 (three nodes and six edges to the 

other nodes). This approach yields a total GED of 14.  Another option is to treat the 

children nodes in τ2 as a single unit, that is to treat {va} ≡ {vb, vc, vd}. By treating this unit 

as one, edges in τ1 ({vav1, vav2, vav3, vav4}) ≡ edges in τ2 ({vbv1, vbv2, vbv3, vcv3, vdv4, vdv5}), 

because connecting to {va} is the same as connecting to {vb, vc, vd}. Thus the only changes 

in this case are the addition of node v5 and of edge vdv5. Using this method, the removal 

GED is zero, addition GED is two, yielding a total GED of two. 
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Figure 2.9: Segregation/Aggregation of Patches 

 

There are pros and cons for both methods. The first method records all changes, however 

minor.  The drawback is that multiple fragmentation of a large patch might dominate other 

smaller changes. The second method dilutes the importance of patch splitting and merging, 

but may allow us to see changes at a larger scale. We call the method that documents all 

changes “Complete”, and the other “Consolidated” because it consolidates segregated 

patches in each snapshot. 

 

Figure 10 shows locations of GED overlaid on results obtained by image differentiation 

of the 1986 dataset from 1993 dataset. The differences are readily apparent. The Complete 

method records far greater changes then the Consolidated method both for additions and 

removals as expected.  
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Figure 2.10: Comparison between Complete and Consolidated methods 

 

In Figure 2.11 we can see a concentration of graph edits at Point 1 for both methods. The 

location is occupied by the largest patch of Deciduous Forest in the study area. This patch 

split into 30 pieces (30 children) in 1993. Given the much greater size of this patch over 

other patches in the area and the share of GED (17% of total GED) it accounts for, its 

concentration of GED dominates the figure for the Complete method, obscuring other 

patterns. Since the Consolidated method does not record the ‘re-connection’ of edges 

between children of a common parent, therefore lesser GED patterns at other locations 

are more apparent.  
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Figure 2.11: Contour plots on concentration of GED 
 

As mentioned, there is no absolute advantage of one method over the other. For the 

purpose of visualization clarity, we have adopted the Consolidated method in the 

remaining sections of this paper. 

 

Conceptual issues aside, there is also one technicality regarding scalability of such 

calculations. Calculation of GED is a NP-Hard problem. It means that results can only be 

acquired through iterations of every possible combination. It also signifies that 

requirements on computation power and computer memory stack up as the dataset 

becomes larger. This version of GED is adapted to avoid full iterations through a few 

means. Firstly, object tracking provides us with a more workable dataset by pre-encoding 

parents and children. Object tracking is non-NP Hard, and therefore can be calculated 

efficiently. Secondly, these pre-encoded records can be retrieved directly. Nodes and their 

associated edges that are known to have no parent or child can be discarded from 

calculation since their involvement in GED is already known. Thirdly, this adaptation of 

GED seeks changes in the graph by retrieving parent/child records from the data structure 

instead of calculating transformation dynamically. This helps to minimize computation 

power and memory requirement. With these modifications, the data structure described 

in this paper is scalable to larger datasets without inducing exponentially increasing 

process time. 

 

Apart from visualizing aggregation of relational changes, GED can also produce useful 

results regarding frequencies of relational changes. In the study area, the numbers of 
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births and deaths of patches are relatively even (448 born, 460 died). 1856 edges were 

removed due to changing neighbourhoods and death of patches, while 1958 edges were 

added (GED results are presented in Appendix B).  

 

As shown in Figure 2.10, 2.11 and 2.12, it is possible to visualize GED spatially. Figure 

2.12 visualize distribution of GED using concentric circles centred on centroids. Larger 

circles imply larger GED. This approach enhances visibility of a greater range of patterns. 

In order to show how many changes occurred at a location and map GED concentrations, 

it is necessary to convert two dimensional edges to one dimensional points. In this paper, 

changes are aggregated at the node which caused the change to happen. For example, 

aggregation of edge removals due to the death of a patch will be assigned to the centroid 

of the dead patch, not to the patch at the other end. For edge changes that do not involve 

birth or death of nodes, the aggregation is assigned to the centroid of the smaller patch, 

indicating volatility of smaller patches. 

 

 

Figure 2.12: Distribution of GED by concentric circles 
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Figure 2.13: Matching change locations between change detection and GED 
distribution 

 

 

Figure 2.14: Change of relations from 1986 to 1993 
 

Figure 2.13 compares documented changes detected using traditional methods (left) and 

using GED (right). Change detection on the left was completed by cell-by-cell image 

differentiation between the 1986 and 1993 datasets. If a cell remained the same in the 

period, then the colour is white. Other colours indicate that a change occurred. In this 

example, most patches of changes detected by cell-by-cell analysis were also detected by 

GED. An important fact that one has to keep in mind is that concentration of GED at 

various locations guarantees only change of relations, but not necessarily changes of 

landcover/landuse. The two plots on the left hand side of Figure 2.14 show a subset of 

the landscape and their respective graphs in 1986 and 1993. The plot on the right is the 

result from image differentiation, and the changes of nodes and edges.  
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These figures show that spatial distribution of changes in nodes and edges is strongly 

influenced by a few large, dominating patches. In Figure 2.10, although edges converge 

to Point 1, 2 and 3, no removal or addition of nodes occurred at these locations. These 

three areas of deciduous forest are the largest patches of any type in the study area, 

covering 31.2% of the entire study area. The sheer number of connections they bear to 

lose and gain without fragmentation indicates that inertia of these patches is high, making 

them resilient to external influences (Westman 1978). 

 

Interesting patterns reveal themselves if we compare numbers of removals and additions 

in the areas around Points 4, 5, 6 and 7 in Figure 14. At Point 4, there are many more 

additions of new nodes than removals. This is due to the emergence of many small 

scattered patches of Scrubs/Shrubs and Grassland/Herbaceous in Deciduous Forest (i.e., 

landscape fragmentation).  Areas around Points 5 and 6 show high loss of nodes due to 

expansion of a Scrub/Shrub patch (from 0.057 sq. km in 1986 to 0.092 sq. km in 1993), 

consuming many fully enclosed single cells of Deciduous Forest or Mixed Forest. This 

results in a reduction of land cover diversity (i.e., landscape aggregation). It is an 

indication of logging in the study area (MacLean and Congalton, 2010). Point 6 is similar 

to Point 5, but the dominant patch type is Grassland/Herbaceous (from 0.029 sq km in 

1986 to 0.077 sq. km in 1993) which consumed isolated patches of Mixed and Evergreen 

Forest.  The area around Point 7 is interesting because it underwent many removals and 

additions of both nodes and edges. This area was occupied by a combination of Deciduous 

Forest, Mixed Forest and Evergreen Forest in 1986, but by 1993 is covered by 

Grassland/Herbaceous, Scrub/Shrub, Bareland and Developed, High Density area. This 

is an indicator of to urban expansion. 

  

A summary of GED changes by neighbourhood types is collated in Appendix B. It is 

possible to assess neighbourhood vulnerability by considering the Ratio column. For most 

types of GED, either removal or addition is dominant. This suggests that certain land 

types could trigger acute responses by neighbouring land types. For example, 44 edges 

were added between Developed, Medium Density patches and Developed, High Density 

patches, while none were removed. Referring to Appendix A, both developed land types 

gained area from other land types. This suggests that the developed area types tend to 

locate next to each other, and are relatively unaffected by other land types. Assessment 
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of the urban ecological footprint is critical to land change assessment (Lambin et al. 2001). 

Urbanization of vegetated land types is shown by the transformation of urban-rural 

linkages. Graph structure is the best candidate for such assessment due to its networked 

nature. 

 

This example suggests that GED is a useful tool to determine quantitative relationship 

changes within landscapes in using patch based temporal tracking. It also demonstrates 

that landscape patterns can be identified by examining changes and non-changes on the 

landscape. Numerically it tells us what type of patches and neighbourhood relationships 

are volatile and where they are located. This is important because spatial heterogeneity 

is caused by terrain dissimilarities that affect each other. However visualization of GED 

can be problematic because an individual patch with high connectivity that has 

fragmented severely between time snapshots may produce very large fluctuations in 

GED. This may render some lesser patterns invisible when shown on a contour plot. 

One potential solution to minimize the fluctuation effect is to visualize the GED of 

different pair types on different plots, thereby preserving smaller but not necessarily less 

important patterns. 

 

2.4.4.2 Graph Bridges 
A bridge is defined as an edge in a graph whose removal would increase the number of 

components in the graph (Bollobás 1998), where a component is a set of intraconnected 

nodes and edges that are not connected to other components in 𝐺𝐺. Given an edge in a 

graph 𝑒𝑒 ∈ 𝐺𝐺, if 𝐺𝐺 − 𝑒𝑒 has more connected components than 𝐺𝐺 (𝑐𝑐(𝐺𝐺 − 𝑒𝑒) > 𝑐𝑐(𝐺𝐺)), then 

𝑒𝑒 is a bridge (Figure 2.15).  An alternative definition of a bridge is that it is an edge not 

contained in any cycles (Harju 2011). To identify graph bridges the linear time algorithm 

described by Tarjan (1974) was applied, where spanning trees of 𝐺𝐺  are located, and 

traversed using depth-first search. Details of the algorithm are set out in (Tarjan 1974). 
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Figure 2.15: Graph Bridge Explained 

 

For landscape graphs, a bridge defines a boundary interface that could potentially 

disconnect a landscape unit or assemblage from the rest of the landscape were it to be 

removed. Due to the nature of patch-mosaic landscape graphs, multiple graph 

components do not arise. Nonetheless, bridges on landscape graphs allow identification 

of near autonomous entity sets. Here we demonstrate how neighbourhood compatibility 

of land types can be evaluated by examining formation and change of bridges. Figure 

2.16 shows an example of graph bridges in the New Hampshire land use data set. The 

lighter coloured nodes represent patches that died or were born through time, while darker 

nodes and edges represent graph bridges that persisted from 1986 to 1993. 
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Figure 2.16: Persisting Bridges 

 

In total, 337 bridges were found in the 1986 dataset. It was found that one end of all 

bridges always has only a sole neighbor. There are only two possible topologies on a 

patchy mosaic landscape that lead to this result: 

1) The single connected patch is a smaller patch fully enclosed by a larger patch. 

2) The single connected patch is part of a larger patch located near the image 

boundary and is connected to more neighbours, but due to the cutting of the 

study area, the part within the image has only one neighbour. 

Most bridges in this example are of the first type, where a patch is completely isolated by 

a larger patch. In this case the largest patch in the study area is responsible for enclosing 

many small patches. The same analysis performed for the 1993 dataset yielded similar 

results.  

 

To further investigate the stability of such configurations, different types of bridges were 

monitored over time (see Appendix C). A procedure was developed to compute whether 

a bridge persists through time using the graph cycle detection. This entails two steps. The 

first is bridge detection, described above, where all bridges in each snapshot are detected. 

Then “temporal cycle detection” is utilized to determine whether a bridge in τ1 has a 

counterpart in τ2.  If two of the spatial edges in a cycle are bridges, and are connected by 
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temporal edges, then the bridge persisted from one snapshot to the other (see Figure 2.17). 

 

 

Figure 2.17: Finding Persisting Bridges 

 

Since all bridges in the study area link a large patch with a smaller fully enclosed patch, 

emergence of bridges through time would entail emergence of enclosed patches within a 

large patch, while loss of bridges signifies assimilation of smaller patches by the patch it 

is contained by. Alternatively, it may reflect growth or movement of an enclosed patch 

so that it is no longer fully enclosed, thereby forfeiting the edge’s status as a bridge.  

 

To summarize, 337 bridges of 28 types were identified. The largest proportion (37.3%) 

is between Mixed Forest and Deciduous Forest. Isolated patches of Mixed Forest, which 

has much smaller mean patch size are enclosed by large patches of Deciduous Forest. 

However, the most interesting bridge types are those that changed either the most or the 

least through time. For example, the rapid decrease of bridges between Scrub/Shrub and 

Deciduous Forest indicates that small fragmented patches are rapidly disappearing. The 

mean patch size of Deciduous Forest decreased from 23.4 to 22.5 sq. km while 

Scrub/Shrub increased from 1.93 to 2.57 sq. km from 1986 to 1993. Thus, Scrub/Shrub 

replaced areas of Deciduous Forest, assimilating small and isolated patches of trees. In 

contrast, there was an increase in bridges between Scrub/Shrub and 

Grassland/Herbaceous. This suggests fragmentation of these two landscape types. With 

the fact that number of patches, total area covered and number of connectivity increased 

for both types of land classes, fragmentation may well be caused by competition between 
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the two land types while they expand into one another and also into other land types 

(mainly Deciduous Forest and Mixed Forest).  

 

Another interesting group of bridges are those where the entire group persisted through 

time. There are two groups of this category: Developed, High Density - Palustrine 

Emergent Wetland and Evergreen Forest - Mixed Forest. Persistence of bridges between 

these two pairs of land types is echoed by loss of very few cells to other land types. In 

fact, Developed, High Density did not lose any cells to other land types. Although 

Evergreen Forest and Mixed Forest lost considerable area to Scrub/Shrubs and 

Grassland/Herbaceous, they did not exchange much area with each other. Their number 

of patches, mean size of patches and average connectivity also stayed relatively stable 

through time, suggesting the steady and slow growing nature of these two land types if 

left undisturbed. Essentially, compatibility between these pairs of land types promotes 

persistence of bridges. 

 

In summary, it is found that resilience of near disconnected components has a dependency 

on its neighbourhood relationship. While heavily vegetated land types are usually not 

hostile to each other, the overall landscape of the study area suffered from severe 

deforestation through logging and urbanization. It is also found that human influenced 

landscape such as developed areas are not affected by natural landscape. Research 

findings using real datasets are considered here solely in terms of a ‘proof of concept’. 

Indeed, the statistics and land type interaction acquired from this single study area should 

not be considered as representative. Nevertheless, these analyses show prospective use of 

bridges to identify both persistent and volatile neighbourhood relations in landscape 

analysis. It is also shown that while cell-based change detection is effective in locating 

changes, it does not take into account the effects of having influential neighbours. Bridge 

analysis provides an additional layer of relational information that allows identification, 

explanation and monitoring of such phenomena and serves as a tool to assess landscape 

patterns. 

 

2.5 Conclusion 

In this paper we have expanded the usage and analytical properties of landscape graphs, 

47 
 



 

and made it an extendable feature to existing raster data structure. By incorporating graph 

theory into the patch-mosaic paradigm to augment or replace current data structures, our 

approach allows us to examine and interrogate landscapes not only based on cell by cell 

changes, but also by tracking spatial entities evolving in relation to other entities through 

time. This approach deploys graphs as a model for landscape topology, supporting efforts 

to assess the persistence of landscape features through time. In contrast to accumulative 

statistics, the extended data structure given by graph theory not only documents 

topologically related landscape entities across space, it also enables applications of 

change detection methods that appraise trajectories and prospective adjustments of 

landscape entities over time. By embedding a temporal dimension into graphs via object 

tracking and adaptation of basic graph analysis tools into the spatial temporal domain, we 

can identify landscape structures and changes that might otherwise go unnoticed with 

traditional geospatial data structure and change detection methods. Adaptation of the 

graph edit distance and graph bridge methods allowed structural attributes to be identified 

and located. Instances of landscape fragmentation (connectivity), aggregation, patch 

movement and mutation and neighbourhood vulnerabilities can then be interpreted. 

Further insights on landscape structures and patterns of change can be developed by 

implementing more advanced methods such as subgraph mining, kernel analysis, 

community detection and structural equivalence. Visualization techniques can be applied 

to further enhance these analyses. The flexibility of this spatiotemporal graph method 

means it is applicable to other geographic domains such as analysis of urban structure 

dynamics or automation of image registration and stitching. Given the importance of 

changing juxtaposition in the geographic domain, relational entities should become an 

integrated feature in landscape interpretation analysis. 
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2.6 Appendices 

2.6.1 Appendix A. New Hampshire Landcover Transitional Matrix 1986 – 1993 

From \ To 
Open 

Water 

Evergreen 

Forest 

Cultivated 

Crops 

Palustrine 

Forested 

Wetland 

Palustrine 

Emergent 

Wetland 

Scrub / 

Shrub 

Mixed 

Forest 

Developed

, Medium 

Density 

Deciduous 

Forest 

Palustrine 

Scrub / 

Shrub 

Grassland / 

Herbaceous 
Bareland 

Developed

, High 

Density 

Overall 

Decrease 

Open Water 1224 1 0 0 12 1 0 0 0 1 0 0 0 15 

Evergreen Forest 5 726 0 0 1 96 7 21 3 1 79 10 6 229 

Cultivated Crops 0 0 36 0 0 0 0 0 0 0 0 0 0 0 

Palustrine Forested 

Wetland 
11 1 0 3193 46 6 0 8 0 14 8 1 0 95 

Palustrine Emergent 

Wetland 
14 0 0 0 2787 0 0 0 0 2 0 0 1 17 

Scrub / Shrub 0 0 0 0 5 1735 1 11 12 3 95 0 4 131 

Mixed Forest 0 12 0 4 0 326 5608 32 19 1 204 3 8 609 

Developed, Medium 

Density 
0 0 0 0 0 0 0 738 0 0 0 0 0 0 

Deciduous Forest 0 5 0 17 1 438 20 5 15401 0 246 0 3 735 

Palustrine Scrub / Shrub 14 0 0 0 20 0 0 0 0 3258 0 0 0 34 

Grassland / Herbaceous 2 0 12 0 6 7 0 8 0 8 2579 0 10 53 

Bareland 0 0 0 0 0 0 0 1 0 0 3 64 0 4 

Developed, High Density 0 0 0 0 0 0 0 0 0 0 0 0 729 0 

Overall Decrease 46 19 12 17 91 874 28 86 34 30 635 14 32  
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2.6.2 Appendix B. New Hampshire Ranked GED Results 
Land Types Combinations Removal Addition Total Ratio 

Developed, Medium Density Developed, High Density 0 44 44 Inf 

Developed, Medium Density Deciduous Forest 0 27 27 Inf 

Palustrine Emergent Wetland Developed, Medium Density 0 12 12 Inf 

Evergreen Forest Developed, High Density 4 0 4 Inf 

Mixed Forest Bareland 4 0 4 Inf 

Open Water Developed, Medium Density 0 4 4 Inf 

Palustrine Forested Wetland Bareland 2 0 2 Inf 

Cultivated Crops Developed, Medium Density 0 1 1 Inf 

Open Water Developed, High Density 0 1 1 Inf 

Cultivated Crops Deciduous Forest 0 1 1 Inf 

Developed, Medium Density Bareland 0 1 1 Inf 

Evergreen Forest Palustrine Scrub / Shrub 48 2 50 24.0 

Developed, Medium Density Palustrine Scrub / Shrub 1 17 18 17.0 

Scrub / Shrub Palustrine Scrub / Shrub 8 119 127 14.9 

Developed, Medium Density Grassland / Herbaceous 6 81 87 13.5 

Mixed Forest Palustrine Scrub / Shrub 80 6 86 13.3 

Evergreen Forest Mixed Forest 157 12 169 13.1 

Palustrine Emergent Wetland Scrub / Shrub 7 85 92 12.1 

Palustrine Forested Wetland Mixed Forest 176 16 192 11.0 

Mixed Forest Deciduous Forest 265 25 290 10.6 

Palustrine Emergent Wetland Grassland / Herbaceous 6 61 67 10.2 

Open Water Palustrine Scrub / Shrub 10 1 11 10.0 

Palustrine Forested Wetland Deciduous Forest 73 8 81 9.1 

Deciduous Forest Grassland / Herbaceous 17 95 112 5.6 

Mixed Forest Grassland / Herbaceous 81 16 97 5.1 

Scrub / Shrub Developed, Medium Density 16 74 90 4.6 

Palustrine Forested Wetland Palustrine Scrub / Shrub 41 9 50 4.6 

Scrub / Shrub Grassland / Herbaceous 89 391 480 4.4 

Palustrine Scrub / Shrub Grassland / Herbaceous 9 36 45 4.0 

Palustrine Scrub / Shrub Developed, High Density 1 4 5 4.0 

Palustrine Forested Wetland Scrub / Shrub 39 152 191 3.9 

Evergreen Forest Grassland / Herbaceous 23 6 29 3.8 

Evergreen Forest Deciduous Forest 29 8 37 3.6 

Open Water Palustrine Forested Wetland 17 5 22 3.4 

Evergreen Forest Palustrine Forested Wetland 64 19 83 3.4 

Deciduous Forest Developed, High Density 3 10 13 3.3 

Grassland / Herbaceous Developed, High Density 11 36 47 3.3 
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Bareland Developed, High Density 2 6 8 3.0 

Open Water Mixed Forest 2 6 8 3.0 

Scrub / Shrub Bareland 3 1 4 3.0 

Evergreen Forest Developed, Medium Density 15 6 21 2.5 

Mixed Forest Developed, Medium Density 13 31 44 2.4 

Deciduous Forest Palustrine Scrub / Shrub 35 15 50 2.3 

Palustrine Forested Wetland Developed, Medium Density 4 9 13 2.3 

Palustrine Emergent Wetland Deciduous Forest 6 13 19 2.2 

Scrub / Shrub Mixed Forest 212 105 317 2.0 

Palustrine Emergent Wetland Developed, High Density 1 2 3 2.0 

Palustrine Forested Wetland Developed, High Density 1 2 3 2.0 

Open Water Deciduous Forest 1 2 3 2.0 

Scrub / Shrub Deciduous Forest 81 161 242 2.0 

Palustrine Forested Wetland Palustrine Emergent Wetland 24 44 68 1.8 

Mixed Forest Developed, High Density 10 6 16 1.7 

Cultivated Crops Grassland / Herbaceous 3 5 8 1.7 

Evergreen Forest Scrub / Shrub 39 24 63 1.6 

Palustrine Emergent Wetland Palustrine Scrub / Shrub 15 24 39 1.6 

Open Water Palustrine Emergent Wetland 10 16 26 1.6 

Open Water Scrub / Shrub 8 5 13 1.6 

Grassland / Herbaceous Bareland 7 11 18 1.6 

Open Water Evergreen Forest 11 7 18 1.6 

Palustrine Emergent Wetland Mixed Forest 10 8 18 1.3 

Open Water Grassland / Herbaceous 4 5 9 1.3 

Evergreen Forest Palustrine Emergent Wetland 14 17 31 1.2 

Scrub / Shrub Developed, High Density 15 18 33 1.2 

Palustrine Forested Wetland Grassland / Herbaceous 20 21 41 1.1 

Cultivated Crops Mixed Forest 1 1 2 1.0 

Cultivated Crops Scrub / Shrub 1 1 2 1.0 

Palustrine Emergent Wetland Bareland 1 1 2 1.0 

Sum of GED 1856 1958 3814  
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2.6.3 Appendix C. 
Graph Bridges Statistics: Note - the percentage changes for number of graph bridges are normalized 
to cope with statistics of minimal sample size 

Bridge Pair 1986 1993 Change % Change 
Adjusted %  

Change 

Scrub / Shrub Grassland / Herbaceous 13 20 7 35 4.6 

Evergreen Forest Palustrine Forested Wetland 2 4 2 50 1.2 

Evergreen Forest Palustrine Emergent Wetland 1 3 2 66.7 1.1 

Palustrine Emergent Wetland Grassland / Herbaceous 4 5 1 20 0.7 

Palustrine Forested Wetland Scrub / Shrub 2 3 1 33.3 0.7 

Developed, High Density Grassland / Herbaceous 1 2 1 50 0.6 

Developed, High Density Developed, High Density 1 2 1 50 0.6 

Palustrine Forested Wetland Developed, High Density 0 1 1 100 0.4 

Palustrine Forested Wetland Developed, High Density 0 1 1 100 0.4 

Developed, High Density Palustrine Emergent Wetland 17 17 0 0 0 

Evergreen Forest Mixed Forest 16 16 0 0 0 

Developed, High Density Evergreen Forest 1 1 0 0 0 

Evergreen Forest Scrub / Shrub 1 1 0 0 0 

Palustrine Emergent Wetland Scrub / Shrub 1 1 0 0 0 

Palustrine Emergent Wetland Developed, High Density 1 1 0 0 0 

Scrub / Shrub Palustrine Scrub / Shrub 1 1 0 0 0 

Developed, High Density Deciduous Forest 1 1 0 0 0 

Palustrine Forested Wetland Palustrine Scrub / Shrub 1 0 -1 -100 -0.4 

Deciduous Forest Palustrine Scrub / Shrub 1 0 -1 -100 -0.4 

Grassland / Herbaceous Bareland 3 2 -1 -33.3 -0.7 

Palustrine Emergent Wetland Palustrine Scrub / Shrub 5 4 -1 -20 -0.7 

Grassland / Herbaceous Developed, High Density 13 12 -1 -7.7 -0.8 

Developed, High Density Palustrine Scrub / Shrub 2 0 -2 -100 -0.8 

Scrub / Shrub Mixed Forest 3 0 -3 -100 -1.2 

Mixed Forest Palustrine Scrub / Shrub 4 1 -3 -75 -1.5 

Deciduous Forest Grassland / Herbaceous 11 6 -5 -45.5 -3.1 
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Mixed Forest Deciduous Forest 127 123 -4 -3.1 -3.1 

Palustrine Forested Wetland Mixed Forest 27 20 -7 -25.9 -4.9 

Palustrine Forested Wetland Deciduous Forest 15 6 -9 -60 -5 

Scrub / Shrub Deciduous Forest 62 51 -11 -17.7 -8 

 

Persisting Bridges Statistics: 

Class Total Bridges 
Average Bridges / 

Patch 

Average Bridges / 

Cell 

Deciduous Forest 179 0.2598 0.0111 

Mixed Forest 132 0.1167 0.0212 

Evergreen Forest 8 0.0208 0.0084 

Scrub / Shrub 60 0.0621 0.0322 

Palustrine Forested Wetland 38 0.0459 0.0116 

Palustrine Scrub / Shrub 9 0.0112 0.0027 

Palustrine Emergent Wetland 16 0.0397 0.0057 

Grassland / Herbaceous 35 0.0728 0.0133 

Bareland 2 0.0426 0.0294 

Developed, High Density 13 0.0634 0.0178 

Developed, Medium Density 3 0.0072 0.0041 

Open Water 13 0.0992 0.0105 

Cultivated Crops 0 0 0 
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3 Graph patterns on connected landscapes 

(Submitted to Geographical Analysis) 

Alan Kwok Lun Cheung1, David O’Sullivan2, Gary Brierley1 
1School of Environment, The University of Auckland, New Zealand 

2Department of Geography, University of California, Berkeley 

Concepts and theories from geography and landscape ecology provide useful tools 

to assess mosaics and patterns on patchy landscapes. Empirical analysis of these 

patterns is usually performed using spatial clustering statistics. It is only recently 

that graph theory has been applied to analyse spatio-temporal relationship of 

patterns within datasets. To date, many graph theory tools retain a pure 

mathematical framing and must be adapted to be operationalized for landscape 

pattern analysis. In this research, equivalence measures are adapted through a 

geographical lens to assess spatial patterns on spatial temporal relational graphs. 

These measures allow direct measurement of prominence of patterns on a 

landscape without utilizing a spatial statistics framework as a proxy. The effects of 

changing landscapes on the effectiveness of these measures are also assessed. An 

example is provided to demonstrate the application of this approach to monitor 

landcover/landuse patterns. 

Keywords: Landscape patterns; graph theory; regular equivalence; spatial 

analysis 

3.1 Introduction 
Pattern matching and pattern recognition (PMR) are integral parts of computer vision. 

They entail discovery, analysis and visualization of configurations from data. Whereas 

pattern matching has to be exact and the speed of matching is imperative, pattern 

recognition usually includes statistically fuzzy matching and seeks to explain the origins 

of the patterns that are found (Jain et al. 2000). Apart from its traditional usage in areas 

such as cryptography and speech recognition, PMR is also used in “spatial” applications 

such as OCR (Optical character recognition), face detection and medical CAD 

(Computer-aided diagnosis). These applications require recognition of spatial 

relationships between elements within a dataset, the extraction of patterns and their 

associated analysis. By recognizing spatial relationships, aggregation of elements in the 
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dataset can be used to generate meanings that are greater than can be derived from 

analysis of individual components. 

 

Disciplinary framings such as GIScience, Geography and Landscape Ecology 

acknowledge that landscapes are composed of different elements that are positioned to 

create connected configurations. In GIScience, modelling and analysis of patchy 

landscapes appraises the built-in topologic relationships between patches. In ecological 

terms, landscape connectivity theory suggests that connectivity increases as the number 

of habitats increases (i.e. spatial heterogeneity increases as the landscape becomes more 

fragmented) and that the interactive dynamics of small and large patches may be very 

different (Tischendorf and Fahrig 2000). Similarly in geomorphic terms, landscape 

connectivity is a function of the degree of landscape dissection, which varies with 

topographic relief and across different scales (Brierley et al. 2006, Bracken et al. 2014). 

Regardless of scale considerations, it is reasonable to say that the mechanisms of patch 

dynamics may be revealed through analysis of the juxtaposition of patches and their 

overall landscape patterns. With this in mind, it can be postulated that landscape elements 

have certain effects on their neighbours and vice-versa. Assessment of this suggestion 

entails analyses of the interaction and mutual dependence of neighbouring entities. 

Spatial graph structure provides a useful tool to analyse landscape composition through 

spatial topology (Cantwell and Forman 1993, Urban and Keitt 2001, Fall et al. 2007). 

However, monitoring and describing elements on the graph or the landscape as self-

contained units is only an entry point in such analysis. Landscape configuration, 

considered here as the juxtaposition of landscape elements, varies in differing settings 

(Reynolds and Wu 1999). Associated patterns of elements can be revealed in graph 

structures as subgraphs of connected nodes (Cheung et al. 2015). The potential uses of 

such subgraphs are manifold. Firstly, they allow appraisal of connected components of a 

landscape, thus providing a quantitative basis to test landscape ecology theories. 

Secondly, assessments of the resilience of different configurations can be made by 

analysing the distribution of repeated subgraphs through time and space, revealing 

insights into processes that influence the patterns that are created in the landscape. 

Analysis of landscape patterns can potentially tell us more about the landscape as a whole 

than can be achieved by analysing individual elements. 
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Multiple techniques have been developed to identify and examine subgraphs on graphs. 

Examples include calculations of centrality, structural equivalences, cliques and 

subgraphs (Wassermann and Faust 1994). Centrality measures the importance of a node 

by examining its connectivity profile in the form of the degree of connectivity, the length 

of shortest paths to other nodes, or the amount of shortest routes between other pairs of 

nodes traversing through it (Linton 1977). Equivalence is an important concept in graph 

analysis devoted to structural examination of the roles and social capability of nodes 

(Lorrain and White 1971). It describes how parts of networks can form sub-groups by 

locating nodes that are topologically similar (Hanneman and Riddle 2005). Equivalence 

is built on a hierarchy of three concepts: Structural Equivalence, Automorphic 

Equivalence and Regular Equivalence. Due to the connected character of landscapes, 

equivalence calculations can be implemented on spatial temporal relational graphs 

(STRG) (Cheung et al. 2015) for extraction and analysis of these subgraphs. 

 

The aim of this paper is to explore and demonstrate the adaptation of equivalence 

measures to STRG through the following analyses: 

- Extraction of subgraphs in the form of equivalence classes. 

- Spatial characteristics of subgraphs, assessing different kinds of pattern 

configurations and their distribution through space.  

- Temporal trajectory of subgraphs, highlighting the dynamics of patterns through 

time and their resilience. 

 

This paper starts with remarks on the relevance of patterns on landscape and landscape 

graphs. Then we describe equivalence measures and outline their geographic applications 

through their adaptation to spatial graphs. Finally, we present an empirical case study to 

demonstrate how equivalence provides a tool to analyse landcover/landuse patterns. 

 

3.2 Spatial patterns in landscapes 
The term Landscape Ecology was coined by Troll (1939) in an effort to frame enquiry 

into interactions among elements and associated processes that explain ecological 

patterns in landscapes. At the early stages of its inception, analyses were restricted to 

thought experiments on conceptual models and small scale case studies due to difficulties 
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in the acquisition and processing of data. With advances in computing power, systematic 

analyses of these concepts has become de rigeur. 

 

In order to construct an analytically tractable landscape for computers, landscapes are 

usually segmented into individual units of specific characteristics via the concept of 

landscape patches. In an ecological sense, “patches are communities or species 

assemblages surrounded by a matrix with a dissimilar community structure or 

composition” (Forman and Gordon 1981 p.734). In geographic analyses, applications of 

the concept could, for example, replace species assemblages with different kinds of 

landuse/landcover. The resultant placement and distribution of patches, also known as a 

landscape mosaic, is a form of spatial pattern that can be readily analysed by researchers. 

The foundation of spatial pattern extraction and analysis from landscape mosaics is built 

on the premise that the distribution of patches on the landscape is not a random process, 

but is an outcome of interactions between the patches through mutual influence in the 

form of material flow, biological flux or topological relationships (Forman 1981, Dunnin 

et al. 1992). Assessment of landscape structure with available methods such as spatial 

statistics (Turner 1989, McGarigal and Marks 1995) is dependent on empirical 

interrogation of these definable systematic traits. 

 

3.3 Spatial patterns in graphs 

Despite the popularity and variety of spatial statistics (Rutledge 2003, Southworth et al. 

2010), its ability to appraise landscape connectivity theories through spatial patterns has 

been limited (Kupfer 2012). Instead they are viewed and used as a means to an end. 

Typical spatial pattern analysis has been concerned primarily with statistical distributions 

of individual types of entities. In such operations, the mechanism for describing 

relationships between types of entities relies on comparison of clusters or accumulative 

statistics. Patterns discovered using these procedures provide significant insight into the 

composition of the landscape, but far less about its configuration. Processes that cause 

interactions and changes between entities are not deciphered. As such, extraction of 

“patterns” in this way remains relatively superficial as description of distributions takes 

priority over the possibility of identifying relational processes. Thus accumulative 

statistics may not be the most suitable framework for realizing the conceptual idea of a 

connected landscape. Here we argue that patterns are more than clusters of spatial 
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phenomena and that they can be extracted and examined using a graph. 

 

Building on earlier works by Cantwell and Forman (1993), Barr and Barnsley (1997), 

Fall et al. (2007) and Minor and Urban (2008), Cheung et al. (2015) utilized graph theory 

as a framework to construct landscapes based on network-structures that span spatial and 

temporal domains. The work relates topology and spatial patterns by examining 

interactions and connectivity between entities. 

 

3.4 Spatio-Temporal Relational Graphs (STRG) 
Details of STRGs are covered in Cheung et. al. (2015). Here we briefly demonstrate the 

data structure from which spatial patterns are extracted. A typical non-spatial graph G is 

composed of two sets: the nodes denoted V and the edges that connect the nodes, denoted 

E. Thus a graph composed of nodes and edges is G = (V, E). Within V and E there are 

individual elements. Given there are n nodes in V, then the notation for the entire set of 

nodes is written as V(G) = {v1, v2, … , vn}, while the entire set of edges is written as E(G) 

= {e1, e2, … , em}, where each edge ei is an unordered pair of nodes uv indicating a 

connection between two nodes in V(G). 

 

The characteristics for STRG are more complex than typical graphs. First the set of nodes 

represents patches in the landscape, therefore each node has to have a geographical 

location. This is determined by positioning the nodes on a 2D Euclidean space. Secondly, 

attributes are attached to each node, recording the characteristics of the patch that it 

represents. The range of attributes are different according to context. Typical attributes 

include centroid locations, landuse/landcover type, patch coverage area and 

neighbourhood connectivity. Thirdly the trajectories of landscape patches (nodes) have 

to be monitored through time. A two-step process is needed to achieve this. Landscape 

graphs are produced for every time a landscape is surveyed. From this, a stack of 2D 

Euclidean landscape graphs from different time intervals is generated. The nodes are 

tracked through the stack by analysing overlapping geometric area (Cheung et al. 2015). 

Extra mathematical notions are introduced to describe the temporal relations of nodes. 

The set of temporal edges connecting successfully tracked nodes between stacks is written 

as: 
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𝐸𝐸�𝐺𝐺(𝜏𝜏1),𝐺𝐺(𝜏𝜏2)� = {𝑣𝑣𝑎𝑎(𝜏𝜏1)𝑣𝑣𝑎𝑎(𝜏𝜏2),𝑣𝑣𝑏𝑏(𝜏𝜏1)𝑣𝑣𝑏𝑏(𝜏𝜏2), … , 𝑣𝑣𝑛𝑛(𝜏𝜏1)𝑣𝑣𝑛𝑛(𝜏𝜏2)} 

 

where 𝐺𝐺(𝜏𝜏1),𝐺𝐺(𝜏𝜏2) are landscape graphs of different times. Figure 3.1 is a graphical 

depiction of STRG and its associated mathematical notation. 

 

 

Figure 3.1: Structure and mathematical notation of Spatio-Temporal Relational Graph 

 

3.5 Equivalence Measures 
Equivalence measures evaluate components of a graph from the perspective where 

substructures of a graph are “not defined by the amount of intra-role interaction … but 

by the intrinsic nature of other blocks (substructure) with which they connect” (Sailer 

1978 p.75). In other words, the roles of different nodes are defined by their relations to 

other nodes rather than by their intrinsic attributes. This definition echoes the concepts of 

connected landscapes where landscape elements not only define themselves, but also 

constantly affect and are affected by other surrounding elements. In this respect, the 

extraction and analysis of structurally equal subgraphs potentially provides a more direct 

way to assess the configuration of landscape elements than what is provided by 

compositional spatial statistics. Instead of generalizing patterns of relationships within a 

study area, phenomena such as invasion of a land class relative to all other classes can be 

measured and assessed at an entity level. Furthermore, as shown later, equivalences can 
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be adapted to operate jointly with landscape graphs with minimal modification. But first 

we start by describing the characteristics of the three types of equivalence measure (see 

Figure 3.2).  

 

Lorrain and White (1971) defined structural equivalence as two nodes connected in the 

same way to other nodes, such that one could be substituted for the other. As defined by 

Sailer: 

 

“for i, j, and k in a set N, and relations (sets of ordered pairs) R1, R2, …, 

RS in N × N, a relation S is a structural equivalence if iSj implies that, 

for every k, iRk = jRk and kRi = kRj for each relation Ri.” (Sailer 1978 

p.76) 

 

This definition focuses on “substitutability” of nodes. In other words, for a node to be 

structurally equal to another node, it must have the same set of topological neighbours. 

Structural equivalence emphasizes relational ties to define the role of a node, and 

subsequently uses them as a comparative index (Sailer 1978). Burt (1976) also defined a 

set of structurally equivalent nodes as a set of actors that is connected to exactly the same 

nodes in a graph (i.e. the topological role of brothers and sisters in a family is identical). 

Brieger (2004) commented that this definition of equivalence seldom yields substantial 

results from real-world social networks. O’Sullivan (2014) also considers structural 

equivalence as the most stringent condition in classes of equivalence, as each actor is 

unique and direct substitutability is infrequent. Since exact matches of structural 

equivalence tend to be rare, some measure of degree of structural equivalence is 

preferable to a binary (yes/no) structural equivalence (Hanneman and Riddle 2005). In 

the context of landscape graphs, structurally equal subgraphs need to connect to a set of 

identical neighbouring patches. In a geographical setting, as patches occupy physical 

space, they have a limited number of neighbours. Due to this spatial restriction, 

structurally equal subgraphs in landscape graphs are always restricted to sections of 

spaces, the meanings of which could be severely skewed. 

 

Automorphic equivalence represents a shift in focus away from direct substitutability to 

examination of interchangeable roles between nodes. Sparrow (1993) and Borgatti et al. 

60 
 



 

(1996) define it as the interchangeability between two nodes u and v, when an isomorphic 

graph can be formed even with their labels interchanged. Sparrow (1993) defines 

automorphic equivalence as follows: 

 

 “in a [graph G], a permutation of the nodes f is an automorphism if and 

only if it preserves adjacency: that is, given two nodes a and b, then f(a) 

is linked to f(b) if and only if a is linked to b. Two nodes are said to be 

role equivalent (or automorphically equivalent) if there is an 

automorphism which maps one on to the other. That is, a and b are 

automorphically equivalent if there exists an automorphism f such that 

f(a) = b (Sparrow 1993, p. 153) 

 

In other words, if two nodes have the same number of connections to the same types, then 

they are automorphically equal (i.e. the topological role of cousins in an extended family 

is identical). This concept introduces more relaxed conditions than structural equivalence, 

but is conceptually and computationally more demanding. O’Sullivan (2014) suggests 

that automorphic equivalence may be a more fruitful concept than structural equivalence 

in geographical settings where it may permit identification of nodes in structurally similar 

locations in a system. 

 

Finally, regular equivalence was developed by White and Reitz (1983) in an effort to 

address Sailer’s criticism on the requirement in structural equivalence calculations that 

equivalent actors had to be related to the same others (Sailer 1978, Borgatti et al. 1989). 

Borgatti and Everett (1989 p.66) define regular equivalence as “two actors are regularly 

equivalent if they are equally related to equivalent others”. Borgatti and Everett (1989) 

reworded the definition of regular equivalence by White and Reitz (1983) as follows: 

 

 If G = (P, R) is a graph (directed or undirected) with vertex set V, edge-

set R, and no isolated vertices, and ≡ is an equivalence relation on V then 

≡ is a regular equivalence if and only if for all a, b, c in V, a ≡ b implies 

both: 

i) aRc implies there exists d ∈ V such that bRd and d ≡ c; 

ii) cRa implies there exists d ∈ V such that dRb and d ≡ c. 
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This means that as long as two nodes have the same types of connections to the same 

types of other nodes, they are regularly equivalent, disregarding how many connections 

exist for each type (i.e. the topological role of children is identical as long as they all have 

at least one uncle and no aunts). Regular equivalence holds the least restrictive rules of 

equivalence measures. Since subgraphs are matched in a way where identical numbers of 

connections are not needed, regular equivalence resembles more as a pattern recognition 

method rather than pattern matching. With this characteristics in mind, regular 

equivalence is prospectively most useful for landscape analysis as it highlights the 

perspective of juxtaposition and patterns, rather than focussing upon individual nodes and 

their exact identical sets of connections as in structural equivalence 

 

 

Figure 3.2: Types of equivalence derived from a graph 

 

Calculation of structural equivalence is simple as we only need to identify identical rows 

in an adjacency matrix. Calculation of automorphic and regular equivalence used to be a 

time-consuming iterative process until Winship and Mandel (1983 – 1984) and Hummell 

and Sodeur (1987) presented separately extensions to the blockmodeling approach which 

do not require iterations. The blockmodel partitions the graph by rearranging the 

adjacency matrix such that rows and columns of the nodes from the same class are next 

to each other. Its adaptation for our purposes is demonstrated in the following section. 
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3.6 Adaptation of equivalence for landscape graphs 
Compared to mathematical graphs, additional complexity is introduced to the spatio-

temporal graphs via spatial characteristics and aspatial attributes (Cheung et al. 2015). As 

such, adaptation is required to apply equivalence measures to landscape graphs. On 

classic mathematical graphs and equivalence calculation, pre-classification of nodes is 

not usually done. Instead, the role of a node is determined entirely by its neighbourhood 

relationships with other nodes. The nodes on landscape graphs are more complex, since 

their classes cannot be determined purely by relationships but are also influenced by other 

intrinsic characteristics in the local area, such as topography or soil type., As such, the 

calculation of equivalence on landscape graphs has to be modified to take this into 

account.  

 

Fortunately, the modification is conceptually simple: for nodes on a landscape graph to 

be structurally equal, they must be the same (patch) class in addition to satisfying their 

relational characteristics. In order to include classes into the analysis, one only has to 

group nodes of the same class together in an adjacency matrix before seeking rows with 

similar qualities. Figure 3.3 shows such an operation for the three types of equivalence 

measures. Structurally equal nodes for landscape graphs have to be in the same class, and 

connect to the same set of nodes. Automorphically equal nodes are nodes of the same 

class, and have same number of connections to each of the other classes of nodes. 

Regularly equal nodes are nodes of the same class, and have connections to the same 

other classes.  
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Figure 3.3: Adapting blockmodel approach equivalence calculation for landscape 
graphs 

 

This modification is also applicable to non-table matching methods such as the work by 

Sparrow (1993) who demonstrated a technique called “numerical signature” which 

identifies automorphically equal nodes by propagating and aggregating signatures 

through the network. Sparrow’s work allows identification of n-th order automorphic 

equivalence (which he calls “depth”) to be calculated using a linear time algorithm. In his 

work, Sparrow used the product between the degree of a node with a transcendental 

number as identifier for nodes. The node degrees can possibly be replaced with a 

numerical identifier tied to land classes to achieve an identical effect with landscape graph 

table matching discussed above. 

 

3.7 Building matching tables for equivalence measures 
Apart from calculation of equivalence itself, it is also worthwhile to consider the 

“strength” of connections between a node and the neighbouring node classes before the 
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calculation. Structural and automorphic equivalences are trivial as they consider unique 

connections to nodes and thus degree of connectiveness is not necessary. Regular 

equivalence requires more thought since it considers connections to classes of nodes. 

White and Reitz (1983) mentioned in the definition of regular equivalence that the count 

of a type of connection does not matter, as long as the type of connection exists. 

Landscape connectivity however, considers connectiveness of landscape elements as one 

of the main guidance in identifying spatial patterns. To put it into the perspective of 

STRG, unlike mathematical graphs, nodes on a landscape graph represent patches, and 

the boundary conditions of the patches may be the main drivers for dynamics on the 

landscape. A method is required to represent connectiveness for landscape graph analysis. 

 

In this research, we propose a system called “uniquely ranked connectivity” (URC) 

(Figure 3.4) as an approach to model the effect of influential neighbouring types. URC is 

conceptually simple: instead of offering only a set of unordered unique neighbourhood 

classes for topological analysis, an ordered set is produced where the ranking of the 

classes is based on their number of connections to the focus patch. In order words, classes 

with a higher number of connections to the focus patch is of higher importance in terms 

of topology. There are other ways to rank the importance of neighbours. For example, 

ecotone analysis used the ratio of shared boundaries between classes can be used to 

describe possible interactions between land classes (Gosz 1993). In this study, quantified 

topological neighbours were chosen as the ranking index since the focus of this research 

is at the entity level, and for this purpose it serves well and is easily obtainable from 

landscape graphs.  

 

 

Figure 3.4: Comparison between normal connectivity and uniquely ranked connectivity 
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3.8 Observations of equivalences on a real world dataset 
A case study has been conducted to assess the feasibility of examining patterns on a 

landscape. The data structure used for this analysis is the spatial temporal relational graph 

described in Cheung et al. (2015). Analysis was conducted in MatLab. Two classified 

temporal land-cover datasets from Great Bay, New Hampshire were used for 

demonstration purposes (Figure 3.5). Pre-classified images were acquired from the 

Coastal Change Analysis Program (NOAA C-CAP 1995-present). The NOAA C-CAP 

project used Landsat Thematic Mapper imagery for land-cover classification at the full 

30m pixel resolution. Our analysis is based on the patchy landscape mosaics built from 

these classes. The time span for the Great Bay data set is 7 years (1986 to 1993). For the 

purpose of clarity, the demonstration area is restricted to a 5 x 5 km region extracted from 

the imagery.  

 

 

Figure 3.5: NOAA CCAP Classified imagery and the associated spatial graphs 
 

 

Figure 3.6 is a graphical representation of equivalence measures. Apparently prominent 

equivalence types tend to form around a few nodes that represent very large patches, 
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regardless of the type of equivalence measures. This reflects the fact that these large 

patches (usually deciduous forest) contain many smaller patches (mainly mixed forest but 

also others) completely (Cheung et al. 2015). Perhaps due to the compatible nature of 

these neighbouring land types, the smaller patches tend to persist through time. Thus the 

phenomena generate large amount of equivalence pairs of the same type at the locations 

of the large patches. In fact, the top five prominent structural equivalence types are 

associated with the three largest patches in the study area, all of which involved nodes 

with a singular connection (Figure 3.6, top left). Since the only topological explanation 

for singular connection of a node in a landscape graph is its containment by a larger patch, 

we can deem that all nodes involved in the top 5 structural equivalence patterns are 

contained by larger patches. 

 

Structural equivalence imposes the most stringent rules of the three equivalence 

measures. As a result, the only kind of neighbourhood relationship that generated any 

observable equivalence type in this dataset occurred where smaller patches are contained 

by larger patches. Relaxation of rules to automorphic and regular equivalence leads to a 

more diverse and distributed set of equivalence types. However the prominence of 

"contained-by" types of equivalence type is still evident. This suggests that "sustainable 

perforation" is an intrinsic property for these associated land types in the landscape under 

consideration. 

 

Given that the landscape appears to be visually fragmented, it was unanticipated that 

complex equivalence types involving three or more land types are relatively prominent in 

automorphic and regular equivalence measures (where none were found in structural 

equivalence). Table 3.1 shows the top five equivalence types in the area. By examining 

statistics of different combinations, it appears likely that mixed forest, deciduous forest 

and palustrine forested wetland are neighbourhood compatible, and that their 

relationships are resilient through time. 
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Table 3.1: Top five equivalence types in study area 

 

 

Figure 3.6: Distribution of top 5 entries for different equivalence measures 
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Table 3.2: Patch statistics for the top 10 equivalence types in study area 

 

3.9 Discussion 
Despite disparities in the framing of connectivity analysis between disciplines such as 

landscape ecology and GIS, both fields acknowledge that landscape structure is 

comprised of functionally and structurally connected spatial elements. Subgraph analysis 

can demonstrate how to extend the framework of landscape structure analysis beyond 

descriptive spatial statistics and into direct measurement of the expected patterns.   

In general, large patches have a large number of connections. The complexity of their 

connectivity patterns means it is hard for them to have many regularly equal patches even 

with URC. Smaller patches on the other hand, tend to have less connections and thus 

simpler connectivity patterns. In our study area, there are more small patches than large 

patches. These smaller patches form the most prominent regular equivalence patterns 

since their connectivity patterns are easy to “replicate”. In fact, none of the focus patches 

in the top 10 regular equivalence subgraphs are larger than the mean patch size in the 

study area (6.15 cells). 

 

Interestingly, the size statistics of the connected patches are opposite to the focus patches. 

In other words, small focus patches tend to connect to larger patches. More often than not, 

a small focus patch has only a singular connection with a large patch. Topologically 

speaking, only one possible situation would satisfy focus patches with a singular 
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connection: all boundary facing sides of the focus patch are attached to the same 

neighbouring patch or the boundary of the study area. For example, small patches of 

mixed forest often reside inside a singular deciduous forest patch.  

 

From Table 3.2, the mean size of the focus patches for the high occurring subgraphs are 

consistently smaller than their connected patches. Furthermore, only 10 out of 2689 

patterns with an occurrence of higher than 1 (meaning there is at least one repeated 

occurrence) have mean connected patches sizes that are higher than mean focus patch 

sizes. This indicates that the widespread distribution of small patches on this landscape is 

not merely fragmentation, but also perforation. Perforation refers to creation of holes on 

thin materials such as paper or fabric. In the context of a landscape, it means that a (large) 

patch of certain land type contains small patches of other land type within its area. In 

many cases, landscape perforation relates to human impacts upon parts of a patch. For 

example, logging could clear parts of a forest into bare land, creating a “hole” in the forest 

if examined from above. Apart from human causes, perforation can also be nature driven 

where certain small patches of a land type are healthily surrounded by a larger patch of 

another land type. Minor and Urban (2007, p. 300) mentioned that "Low-degree patches 

may be vulnerable to extinction if neighbouring patches are developed" which suggests 

that these smaller and less connected patches might be consumed by larger neighbouring 

patches. However, in many cases these neighbouring land types are intrinsically 

compatible in the sense that neither of them are invasive towards each other. In fact these 

compatible “small-scale landscape elements” inside larger patches could potentially 

induce species migration and dispersal (Hou and Walz 2013). The most prominent 

subgraph in this study area: “Mixed Forest - Deciduous Forest”, with an occurrence of 

142 and where every occurrence is perforation, is evidence of such phenomena. In this 

situation, deciduous forest is not invasive to mixed forest and therefore this kind of 

perforation can persist through time (Table 3.1). Another scenario that is against the 

argument of Minor and Urban (2007) might be related to perforation by land degradation. 

Using a previous example, a bare land created by logging is seldom “threatened” by the 

surrounding forest.   

 

Complex patterns involving more than two land classes with noticeable prominence are 

also found in the study area. The second most prominent pattern: “Mixed Forest - 
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Palustrine Forested Wetland, Deciduous Forest” is an example. The focus patch type, 

Mixed Forest, is sandwiched between the two connected land types. Similarly the third 

prominent subgraph “Scrub/Shrub - Deciduous Forest, Grassland/Herbaceous” reflects 

Scrub/Shrub as sandwiched between a forest and grassland. This is an indication that the 

focus patch acts as a transition zone between a heavily vegetated area and lightly 

vegetated areas (Figure 3.7). The prominence of these two patterns means that gradual 

transition of land type or vegetation abundance is quite common in this landscape. The 

existence of transition zones resonates with the concept of ecotone that defines a “meeting” 

zone between two biomes (Gosz 1993). 

 

 

Figure 3.7: Gradual transition of land types 

 

In light of these findings, we feel that measures of equivalence provide a useful analytical 

lens through which changes to connectivity relationships can be appraised over space and 

time. Procedures outlined in this paper describe how such applications can be performed. 

 

3.10 Conclusion 
There is significant scope for further development of landscape graph based pattern 

recognition and interpretation. Apparent linkages between spatial relationships and 

landscape ecology could be used to quantitatively extend analysis of ecotones, 

boundaries, neighbourhood and spatial heterogeneity. Analysis of spatial/aspatial 

properties can be appraised by analysing the attributes of the patches involved in a pattern. 

The prominence of a pattern on a landscape in terms of its function and/or structure relates 

to subgraph analysis, in particular co-location analysis which assesses prominence of a 

pattern and/or its individual components in a graph. We contend that there is considerable 

71 
 



 

potential to expand such geographically-framed analyses of patterns by examining 

directly the connected nature of graph-based landscapes using a combination of pattern 

identification and analysis procedures. Whereas spatial statistics approaches look at the 

distribution of different patch types individually, our method examines patches on the 

landscape as components of an interactive system. Without using spatial statistics as a 

proxy, place-based relationships such as juxtaposition of landscape elements and patterns 

that they form provide a basis to interpret and assess landscape connectivity theories. 
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4 Assessing components of topological landscape structure using 
odds ratio 
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Alan Kwok Lun Cheung1, David O’Sullivan2, Gary Brierley1 
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Spatial heterogeneity in landscapes is frequently assessed using patch metrics. 

However, such spatial statistics applications often underrepresent the importance 

of spatial relationships between landscape elements. As such, they provide an 

incomplete rendition of landscape patterns and structures. Here we use odds ratio 

statistics to extend an approach to represent topological relationships between 

elements and extract patterns using a graph-based data structure by evaluating the 

relative frequency of occurrence of landcover/landuse classes as components of 

topological structures. This approach provides pattern analysis from a 

configurational rather than compositional angle, as in spatial statistics. Examples 

of its application are demonstrated using both real world and synthetic datasets. 

Keywords: Landscape patterns; graph theory; odds ratio; spatial analysis 

4.1 Introduction 
Analysis of landscape relationships, configurations and patterns are core geographic 

concepts and theories (Watt 1947, Skellam 1952, Forman 1981, Forman and Gordon 

1981, Krummel et. al. 1987, Urban et. al. 1987, Turner 1989, Cantwell and Forman 1993, 

Wu and Levin 1994, Werner 1999, Dogrusoz and Aksoy 2007, McGarigal 2012). 

Configurations come in various forms such as the movement of species between habitats, 

the distribution of entities across space, and topological relationships among land classes. 

Spatial statistics have often been employed to support pattern recognition and associated 

assessments for the task (McGarigal and Marks 1995, Rutledge 2003, Wickham et. al. 

2006, Southworth et. al. 2010). The mixed use of the same statistics for both recognition 

and assessment means that the two components are often inseparably bundled together. 

For example, “spatial patterns” can be explained as spatial density distributions of habitat 

patches (McGarigal and Marks 1995). In this framing, spatial patterns consist of entities 

that are considered to be individual phenomena, characterised only by their class and 
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proximity. In other words, spatial heterogeneity is assessed by comparing sets of spatial 

statistics produced from different classes of habitat or land types. Although landscape 

characteristics such as the juxtaposition and configuration of land types are key attributes 

in assessments of the specific distribution of land types, the spatial statistics framework 

does not utilize this information fully. Furthermore, it is often difficult to assess functional 

properties of phenomena using spatial statistics (Kupfer 2012). Here we refer to the use 

of spatial statistics for pattern analysis as “distributional pattern analysis”, which 

highlights how certain entities or phenomena are distributed across space, rather than 

emphasizing their relation to other types of entity or the processes associated with the 

construction or evolution of the landscape. Results of this approach gives an appearance 

that they “speak for themselves”, rather than being imposed through an analytical lens 

that emphasizes spatial relationships.  

 

In efforts to emphasize the configurational aspects of landscapes rather than giving undue 

attention to distributional aspects per se, Cheung et al. (2015a, b) proposed a framework 

to construct of spatio-temporal landscape graphs and procedures to conduct pattern 

recognition using graph structural equivalence groups. The inherent characteristic of 

graph structure is its focus on connectivity between elements (nodes) in a graph. Such 

connectivity patterns may provide enhanced capacity to decipher the functional 

mechanisms of spatial heterogeneity. We refer to the use of graph theory for pattern 

analysis as “interactional pattern analysis”, where the focus is on the topological 

interactions between neighbouring patches of different types. 

 

Assessment of topological interactional patterns can be performed using various graph 

tools, some of which are already used in analysing landscape ecological graphs (Cantwell 

and Forman 1993, Urban and Keitt 2001, Ferrari et al. 2007). Measures such as centrality 

and graph distance are employed to describe structural integrity of an entire graph. Circuit 

theory is used to assess possible routes of a species by considering impedance between 

boundaries of different landscape elements on a graph-like landscape (McRae et. al. 

2008). As yet, however, no measure exists which is capable of analysing different kinds 

of patterns on landscape graphs and determining their prominence by assessing how much 

a pattern contributes to the overall integrity of a landscape graph. Here we present a 

method to assess topological structures of landscape using odds ratio analysis as an 
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approach to fill this void, addressing concerns for localized and categorized interactional 

pattern analysis. 

 

The principle of odds ratio is first demonstrated. This is followed by discussion of its to 

assess regular equivalence subgraphs. Application is then demonstrated using a real world 

example from New Hampshire. Two examples using synthetic datasets are also provided 

to illustrate how this method can be applied to different datasets and contexts.   

 

4.2 Odds Ratio 
Odds ratio can be used in general to assess how the presence of a phenomena A is 

associated with the presence of phenomena B in a population. This method is both 

conceptually and computationally simple. It is often utilized in medical statistics to 

measure the odds of contracting a disease by exposure relative to the odds of contracting 

a disease without exposure (Bland et al. 2000). In the following example, exposure or 

non-exposure is defined as A and ~A, and contraction or not is defined as B and ~B. The 

exposure and contraction of a disease is provided to illustrate the derivation for odds ratio 

calculation. For this purpose, a 2 x 2 contingency table is often employed to illustrate the 

elements needed to calculate odds ratio (Figure 4.1) 

 

 

Figure 4.1: A 2 x 2 contingency table which signifies all elements required to calculate 
odds ratio 

 

The four elements in Figure 1 represent the occurrences of different combinations 

between A and B. AB is the population who were exposed and contracted the disease. 

A~B is the population who were exposed but have not contracted the disease. ~AB is the 

population who were not exposed but still contracted the disease. Finally, ~A~B is the 

population who were not exposed and have not contracted the disease. 
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The odds of contraction due to exposure is calculated by 𝐴𝐴𝐴𝐴
𝐴𝐴~𝐴𝐴

 and odds of contracting the 

disease without exposure is calculated by ~𝐴𝐴𝐴𝐴
~𝐴𝐴~𝐴𝐴

. The odds ratio (OR) is the ratio between 

these two components:  
 

𝑂𝑂𝑂𝑂 = 𝐴𝐴𝐴𝐴 𝐴𝐴~𝐴𝐴⁄
~𝐴𝐴𝐴𝐴 ~𝐴𝐴~𝐴𝐴⁄

  (Equation 1) 

 

The resultant odds ratio ranges from zero to infinity. When OR = 1, the odds of 

contracting the disease is equal regardless of exposure. An OR > 1 suggests that exposure 

increases the likelihood of contracting the disease, and the opposite is true when OR < 1. 

 

Although the use of odds ratio may tell us if two phenomena are associated, its use alone 

cannot tell us whether the result is significant or not. Here we apply a standard 

significance test for the odds ratio to assess the statistical significance of the results. The 

test is performed using statistical inference which assumes that our data is a sample 

population from a larger dataset that has a normal distribution. 

  

Since the odds ratio is an unbounded positive value from 0 to infinity, which is skewed, 

a standard error cannot be directly calculated. Instead, the standard error for the natural 

logarithm of the odds ratio is calculated from the following equation: 

 

𝑆𝑆.𝐸𝐸. {ln(𝑂𝑂𝑂𝑂)}  =  � 1
𝐴𝐴𝐴𝐴

+ 1
~𝐴𝐴𝐴𝐴

+ 1
𝐴𝐴~𝐴𝐴

+ 1
~𝐴𝐴~𝐴𝐴

  (Equation 2) (Bland and Altman 2000) 

 

A normally distributed z-score, which is the standardized log of the odds ratio is then 

calculated using the following equation: 

 

𝑍𝑍 = ln (𝑂𝑂𝑂𝑂)
𝑆𝑆.𝐸𝐸.{ln(𝑂𝑂𝑂𝑂)}

  (Equation 3) 
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P-value is then produced by calculating the portion of the area under a standard normal 

distribution curve restricted by the Z-score. A p-value that is smaller than 0.05 (5%) 

means there is less than 5% chance that a null hypothesis is rejected. A standard method 

is used to determine which observed OR's are significantly different from 1, at the p < 

0.05 level. 
 

4.3 Adapting Odds Ratio for Equivalence measures 
To understand how odds ratio can be implemented for graph-based equivalence measures, 

it is necessary first to demonstrate how the equivalence measures and the graph-based 

data structure allows such calculation. The underlying spatio temporal relational graph 

(STRG) structure used for equivalence calculation is documented in Cheung et al. (2015a), 

and the identification of equivalence subgraphs from landscape graphs is documented in 

Cheung et al. (2015b). Here we summarize the key principles of these applications for 

the purpose of clarity in this paper. Analysis has been carried out in Matlab, but the 

procedures can be adapted easily into other environments. 

 

Building on the framework of graph theory, Cheung et al. (2015a) described a method of 

including the spatial and temporal domain in the graphs for the purpose of analysing all 

three domains in a uniform data structure. Instead of using a proximity based approach to 

identify patterns, as in Morimoto (2001) and Wang et al. (2009), a topological approach 

in the form of neighbouring patches was adopted. Similar to mathematical graphs, the 

basic structure of STRG is built from nodes and edges. The nodes in STRG represent 

centroids of patches in a landscape and edges represent the neighbourhood relationships 

between them. Since the nodes represent spatial entities that occupy physical space in the 

real world, they are encoded with geographical location in the form of Euclidean 

coordinates. Other information such as patch size, area occupied and other intrinsic 

properties of the patch are also encoded. The temporal domain is implemented as a stack 

of graphs representing the study area at different times, and the dynamics of nodes are 

tracked through time using object tracking methods. The resultant STRG is shown in 

Figure 4.2. 
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Figure 4.2: Structure and mathematical notation of STRG (Cheung et al. 2015a) 
 

Cheung et al. (2015b) suggested the existence of recurring subgraphs in STRG, and 

explored a particular type of subgraph based on relationship equivalence. Subgraphs are 

specific configurations formed from a subset of nodes and edges from a graph. 

Equivalence measures evaluate components of a graph from the perspective where 

substructures of a graph are “not defined by the amount of intra-role interaction … but 

by the intrinsic nature of other blocks (substructure) with which they connect” (Sailer 

1978 p.75). In terms of STRG, the purpose of equivalence subgraphs is to identify patches 

and patch types that have similar or identical neighbourhood patch types, as they could 

reveal the structure of the configurations of a landscape in the format of star-shaped 

subgraphs in a graph. Recurrence of particular subgraphs potentially points to their 

significance in the landscape in study. Cheung et al. (2015b) adopted regular equivalence, 

the least stringent equivalence measure. Regular equivalence entails identification of 

nodes that are of the same land type, and have connections to the same other land types 

(Figure 4.3). It does not consider how many connections of each type there are, as long 

as there is at least one. 
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Figure 4.3: Example of identifying regularly equal nodes in a graph (Cheung et al. 
2015b) 

 

One issue that arises using this approach is that the number of connections to each type 

can indicate the strength of the relationship between two neighbouring land types, but this 

information is not utilized by regular equivalence calculations. Without modifying the 

definition of regular equivalence, Cheung et al. (2015b) also introduced uniquely ranked 

connectivity (URC) to encode this information by ordering the connected patch types in 

accordance with their frequency of occurrence (Figure 4.4). 

 

 

Figure 4.4: Comparison between normal connectivity and URC (Cheung et al. 2015b) 

 

Using these methods, frequently occurring regular equivalence subgraphs were found for 

a land cover dataset of New Hampshire (described in the following section, see Figure 

4.5). 
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Figure 4.5: The top 5 most occurring regularly equal subgraphs in the study area 
(adapted from Cheung et al, 2015b) 

 

The adaptation of odds ratio is relatively straightforward. For each subgraph extracted 

from the data structure, there is a focus patch, the reference node of the subgraph, and a 

set of connected patches (nodes). Using Figure 4 as an example, a subgraph type is written 

as: SG = {1}{3, 2, [4, 5]}. As shown in the previous section, odds ratio is calculated by 

examining co-occurrence of two phenomena, A and B. For regularly equal subgraphs, the 

focus patch type becomes A, and the set of connected patch types becomes B. The 

resulting contingency table is shown in Figure 4.6. 
 

 

Figure 4.6: Contingency table for regular equivalence subgraphs 
 

In other words, we are calculating the odds of this set of connected patch types being a 

neighbour to the focus patch type, relative to other sets of connected patch types being 

neighbours to other focus patch types. 

 

4.4 Application on a real world dataset 
Outlined procedures have been implemented on a real world dataset to illustrate the use 

of odds ratio analysis. As in Cheung et al. (2015a, 2015b), two classified temporal land-

cover datasets from Great Bay, New Hampshire were used for demonstration purposes. 
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Pre-classified images were acquired from the Coastal Change Analysis Program (NOAA 

C-CAP 1995-present). The NOAA C-CAP project used Landsat Thematic Mapper 

imagery for land-cover classification at the full 30m pixel resolution. Our analysis is 

based on the patchy landscape mosaics built from these classes. The time span for the 

Great Bay data set is 7 years (1986 to 1993). For the purpose of clarity, the demonstration 

area is restricted to a 5 x 5 km region extracted from the imagery (Figure 4.7). 

 

 

Figure 4.7: NOAA CCAP Classified imagery and the associated spatial graphs 

 

In total, in 1986 there are 2689 unique regular equivalence subgraphs on this landscape. 

Of these, 1031 subgraphs with p > 0.05 were removed from further analysis due to their 

low significance. 1896 subgraphs were deemed not representative and were removed 

because they only have a singular occurrence. Some subgraphs are both not statistically 

significant AND are singletons. After the removals, 405 unique subgraphs remained that 

have rejected the null hypothesis and have multiple occurrences. Table 4.1 and 4.2 show 

the top 20 subgraphs in terms of occurrence. 92 subgraphs have an odds ratio of infinity 

(∞), meaning that the set of connected patch types only appears with a specific focus 
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patch type. Their properties are explored later in this paper. The 1993 data include 2674 

unique subgraphs, of which 483 remained after removals. 

 

Table 4.1: Top 20 regularly equal subgraphs in 1986 
 

 

Table 4.2: Top 20 regularly equal subgraphs in 1993 
 

Results of the significant test are binary, as subgraphs are either statistically significant, 

or not. However, the test does not satisfy our need to identify more noteworthy 
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subgraphs with unique characteristics. For the purpose of examining characteristics of 

the subgraphs in depth, we must look at their occurrences and odds ratio. 

 

We might expect high occurrence and prominence of subgraphs with the simplest 

geometry (with single connected land type). However, our results show there is no 

apparent relations between occurrences and odds ratio. Assessment of the odds ratio for 

our subgraphs (Tables 4.1 and 4.2) shows that single connected subgraphs are not as 

prominent as some of the more complex subgraphs. This phenomena relates to how odds 

ratio is calculated. Although many of the single connected subgraphs have high 

occurrences, it is important to remember that odds ratio is not calculated by occurrence 

alone but also considers how often a set of connected patch types associates with other 

focus patch types. So if a set of connected patch types appears very often with other focus 

patch types, then it is unlikely that a subgraph with this set is statistically prominent. 

Nevertheless, occurrence is still useful for verifying significance of high odds ratio 

results, since a subgraph with a high odds ratio but very low occurrence might not be 

noteworthy either! Contextually, this result tells us that the most frequently occurring 

subgraphs might not be the most interesting ones, and emphasis should be given to 

subgraphs with high odds ratio AND high occurrences. 

 

The top occurring subgraph “Mixed Forest – Deciduous Forest” does not have very high 

OR. It is due to the fact that both land types tend to connect with other land types 

frequently. As a result the arrangement of this pair is not special. Nevertheless, the 

abundance and persistence of this subgraph on the landscape potentially means two 

things: The robustness of the arrangement between this pair of land types, and how it 

serves as the main characteristics of the landscape. This configuration is robust because 

these two land types are not in competition with each other and that the deciduous forest 

patches tend to enclose smaller and arguably more changeable mixed forest patches 

(Cheung 2015a). The abundance of this subgraph also tells us that despite deforestation 

in the area (Cheung 2015a), the structure of the forests stayed relatively intact. 

 

Looking at subgraphs with higher OR reveals more interesting insights. In both 1986 and 

1993, subgraph “Scrub/Shrub – Grassland/Herbaceous, Deciduous Forest” has 

significantly higher OR than subgraphs with even higher occurrences. The characteristics 

and significance of this subgraph for this landscape was already noted in Cheung et al. 
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(2015b). OR and significance test provided evidence for this transition zone. With this 

information in hand, we can be confident that there are many transition zones from 

heavily to lightly vegetated areas in the study area. 

 

Some other interesting examples of subgraphs can be discerned from the dataset. 

Subgraphs with Open Water as the focus type have relatively high odds ratios given their 

relatively low occurrences. Their high odds ratios are produced by the combination effect 

of contributing a large portion of the rare Open Water patches, but only to a few subgraphs 

that connect with Palustrine Emergent Wetland, another rare patch type on this landscape. 

In fact, all of the Open Water focused subgraphs connect to some Palustrine Emergent 

Wetland. From the perspective of Palustrine Emergent Wetland, there are 138 direct 

occurrences involving Open Water where either land types are the focus patch type, and 

only 53 direct occurrences without it. If we examine the transition matrix of the landscape 

(Table 4.3), we can see that Open Water and Palustrine Emergent Wetland have a 

“healthy” exchange of area from 1986 to 1993. The net change between the two land 

types during the period is just two cells. Therefore by examining the landscape 

composition in the transition matrix and landscape configuration from subgraphs, we can 

determine that these land types area are not only compatible with each other, but they are 

also dependent on each other (it is more likely that Palustrine Emergent Wetland depends 

on Open Water than the other way around). 

 

Cultivated Crops, which has even less number of patches and smaller coverage area than 

Open Water, follows a similar trend of high odds ratio and low occurrence. All subgraphs 

with Cultivated Crops as the focus patch type have at least one connection to either 

Grassland/Herbaceous or Scrub/Shrub. The juxtaposition might be because it is easier to 

create plantations in less vegetated areas. 

 

Finally, Bareland-focused subgraphs have high odds of connecting with developed areas 

(High or medium density) or Grassland/Herbaceous. This suggests that an area will be 

cleared of vegetation before being developed. 
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Table 4.3: Transition matrix from 1986 to 1993 
 

These examples show that apart from occurrences, the portion of patches from a land type 

to a subgraph plays perhaps a bigger part in determining noteworthy subgraphs, since it 

points directly to non-random coupling of focus patch type and connected patch types. 

Similar trends are seen for Bareland and Cultivated Crops focused subgraphs are always 

associated to some Grassland/Herbaceous subgraphs. 

 

Numerous patterns with an odds ratio of ∞ are not shown in Tables 1a and 1b. An infinite 

odds ratio happens when a set of connected patch types associates only with a singular 

focus patch type and nothing else. An example would be subgraph "Palustrine Emergent 

Wetland - Palustrine Scrub/Shrub, Open Water" in 1986. It has an occurrence of 26 (i.e. 

AB = 26), but the set of connected patch types (Palustrine Scrub/Shrub, Open Water) 

does not appear in other subgraphs where Palustrine Emergent Wetland is not a focus 

type (i.e. ~AB = 0). If we examine equation 1, ~AB is a denominator. Thus the OR for 

this subgraph becomes ∞ and implies a strong relationship between the focus patch type 

and the set of connected patch types. 

 

An infinite odds ratio primarily reflects subgraphs of at least a certain degree of 

complexity or subgraphs that are composed of obscure patch types with small coverage 

areas which leads to their low occurrences. In total only 25 out of 91 subgraphs with 
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infinite OR have multiple occurrence. A subgraph such as "Palustrine Emergent Wetland 

- Palustrine Scrub/Shrub, Open Water" with an infinite odds ratio and a high occurrence 

is a rarity (Table 4.4). Subgraph "Palustrine Emergent Wetland - Open Water, Palustrine 

Scrub/Shrub" has an identical statistical property albeit with a lower occurrence. Taking 

into account that these two patterns are essentially the same, this result suggests that the 

topological structure of these two patterns is robust compared to other patterns. 

 

 

Table 4.4: Top 5 subgraphs with infinite odds ratios 

 

In 1993, this pattern no longer has an infinite odds ratio. Nonetheless, only a singular 

occurrence is recorded for this set of connected patch types to associate with another 

focus patch type. It is also noteworthy that only one subgraph out of the top five persisted 

in the list from 1986 to 1993, an indication that these unique configuration do not tend to 

be persistent through time. 

 

Apart from examining occurrence and odds ratio for individual subgraphs, it can also be 

worthwhile to look at different configurations of a subgraph comprised of the same patch 

types, as it could reveal the interactions of the patch types involved in a same composition. 

Compositions are the entire set of patch types involved in a subgraph. Three compositions 

each involving one focus patch type and two connected patch types are presented in Table 

4.5. 
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Table 4.5a, b and c: Top 6 configurations for three different compositions 

 

The two compositions in Table 4.5a and 4.5b are quite similar. They show “clique-ish” 

behaviour where any configurations with the same composition produced significant odds 

ratios. For both compositions there are configurations with significantly higher odds 

ratios than others. For example, in the first composition, Palustrine Emergent Wetland 

focused subgraphs are far more likely to occur than the other two patch types in the 

composition. Intrinsic properties of the three patch types in the composition, are 

indicative of transitions from a terrestrial to aquatic environments (Palustrine 

Scrub/Shrub – Palustrine Emergent Wetland – Open Water). The topology of Palustrine 

Emergent Wetland focused subgraphs means that Palustrine Emergent Wetland must be 

“sandwiched” between the other two patch types. Therefore, the high odds ratios of these 

subgraphs points to the significance of the existence of the afore-mentioned transition 

area. 

 

A similar phenomenon occurs for Scrub/Shrub in the second composition. The 

composition Deciduous Forest – Scrub/Shrub - Grassland/Herbaceous reflects the 

transition from heavily vegetated area to sparsely vegetated area. The high odds ratios of 

87 
 



 

Scrub/Shrub focused subgraphs in this composition indicates the significance of this 

transition. 

 

The third composition (Table 4.5c) does not have the clique-ish symmetry indicated for 

the other two compositions as 3 out of 6 possible configurations are removed due to low 

significance and/or low occurrence. The remaining configurations tell a story similar to 

the previous examples. The composition Developed, High Density – Bareland – 

Grassland represents a transition from an expanding human settlement into vegetated 

environments. Again, the high odds ratios of Bareland focused subgraphs supports the 

existence of such a transition area. However, there is also a Developed, High Density 

focused subgraphs with an infinite odds ratio. Although it suggests the significance of 

this subgraph, the low occurrence and the removal of another Developed, High Density 

focused subgraph is an indication of the complex behaviour of human created land types. 

In this case, factors other than topological significance may influence transitions in such 

rapidly expanding human-influenced areas. 

 

This analysis demonstrates the importance of examining both composition and 

configurations of subgraphs, as well as the significance of interdependency of patch types 

on this particular landscape. Building upon this analysis of the relevance of composition 

and configuration, we expand the monitoring to assess every statistically significant 

subgraphs on the landscape. First we group up subgraphs based on their composition. 

After that, a combined occurrences of subgraphs in individual composition groups are 

compiled. Table 4.6 shows the top 20 compositions in the study area in 1986. 
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Table 4.6: Top 20 compositions in 1986 
 

Of the top 20 compositions, only two are human influenced land types (Developed, 

Medium Density and Developed, High Density). Apparently, compositions of supposedly 

low human influence dominate the landscape. Furthermore, similar to subgraphs, 

complex compositions involving more than two patch types are dominant. The 

persistence of this phenomena both in composition and configuration suggests the 

importance and prevalence of spatial complexity on this landscape. However, results 

indicate that configurations are not random, and they are analytically feasible. 

 

4.5 Application on synthetic datasets 
To assess the achievements gained using real dataset, two sets of synthetic data were 

generated and analysed using the same method. The first set started with a randomly 

generated image with the same size as the real world dataset (200 x 200) and the same 

number of patch classes (i.e., 13). The image was put into the GenDrift P Local model in 

NetLogo (Wilensky, 1999) to produce a dynamically changing landscape. The model is 

based on a voter model (O’Sullivan and Perry 2013, pages 78-82) and is conceptually 

simple: on each tick, every cell randomly selects one of the eight neighbouring cell and 

copies its value. In this set of data, one or several types of patches in the model showed 

slight advantageous over the others but never truly dominated the landscape. Each 

generated landscape evolves for ten thousand cycles, with snapshots taken every hundred 

cycles. In total, 101 images were acquired per generated landscape.  Figure 4.8 shows the 

distribution of the top 5 regularly equal subgraphs on the landscape. 
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Figure 4.8: An example set of randomly generated images with top 5 occurring regular 
equivalence subgraphs 

 

If there is any interaction structure in this landscape, then odds ratio did not reveal it. The 

result shows that all the subgraphs have low occurrence and their statistical significance 

is very low. In fact none of the subgraphs from the entire set of 100 snapshots passed the 

significance test. This suggests that no matter the number of patches or patch types, the 

“structure” of the landscape is statistically random from the beginning until the end. This 

result is understandable due to the circumstances and parameters under which the 

synthetic datasets were generated and evolved (randomly generated and stochastically 

evolved without concerning for patch compatibility). With the lack of statistically 

significant results and proper context for the synthetic landscape, more in depth analysis 

will not yield more results. The difference in results between the synthetic and real dataset 

gives an indication that the configurations we have in the real landscape (dataset) is not 

random, but follows certain rules that lead to the analytically feasible landscape we have 

in this study. 

 

The second set of synthetic data was generated using the Cities CORE Model (Lechner 

et al. 2004). This NetLogo-based model simulates the birth and growth of components of 

a city: residential area, commercial area, industrial area, parks, and roads by using agent-

based modelling. The landscape generated and evolved by this method is thus non-

random. For the purpose of demonstration, a city was generated from a piece of flatlands 

(or grassland) with city building agents constructing the city for 1000 cycles (ticks) 

(Figure 4.9). The result is a growing city with seemingly spatially configured 

components. 
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Figure 4.9: A set of images generated with Cities CORE model with top 5 occurring 
regular equivalence subgraphs 

 

Results from OR analysis indicate that the subgraph with highest OR is “Parks – Local 

Roads, Flatland”. Similar to Open Water in the real world example, Parks have a small 

number of patches and small coverage area. Therefore a handful of parks that connect to 

local roads and flatlands can already cause the high OR. The highest occurring subgraph 

in the whole series of images is “Residential – Local Roads, Flatland”, which is expected 

since the model suggests residential growth as the highest growth rate out of the three 

main land use types. There is an abundance of subgraphs with roads and flatlands as 

connected types. Many subgraphs have roads as connected types because the model 

assumes the need for road construction before development. In other words, agents of 

land use developments can only “attach” their work next to the roads that were already 

built by road building agents. The reason that Flatland is involved in many high occurring 

subgraphs is because it is the background from which the city is built, hence any cells that 

have not been developed are flatlands. Here we see that the method can also identify 

relationships between landcover types in hypothetical landscapes where the rules were 

written into the landscape in a simulation model. 

 

4.6 Conclusion 
Odds ratio analysis provides a helpful analytical tool to appraise STRG, enabling 

assessments of important compositional and configurational attributes of land type in the 

landscape. Interpretation of results from regularly equal subgraphs suggests that analysis 

of topological relationships mirrors many concepts from landscape ecology, including 

evidence of transition zones and complex interacting landscapes. The use of odds ratio 

on STRG can support quantitative analysis of key concepts in landscape ecology. 
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Further work is required to assess how unique patterns, although statistically interesting, 

might not contribute to the integrity of the landscape. Odds ratio could be weighted 

according to the area of the patches involved in a subgraph to address this issue. 
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5 Landscape structure and dynamics on the Qinghai-Tibetan Plateau 
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2Department of Geography, University of California, Berkeley 

Spatial statistics contains a large number of tools in determining the underlying 

structure that defines the composition and configuration of landscapes. Despite the 

merits of simplicity in these calculations, elements of landscape configurations 

often remain buried in the raw data. In this research we use graph theory and 

associated analytical tools to analyse land cover datasets from two parts of the 

Qinghai-Tibet Plateau. The dynamics of their landscape systems are assessed via 

their relational changes through space and time. Compositional information 

provided by spatial statistics is used in conjunction with graph-based analysis to 

provide direct identification and assessment of landscape configuration. Combined 

analysis using spatial statistics and graph theory reveals  the difference in dynamics 

between the grassland system and the human-tended agricultural system, and also 

the modes of landscape degradation on grasslands. Knowledge gained from these 

analytical methods can assist the planning of environmental protection and 

recovery. Instead of planning schemes through discrete snapshots of landscapes, 

they can be planned better around landscape dynamics which not only offer 

information on landscape structures, but also trajectories of individual phenomena. 

Keywords: Graph theory, spatial analysis, landscape dynamics, landscape 
monitoring, Qinghai, grassland 

 

5.1 Introduction 
Concerns for environmental degradation and recovery are key themes in landscape 

ecology and management. Whether trends and trajectories reflect climate change, 

government policies, landuse change and the like, analyses of system behaviour that 

assess landscape changes and persistence underpin their effective applications. 

Understanding these patterns and interrelationships aids efforts to monitor and assess 

landscape sensitivity and resilience more accurately. The emergence of geospatial 

systems, sciences and remote sensing in recent decades provides increasingly important 
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insights to inform environmental protection and management. As we enter an era of 

increasingly high resolution and wide coverage information/data, captured with 

increasing frequency, we have an unprecedented capacity to monitor environmental 

change. Inevitably, we are overwhelmed by the increasingly intractable inherent 

complexity of these data. Although existing methods can be scaled accordingly to 

accommodate larger datasets, they do not necessarily provide an appropriate analytical 

perspective on the landscape systems and dynamics from which the data is derived. More 

effective suites of procedures are needed to conduct monitoring analysis of identified 

areas of potential environmental concerns, and to interpret evolutionary changes/traits. 

From the perspective of landscape ecology, the structure of a landscape is determined by 

the composition and configuration of landscape units. Landscape composition reflects the 

relative abundance of patches of different classes on a landscape (McGarigal et al. 1995). 

Gustafson (1998) further divides compositional analysis into two components: richness 

and evenness, where richness refers to the number of classes and patches on a landscape, 

and evenness refers to the distribution of these classes and patches. Landscape 

compositions are often analysed using spatial statistical indices such as number of patches 

in a class, mean area of patches, total area covered by a class and so forth. Spatial statistics 

has been the mainstay for analysing compositions and configurations in landscapes for 

the past few decades. Measurements of spatial heterogeneity and landscape fragmentation 

alike can be assessed using different statistical indices provided by this framework. The 

simplicity of its operations leads to its prevalent usage in geographical and landscape 

ecological analyses. However, many researchers have argued that such procedures are 

unable to capture both the structural and functional properties of a landscape (Rutledge 

2003, Calabrese and Fagan 2004, Southworth et al. 2010, Kupfer 2012). Due to the 

“aggregate and summarize” approach, capturing landscape configurations using spatial 

statistics causes loss of structural information from the data, resulting in an incomplete 

landscape picture. In other words, we know that these patches exist on a landscape, but 

we do not know how they are assembled. Furthermore, a lot of widely used indices from 

spatial statistics are “layer-centric”, where results from different land types in a study area 

are not explicitly related to each other. Without this vital structural information, systems 

and processes on landscapes, which are the main components of landscape ecology, can 

only be defined by using statistics as a proxy. Nevertheless, spatial statistics serve well 
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as an analytical foundation by providing information on the general sequence of events 

that affect the elements that make up the landscape. 

Alternative approaches to the analysis of landscape configuration could provide 

significant support for process-based interpretation of landscape change and persistence. 

As spatial data become more accessible, at increasingly fine spatial and temporal 

resolutions, modern computing power enables us to conduct analysis at a scale previously 

not possible. With these advances, attempts have been made to access directly the 

configurational and structural properties of a landscape embedded in relevant datasets. 

For example joins-count examines neighbourhood patches in order to assess if some types 

of landscape element are more likely to occur around each other (Kabos and Csillag 2002). 

McRae et al. (2008) used circuit theory to evaluate connectivity of landscape elements. 

McGarigal et al. (2009) utilized multiple layers of surfaces in an attempt to capture 

landscape structures. Graph theory has also been shown to capture the structural (Barr 

and Barnsley 1997, Thibaud et al. 2013) and functional (Cantwell and Forman 1993, 

Phillips et al. 2015; Urban and Keitt 2001) properties of landscapes. These studies show 

that spatial topology can play a significant role in configurational analysis, helping to 

define the structural property of a landscape. 

Here we demonstrate a combined approach using spatial statistics for compositional 

analysis and graph-based analytics for configurational analysis. Spatial statistics is useful 

in providing information on the general character of each land type at each temporal 

snapshot, laying the foundation for further analysis. Graph-based analytics is specifically 

employed for configurational analysis. This approach builds upon graph-based analytical 

tools that have proven to be useful in retrieving topological patterns (Cheung et al. 2015, 

submitted a, b). Relationships between juxtaposed patches of all land types are recorded 

via spatial topology. Configurations of the landscape can be defined through extraction 

and analysis of regular equivalent subgraphs. 

By combining the use of spatial statistics and graph-based analysis, monitoring of both 

landscape composition and configuration can be conducted in a more comprehensive 

manner than using statistics alone. Having compositional and configurational information 

through space and time enables the analysis of landscape systems and processes and from 

there a better analytical representation of the landscape can be built. .  
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In this research, spatial statistics and graph analytics are used together to assess two 

landscape areas on the Qinghai-Tibetan Plateau in western China. This area was selected 

because it is experiencing major development pressures with concerns for environmental 

impacts and prospective environmental futures (Shao et al. 2012). 

 

5.2 Spatial statistics used in this study 
Spatial statistics indices aggregated in the form of accessible computer programs such as 

FRAGSTAT (McGarigal and Marks 1995) has been popular amongst geographers, 

biologists and landscape ecologists for the past 20 years. FRAGSTATS was an effort to 

link processes and patterns in a landscape by producing distribution statistics at patch, 

class and landscape levels. Its applications, merits and drawbacks have been recently 

reviewed by Kupfer (2012). Other researches reported that some spatial indices offered 

by FRAGSTATS are inter-correlated and can be represented by a smaller set of indices. 

For example, Riiters et al. (1995) reported that six out of the twenty four landscape 

metrics utilised in their study can explain 87% of the variations on the landscape. 

Similarly, Cushman et al. (2008) reported multiple accounts where landscape metrics are 

related to each other. Furthermore results from this and other studies (e.g. Li et al. 2001, 

Rainers 2002, Linke and Franklin 2006, Schindler et al. 2008, Southworth et al. 2010, 

Uuemaa et al. 2011) pointed out that certain indices works better for specific types of 

landscapes. Thus it is important to define the objective of the research in order to select 

the indices that best represent the landscape. 

In this research, key patch statistics and configurational indices used in most case studies 

are employed to assess landscape composition and to assist interpretation of landscape 

configurations in the study areas: 

Number of patches (NP): Total number of patches in a class.  

Percentage land cover (PLAND): The percentage of the area occupied by a class 

Mean patch size (MPS): The average size of patches in a class. Variances are not utilized 

in this research due to the homogeneity of patch sizes in their respective classes. 

Edge density (ED): The total length of edges in a class divided by the area occupied by a 

class 
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Interspersion-juxtaposition index (IJI): The degree of adjacencies between a class and all 

other classes. A low index means this land class is predominantly adjacent to a small 

subset of land classes in the study area, while a high index indicates it is equally adjacent 

to the entire set of land classes.  

Statistics produced from patch areas form the most fundamental but essential 

compositional metrics. McGarigal (2014 p.94) mentioned that although total area 

statistics do not provide a lot of interpretative information for landscape patterns by 

themselves, they define the extent of classes on the landscape, thereby generating a 

parameter that can be used to calculate more complex landscape metrics. Raines (2002 

p.170) also echoes this view by saying “Each statistic [of FRAGSTATS] in isolation 

could mislead the interpretation. Interpreted together they provide a powerful descriptive 

tool”. In other words, although these statistics tells only a small story of the landscape if 

used individually, more complex information such as the scale of fragmentation of a land 

type can be told by combining the indices on number of patches, their average sizes and 

the amount of land these patches covered.  

Other indices can be used to capture configurational properties of patches. For example, 

Edge Density (ED) evaluates how fragmented a class is by looking at how much edge a 

class has per area unit (McGarigal 2014). High ED means that the class has lots of edges 

and is potentially heavily fragmented on the landscape, while low ED suggests otherwise. 

Interspersion and Juxtaposition Index (IJI) examines the length of borders (cell edges) 

shared between different patch classes (McGarigal 2014). However, these two indices 

marginalise different aspects of spatial configuration (different class combinations, 

number of patches involved, how patches are neighbouring each other, etc.) by providing 

a singular index value produced from only the number of classes involved (what classes 

does not matter). In other words, this approach does not utilize land type specific 

relationship information, as a result leads to possible marginalization of the importance 

of neighbourhoods consisting of specific land types. The lack of proper assessment of 

configurations means that our ability to interpret the landscape is hindered at a basic level 

(Cheung 2015a). Nevertheless, as shown in the following sections, these indices can be 

used to assist the interpretation of landscape in conjunction with graph analysis. 

Also provided in the analyses is the transition matrix, which records between two raster 

images the number of cells from each land class that either remained in the same land 
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class or became other land classes. This method is temporal by nature in that it directly 

records the changes that transform the dataset at T1 into that of T2. However it is still 

aggregative and spatiality is marginalized. 

 

5.3 Graph Theory (Data structure, GED, Regular Equivalence and Odds 
Ratio) 

Attempting to fill a gap in analysis of spatial configurations using spatial statistics, graph 

theory approaches landscape analysis from a relational perspective where landscape 

elements are not standalone entities but exist in relation and in interaction with each other. 

Whereas spatial statistics provides information on landscape composition, graph analysis 

produce information regarding landscape configuration of patches. 

A Spatio-temporal relational graph (STRG) data structure (Cheung et al. 2015a) can be 

used to assess landscape configurations. Using graph edit distance (GED) and analysis of 

equivalence subgraphs, STRG provides configurational information about a landscape 

through the topological properties of landscape patches. 

Built upon nodes and edges as in mathematical graphs, STRG encapsulates spatial and 

temporal domains in relational graphs so graph-based analytical tools can be used to 

interrogate the landscape. The nodes in STRG represent patches in a landscape and edges 

represent their neighbourhood relationships. As each of the nodes represent a spatial 

entity they are encoded with the entity’s geographical location. Auxiliary geometric 

information such as patch size, area occupied and other intrinsic properties of the patch 

can also be encoded into the data structure (Figure 5.1). The temporal domain is 

implemented as a stack of graphs representing snapshots of times and the dynamics of 

nodes through time are tracked using object tracking methods (Cheung et al. 2015). 
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Figure 5.1: Structure and mathematical notation of STRG and regularly equal 
structures. Adapted from Cheung et al. (2015a, 2015c) 

 

One of the most elementary form of landscape analysis which can be performed in STRG 

is change detection by Graph Edit Distance (GED). GED monitors changes on the 

landscape by documenting additions and removals of nodes and edges from one snapshot 

to the other. The example in Figure 5.2 shows the operation of changes included the 

removal of node vD, edge vBvD, and the addition of node vE, edge vCvE. If the cost of each 

edit operation is equal to 1, then the total edit distance d(G1, G2) is 4. 

 

 

Figure 5.2: Conceptual example of GED (Cheung et al. 2015a) 
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GED allows us to capture the dynamics of topological relationships between landscape 

elements. 

Cheung et al. (2015b and 2015c) discussed the extraction of substructures from STRG in 

the form of regular equivalence subgraphs and how these subgraphs can be analysed using 

odds ratios. Subgraphs are specific configurations formed from a subset of nodes and 

edges from a graph. In terms of STRG, a set of regularly equivalent subgraphs consist of 

nodes (patches) that are the same land type, and are connected to a set of identical 

neighbourhood land types (Figure 5.1). The structure of the configurations of a landscape 

can be analysed by monitoring the recurrence of particular subgraphs in a landscape. 

Odds ratio (OR) is used to assess how the presence of a phenomena X is associated with 

the presence of phenomena Y in a population. For each regularly equivalent subgraph 

extracted from the data structure, there is a focus patch, which is the reference node of 

the subgraph, and a set of connected patches (nodes). Using Figure 5.2 Graph 1 as an 

example, a subgraph type is written as following: SG = {C}{[A,B]}. Thus the focus patch 

type {C} becomes X, and the set of connected patch types {[A,B]} becomes Y, generating 

the contingency table shown in Figure 3: 

 

 

Figure 5.3: Contingency table for regular equivalence subgraphs 
 

In other words, we are calculating the odds of this set of connected patch types being a 

neighbour to the focus patch type, against connecting to other focus patch types.  

 

5.4 Study area and data 
The Qinghai-Tibetan Plateau (QTP) is the largest high elevation plateau landscape on 

Earth. The Sanjiangyuan region that makes up much of the southern half of Qinghai 
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Province literally refers to the “origins of the three rivers” region. Two of the rivers, the 

Yellow River and the Yangtze River are the main sources of water for large parts of China. 

The third river, Lancang River supplies water to south western China, while its lower 

reaches serves South East Asia as the Mekong River. The Sanjianyuan area is very 

sensitive to climate and landuse changes. Significant environmental protection measures 

have accompanied government initiatives to promote the “Greater Development of the 

West” (Li et al. 2012). Urbanization, infrastructure development and moves towards 

agricultural intensification have brought about rapid landuse changes in this vast region. 

Ongoing environmental changes include retreating glaciers, melting permafrost, 

destabilization of hillslopes, decreasing river flows, diminishing wetlands, grassland 

degradation, and desertification. Given the inherent complexities of such process 

interactions, and their associated uncertainties, greater importance has been placed upon 

the development of monitoring programmes to assess environmental change, impacts on 

resource availability (especially soil and water resources) and ecological values. For 

example, such applications can be used to identify especially sensitive areas, or to 

interpret “thresholds of potential concern” (e.g. Groffman et al., 2006; Huggett, 2005). 

Similarly, these applications can be used to test the effectiveness of management 

programmes and associated government policies (Shao et al. 2012), and adapt framings 

based upon findings. 

Despite the importance of the concerns, environmental management on the QTP is 

hindered by lack of appropriately scaled, comprehensive data, and analytical work. 

Despite recent infrastructure developments, this area remains relatively inaccessible. 

Comprehensive field-based survey is not possible. Hence the development of monitoring 

and analytical procedures is vital. The development of geographical analysis methods 

using remote sensing data is critical in providing timely and accurate information to 

underpin management activities. 

In this research, two study areas are selected from the QTP area. One is the area around 

Xining city, the provincial capital of Qinghai Province, and the second is Maduo County, 

about 500km south west of Xining (Figure 5.4). 
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Figure 5.4: Location of Xining and Maduo 

 

These two sites differ considerably. Xining city is located in the Huangshui river valleys 

in the north-eastern corner of the QTP. It has an elevation of about 2,200m asl and a 

population of about two million. Outside the urban area, the neighbouring areas are 

occupied by agricultural activities. The rapid development of the north-western provinces 

pushed by the government means that the area has undergone rapid changes in the past 

two decades. Maduo County is situated in the south-eastern side of the QTP at about 

4,400m asl. It makes up the source zone of the Yellow River, immediately downstream 

of Zhaling and Erling Lakes. The region has a typical cold desert steppe climate. The 

population of the county is about 10,000. Traditionally most of the population practiced 

nomadism and the county is classified as one of the state-level poverty stricken counties. 

Due to its elevation, there are no significant assemblages of trees or forests in the area. 

Despite that, the Maduo area has rich water resources as well as alpine meadows which 

support high biodiversity. Attempts to lift the economic situation in the area led to the 

resettlement of many nomads and their adjustment to non-nomadic cattle farming. Due 

to historical mistakes in managing the area, together with the effect of climate change, 

the sensitive grassland and wetland systems have been affected significantly in recent 

decades. Since then, government driven environmental policy has been implemented in 

attempts to reduce the amount of grassland degradation from human and natural factors. 

This has resulted in numerous changes to the landscape over the past 10 years. 
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Due to the difficulty in accessing coherent data for the two regions, two different sets of 

raw data are utilized for this research, one for each study area. Each study area is about 

170km x 183km, similar to the area covered by a Landsat scene. The monitoring period 

for the Xining area is from 1980 to 2000, consisting three snapshots from 1980, 1995 and 

2000, and Maduo area is from 2005 to 2009, consisting two snapshots from 2005 and 

2009. Reprojection of data from WGS84 to UTM was necessary for the purpose of areal 

statistics calculation in FRAGSTATS. 

1:100,000 scale landcover datasets for the Xining study area for 1980, 1995 and 2000 

(Figure 5.5) were kindly provided by the Environmental and Ecological Science Data 

Center for West China (WestDC 1980, 1995, 2000). Each dataset is compiled from 

collected information through that particular year. No classification adjustment is needed 

on this set of data. For the purpose of this study, the vector formatted data is converted to 

raster with a cell size of 300m. The Xining area is also characterised by 17 classes, albeit 

with different focus than the GlobCover dataset (Table 5.1, left). 

 

 

Figure 5.5: Coverage of Maduo study area by WestDC landcover dataset in 1980, 1995 
and 2000 

 

The data used for the Maduo area is from GlobCover by the European Space Agency 

(GLOBCOVER / ESA Initiative 2005-2009). GlobCover provides 300m resolution 

global land cover data by processing raw data acquired from the MERIS sensor on the 

ENVISAT. GlobCover provides data for two time snapshots for the year of 2005 and 

2009 (Figure 5.6). The land covers are classified into 22 thematic classes and the Maduo 

study area is characterised by 17 classes. Preclassified data is used due to the fact that 

classification of landcover itself it a major research topic. Being a dataset with a world 
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coverage, the classification scheme might not suit some parts of the globe. The 

classification problem in the Maduo study area relates to the wide distribution of 

croplands. To the best knowledge of the authors, with the combined factors of climate, 

soil and high altitude, cropland area is scarce in Maduo and the main form of farming is 

cattle herding. After cross examining the distribution of the classes with remote sensing 

imagery, the classification system has been adjusted to reflect these changes (Table 5.1, 

right). 

 

 

Figure 5.6: GlobCover coverage of Maduo study area in 2005 and 2009 
 

 

 

Table 5.1: Landcover types in the study areas 
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5.5 Results 
Three analyses were conducted on each study area. The first entailed basic spatial 

statistics produced using FRAGSTATS and transition matrix. Statistics on the coverage 

area, number of patches, mean patch sizes, patch density and interspersion juxtaposition 

index are produced for each land type in all snapshots in each of the study areas. 

Transition matrix is produced to monitor the exchange of coverage areas between 

different land types. These statistics provide us with a compositional view of the 

landscape. The second and third analyses that specifically target configuration were 

conducted by GED analysis and Regular Equivalence subgraph extraction and assessment 

in Matlab. The results for these analysis are shown in Appendix A, B, C and D, and are 

summarized in Table 5.2. 

 

 

Table 5.2: Summary of results 
  

5.5.1 Xining 

The Xining study area is characterised by 17 land types. Despite the mountain ranges and 

river valleys restricting the growth of urban areas along the valley floors, agriculture is 

quite prominent even on steep gradient mountains in the study area. Throughout the study 

period, about 60% of the study area is covered by grassland of various quality. The 

105 
 



 

climate of Xining is relatively mild. With nutritious runoffs from valleys, it is one of the 

most suitable area for agriculture (~10% coverage) in the Qinghai province. 

From spatial statistics, we see that the landscape dynamics in the Xining area are 

relatively inert, with all changes of coverage area from all land types being less than 1% 

and changes in the number of patches also negligible (Appendix A, Table 2). From these 

values, one can conclude that the landscape is neither becoming more fragmented nor 

more structured. But if we examine the transition matrix (Appendix B, Table 4), it is 

revealed that notable if not significant exchange of coverage area between land types 

occurred. The largest exchanges occurred between the three different types of grasslands 

(High-coverage, Medium-coverage and Sparse-coverage). The large number of 

interchanges is not surprising as the alpine environment is volatile in multiple ways and 

the health of the grassland is an indication of constant adjustments of vegetation cover in 

the area. Results from GED analysis for the same study periods echo the same message 

with numerous transitions among the different grassland types (Appendix C, Table 6). 

Interestingly the number of edits between most land types from 1980 to 2000 are far lower 

than from 1980 to 1995. In other words, the landscapes in 1980 and 2000 bear more 

similarities with each other than with 1995.  

The most notable subgraph composition in the Xining area is “Medium-coverage 

Grassland, High-coverage Grassland and Shrubland” (Appendix D, Table 8). The 

appearance of multiple significant configurations with this subgraph composition through 

the study period is open to various interpretations. The three land types are prominent in 

terms of coverage area on the landscape, and their patches tend to be located next to each 

other in various different arrangements. It also means that the grasslands and shrublands 

are compatible in the sense that they do not interact negatively with each other. The 

similarity of these involved land types means that they resemble various states of the same 

phenomena. In this case, these three land cover types represent different levels of 

vegetation succession and abundance in the classification scheme. The composition 

“High-coverage Grassland, Medium-coverage Grassland and Sparse-coverage Grassland 

are also prevaluent, but to a lesser extent. From the vegetation abundance point of view, 

it is apparent that natural land types tend to be neighbours with other natural land types 

of similar vegetation abundance. The interactions between these similar land types might 

also signify frequent transitions between different states of vegetation abundance. 
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Despite the prominent presence of configurations with subgraph composition “Medium-

coverage Grassland, High-coverage Grassland and Shrubland”, they are not the most 

statistically significant as represented by their OR. The subgraph “Low density Urban - 

Rainfed Cropland” has far higher OR (> 27 for all three time snapshots) than other 

subgraphs with similar occurrence, indicating this topological relationship is very much 

non-random. Compared to the grassland areas, the transition matrix shows that the 

dynamics of these two land types are not particularly high even at cell level. In other 

words, most of the Low density Urban and Rainfed Cropland areas remained unchanged 

through the study period. Spatial statistics show the average patch size of Low density 

Urban areas is about half of Rainfed Cropland, indicating the developed area, which 

mostly consists of farming-oriented villages are surrounded by croplands. The IJI of 

Rainfed Cropland is significantly higher than that of Low density Urban area, so while 

Low density Urban area tends to appear more together with Rainfed Cropland, the same 

cannot be said otherwise. IJI cannot tell us more regarding the significance of this 

relationship. From the perspective of graph analytics, this subgraph demonstrates 

significant topological and proximal relationships between the croplands and the 

dwellings of the workforce that tends them. Although GED analysis and the transition 

matrix show that coverage area of Rainfed Cropland increased from 1980 to 1995, then 

decreased in 2000, the significance of this configuration persisted through time as seen in 

its persisting high OR. This indicates that this configuration/phenomena is an important 

characteristic of the landscape in the study area. Furthermore, the most frequently 

occurring significant subgraphs involving Water are “Water - Rainfed Cropland” (in 1980 

and 2000) and “Water - Rainfed Cropland, Low density Urban” (in 1995). These 

subgraph configurations are understandable as croplands require stable water sources to 

thrive. The configurational interaction of developed area with croplands, and croplands 

with water are signs for the existence of agricultural-oriented communities in the study 

area. Finally, compositional statistics show that these human tended land uses are also 

less susceptible to changes compared to untended grasslands and shrublands. 

If we combine the knowledge about the interacting grasslands and shrublands with the 

croplands and developed areas evaluated from the analysis, the main characteristics of 

the Xining landscape can be seen: human tended land cover types that are more stable 

through time and “wild” areas where landscape dynamics can run its course. The 

“boundary” between these two decoupled structures or systems can also be seen from the 
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large edit distance between grassland types and cropland types. These interactions show 

that the frontal areas of the systems are constantly changing. In other words, although the 

two systems have very different processes within themselves, there are also processes 

going on where the two meet each other. For this case between the grassland system and 

agricultural system, although the interaction is great, the invasiveness between the two 

land types remained relatively benign where expansion of either type is little. The large 

GED is mainly attributed to the appearance and disappearance of small patches from 

either type near the boundary area. 

 

5.5.2 Maduo 

The Maduo study area is also characterised by 17 land types in total, which 

understandably lack most of the heavily vegetated types such as forests. The interactions 

of landscape elements in Maduo are more intense than in Xining. The tally of GED tells 

us that more than 1.2 million edits have to be made to change the landscape graph of 2005 

into the one in 2009, compared to ~10,000 in Xining (Appendix C, Table 7). Granted the 

data source is not the same, but the huge difference in GED already suggests that Maduo 

has undergone very different and more dynamic processes than Xining.  

First, the compositions of the landscape in Maduo are examined. Spatial statistics 

indicates average patch sizes of all land types decreased while number of patches for most 

land types increased from 2005 to 2009, suggesting fragmentation occurred at a large 

scale in the study area. The most dominant land type in the area is Closed to Open 

Grassland, covering 48.61% of the study area in 2005 and 42.85% in 2009 (Appendix A, 

Table 3). It also has the largest average patch size apart from Water Bodies. This land 

type is involved exclusively in 6 out of the 20 most occurring regular equivalence 

subgraphs in 2005. In other words, Closed to Open Grassland involved in these subgraphs 

as either the focus patch type with a singular connected patch type, or as the only 

connected patch type to other focus patch types. Due to its high average patch size and 

also high edge density, it can be determined that large patches of Closed to Open 

Grassland often enclose smaller patches of Open to Moderate Grassland, Bare Areas, 

Rich Grassland and Open Grassland. There are also many cases where smaller patches of 

Closed to Open Grassland were enclosed by Open to Moderate Grassland and Bare Areas, 

as suggested by the 2nd and 13th most occurring subgraphs. 
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The landscape of Maduo in 2009 is far more fragmented than in 2005. There are more 

patches and coverage of Bare Areas and Open to Moderate Grassland, essentially replaces 

the rapidly shrinking Closed to Open Grassland. Reasons for the increase of Bare areas 

are manifold. The main factors driving land degradation include overgrazing by herds, 

rodent intrusion and changing climatic patterns (Shang and Long 2007, Li et al. 2014). 

The bare areas degraded from former grassland are also known as Heitutan (“Black soil 

type” in Chinese). The rehabilitation of such areas requires immense time and effort (Li 

et al. 2013).  

One big drawback of compositional spatial statistics is that it only provides minimal 

evidence on the processes of landscape changes. The prime example of this deficiency is 

lack of monitoring on the transaction of landcover/landuse changes. Here, the interaction 

between Closed to Open Grassland and Open to Moderate Grassland in Maduo is a nice 

demonstration of such transaction. Results from spatial statistics in Appendix A, Table 3 

indicates that Open to Moderate Grassland had gained 52455 cells from 2005 to 2009, 

however this value does not tell us where these cells came from. If we look at the 

transition table (Appendix B, Table 5) and GED results table (Appendix C, Table 7), we 

can see that although the net coverage area change between the grassland types is minimal, 

there were intense relational interactions during the period. This translates to intensive 

exchange of coverage area between the two land types. In other words, the configuration 

statistics tells us that there is a high rate of exchange of coverage area between these two 

land types, due to the fact that they are compatible and not in competition with each other. 

This indicates that alongside compositional statistics, further insights can be gained if we 

examine the configurations of landscape elements in the study area. Although landscape 

indices tells us the landscape is becoming more fragmented, it does not provide evidence 

on what kind of processes are occurring. As an example, the main phenomena between 

2005 and 2009 regarding configuration is the increase in regular equivalence subgraphs 

involving Bare Areas (Appendix D, Table 9). The increase in both occurrence and odds 

ratio whenever Bare Area is involved is related to its increased area coverage in 2009. 

The second most significant subgraphs in Appendix D, Table 8 tells us that whenever 

Bare area appears, more likely than not it is enclosed by Closed to Open Grassland. 

Coupled with statistics that show the average patch area of Bare Areas is far smaller than 

Closed to Open Grassland, this topology essentially suggests a specific form of land 
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degradation called “perforation”. Forman (1995) defines four concepts of land conversion, 

with perforation referring to the process of “making holes” in a landscape entity such as 

a habitat or a land type. Collinge and Forman (1998) extended the concept of land 

conversion including perforation as a sequence where the perforated “holes” may become 

larger if they are not managed. Jaeger (2000) also presented perforation as the beginning 

of the sequence of fragmentation. In our case, small patches of bare areas which have 

marginalised ecological function can be considered as holes in an ecologically active land 

type. Perforation happens much more on Closed to Open Grasslands than other grasslands 

due to the fact that this is the least vegetated grassland land type (Figure 5.7). Often these 

grassland areas are already degraded and more sensitive to change than healthy grasslands 

(Shang and Long 2007). The combined statistics are alarming since the increased number 

of this type of perforated patches and also the increased odds ratio indicates that 

degradation by perforation is increasing and this process is becoming even more likely to 

happen.  

 

Figure 5.7: Left, stages of landscape fragmentation and perforation (adapted from Collinge and 
Forman (1998)), middle, succession stages of landscape fragmentation (Baldi et al. 2006), right 

the locations of perforation in Maduo 

 

At the other end of the spectrum, Open to Moderate Grassland had some intense 

interactions with Closed to Open Grassland and gained a lot of coverage area from it. The 

first and third most occurring significant subgraphs (Appendix D, Table 9) consist solely 

of these two land types. Unlike the increased number of Bare Area focused subgraphs, 

the similar occurrence values for the first and third ranked subgraphs mean that patches 
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from these two grassland types regularly “invade” and enclose each other in the study 

area. It also suggests that the dynamic between these two land types consist of “healthy” 

exchange of coverage area. This observation is also reflected in the first ranking GED 

results (Appendix C, Table 7) which shows a very high total GED with a low ratio of 

change. Despite the seemingly balanced dynamics of the two land types, it is also 

necessary to acknowledge the fact that Open to Moderate Grassland had gained 52455 

cells in coverage area, contribute mostly by Closed to Open Grassland. The improvement 

of these grassland areas can be attributed to conservation efforts imposed in response to 

the degrading environment in the area. Policy makers and conservationists implemented 

strategies such as controlling the size of nomadic herds in the local area, enforcing 

rotational usage of pastures and resettling nomads to non-cattle herding work to minimize 

the stress placed on the pastures. Furthermore, eagles which were close to extinction in 

the recent past were reintroduced to the area to combat proliferation of rodents. Finally, 

there is little evidence from composition and configuration analysis to suggest 

rehabilitation of Bare areas into vegetated land types. Probably due to the difficulty of 

accomplishing such change, policy makers and conservationists concentrate their efforts 

in minimizing further deterioration and to rehabilitate degraded but still vegetated land. 

The polarized behaviour of degradation and revegetation at the same time in the Maduo 

area points to the degree of human influences has on the dynamics of a thinly populated 

landscape. 

 

5.6 Discussion 
The use of graph analytics provides enriched configurational information that enhances 

our understanding of landscape dynamics. Componentization of the landscape into 

topological subgraphs identified multiple systems characterized by differing forms of 

connectivity/fragmentation and boundaries, whether induced by human agency or natural 

processes. Such knowledge can be inferred conceptually, but it cannot be delineated from 

spatial statistics alone. The ability of graph analytics to objectively identify landscape 

adjustments presents opportunities to quantify connectivity relationships, thereby 

supporting landscape monitoring programmes. Instead of focusing on an initial condition 

and subsequent snapshots of changes, it is now possible to evaluate adjustments from the 

perspective of topological changes. In evaluating the dynamics of the landscape, the 
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trajectories of the patches and systems through time are just as important as their 

distribution in space.  

As shown in the examples, although compositional statistics contain a wealth of 

summarized information about landscape structure, configuration analysis provides far 

richer empirical evidence of the interactional patterns between different land types 

through time and space.  This provides a basis to test hypotheses on underlying drivers of 

change, gaining additional insights into trajectories of adjustment. Landscape adjustments 

are not always intuitively evident. While greater rates of change may be expected in the 

rapidly urbanizing Xining area, results from this study indicate more dynamic 

adjustments in the grassland systems of the Maduo area. In the human tended landscape, 

most of the significant configurations between developed areas, agricultural areas and 

water sources remained stable compositionally and configurationally through the study 

period. The milder climate and lower elevation of the Xining area brought about limited 

changes in the dynamics of natural land types such as grasslands. In contrast, degradation 

of grassland is apparent both from compositional and configurational analysis in the 

Maduo area, with notable increases in Bareland. These findings show how graph analytics 

provide an opportunity to appraise topological patterns and adjustments that emerge from 

the data themselves, such that these inter-relationship can be explained in relations to 

conceptual underpinnings, thereby providing a basis to test associated theoretical 

framings. 

As with any data-driven techniques, landscape graph analytics require suitable data and 

appropriate classification. Although graph analytics have different procedures than 

spatial statistics, baseline data requirements are the same. Dynamics of landscape systems 

are different at different spatial and temporal scales. Care must be taken in choosing the 

correct scale for the context of study. In this research, medium spatial resolution (300m) 

proved to be appropriate for covering succession levels of vegetation without 

overwhelming the analysis with too many classes. Distinctive systems were identifiable 

based on their topology. For areas with higher spatial heterogeneity, it is likely that higher 

spatial resolution (~50m) might be required, whereas examination of larger scale 

processes such as climate might require coarser spatial resolution datasets. Similarly, 

knowing the correct length of study period and appropriate temporal resolution is also 

important. Direct measurement of topological patterns and their trajectory means that 
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graph analytics is more sensitive to temporal resolution than spatial statistics, which is 

atemporal by nature. Continuous changes might cause a landscape to be completely 

different from the beginning to the end of a study period. Huge GED counts might be 

produced if snapshots from T1 and Tend are available and used, burying patterns that 

occurred within the study period. From this perspective, GED is more useful in studies 

where regular temporal snapshots are available. Although regular equivalence subgraph 

analysis does not have this problem, consideration must be paid to define temporal 

resolution for maximum performance. The dynamics of the observed phenomena also 

play an important role in deciding the temporal resolution. The study period and temporal 

resolution for geomorphological studies could span decades, whereas dynamics of 

grassland and agricultural systems can be characterised within years, as highlighted in 

this study. 

Scientific framings used to scope prospective environmental futures increasingly build 

upon notions of emergence, complexity, contingency and non-linearity and their 

associated uncertainties. Effective and adaptable monitoring programmes and 

interrogative toolkits provide increasingly important guidance in efforts to come to terms 

with such challenges. Increasingly high resolution information/data, captured with 

increasing frequency provides significant capacity to monitor environmental change, 

helping to develop place-based understandings of processes that explain within- and 

between-region variability in attributes, patterns and trends. However, it is one thing to 

have all these data, and quite another to know what to do with them. Although the current 

state of landscape graph analytics still depends a lot on human-induced measures, efforts 

to minimize inherent biases can be enhanced through machine learning techniques that 

allow data to ‘speak for themselves’, recognizing implicitly that human constructs are 

manifest in the ways data are derived (e.g. scale, context, boundaries, etc; what attributes 

and interactions are measured?), and the conceptual models we use to develop and apply 

particular approaches to enquiry (see Mahony and Hulme, 2012).   

One of the key issues faced in environmental management is determination of ‘what is 

expected’ in terms of environmental attributes and behavioural traits at any given locality. 

For example, concerns may be raised regarding measures of landscape diversity, 

fragmentation and connectivity for any given setting (see Fryirs and Brierley, 2009). 

Some landscapes are ‘naturally’ heterogeneous, others are not. Some landscapes are 
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‘naturally’ patchy, others are not. Some landscapes are ‘naturally’ connected (coupled), 

others are not. In light of these concerns, monitoring may provide a critical basis to frame 

appraisals of ‘what is expected’ in relation to the ‘range of variability’ of the system, 

using analyses of ongoing adjustments to move beyond undue emphasis upon ‘initial’ 

conditions or what is observed at any given place or moment in time. Monitoring of 

adjustments, changing relationships and trajectories helps describe what is happening, 

whence explanations of how and why can be assessed and future prospects can be scoped. 

Such framings may help us to move beyond value judgements as to whether particular 

attributes and/or traits are a ‘good’ thing or not. 

 

5.7 Conclusion 
The toolkit to monitor adjustments outlined in this paper allows us to assess the trajectory 

and/or evolutionary trait of any given system, generating greater appreciation of 

variability (patterns, relationships, interactions) in space and time. Appraisal of attributes 

and their configurational patterns and interactions helps to generate insights into 

processes and their controls that bring about change for key concerns such as habitat loss 

and fragmentation. This research has examined land dynamics in the Xining and Maduo 

areas of Qinghai Province using a combined method of compositional spatial statistics 

and graph-based configuration analysis. Although both located on the Qinghai-Tibet 

Plateau, the composition, configuration and socio-economic drivers for the two areas are 

very different. Through appraisal of intrinsic attributes and their structural patterns, 

insights into processes that bring about changes of the landscape were generated. 

Agriculture intensification around Xining area is an example of direct human impact on 

landcover/landuse, while the degrading/recovering grassland in Maduo reflects 

adjustments in an inherently more sensitive landscape. These findings highlight the need 

for adaptable and enabling approaches to environmental management and monitoring, 

rather than unduly prescriptive framings. The approach outlined in this paper can 

prospectively be used to support a suite of initiatives to monitor and investigate 

environmental change in more substantive, semi-automated ways. Such framings can be 

used to assess environmental condition and trajectories, test the effectiveness of 

management programmes, and support the design of field-based monitoring programmes 

and earth system environmental observatories. 
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Finally, a number of methodological implications emerged from this paper. The 

combined analytical approach enables the landscape to be viewed and analysed through 

different lenses to provide information on its composition and configurations. This 

enables a more comprehensive review of the landscape system comprised of the 

distribution, structure and dynamics of landscape elements. The second implication is the 

utilization of topology as a tool to assess interactions between landscape elements through 

space and time. Although still based on snapshot datasets, topology, specifically GED 

enabled the tracking of individual elements through time which in turn enabled 

monitoring of dynamics. Thus landscape analysis is no longer restricted to comparison of 

aggregated results from snapshots. The third implication is realization of the 

compatibility between various concepts in landscape ecology and results from spatial 

topology. The linkage between them means that some ecological concepts can potentially 

be tested and/or validated by drawing on appropriate empirical evidence. 
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5.8 Appendices 

5.8.1 Appendix A: Spatial statistics for Xining and Maduo 

 

Table 2: Spatial Statistics of different land types in Xining from 1980 to 1995 and 1985 to 2000 

 

 

Table 3: Spatial Statistics of different land types in Maduo from 2005 to 2009 
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5.8.2 Appendix B: Transition matrices for Xining and Maduo 

 

Table 4: Transition matrices of Xining from 1980 to 1995 and 1995 to 2000 

 

 

Table 5: Transition matrices of Maduo from 2005 to 2009 
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5.8.3 Appendix C: Graph Edit Distance analysis for Xining and Maduo 

 

Table 6: Results from GED Analysis for Xining from 1980 to 1995 and 1995 to 2000 

 

 

Table 7: Results from GED Analysis for Maduo from 2005 to 2009 
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5.8.4 Appendix D: Regular equivalence subgraphs extraction and analysis for 
Xining and Maduo 

 

Table 8: Top 15 significant regular equivalence subgraphs in Xining in 1980, 1995 and 2000 

 

 

Table 9: Top 15 significant regular equivalence subgraphs in Maduo in 2005 and 2009 
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6 Discussion – The significance of an analytical-oriented connected 
landscape. 

 

Before getting to the details, the following are the designated aims of this thesis as defined 

in the introduction chapter: 

Examine how spatial topology can extend existing data structures and use it to illustrate 

the connected nature of landscape elements both in time and space. 

Examine if patterns with geographical meanings can be identified and interpreted from 

spatial topology between landscape elements in an effort to assess landscape 

configurations directly. 

Examine the opportunity to locate  spatial topology patterns on landscapes and assess 

whether they are also significant in the context of geography and/or landscape ecology.  

Examine how to explain patterns, systems and processes on a landscape using the 

combined power of spatial statistics and spatial topology. 

Each of these aims was the particular focus of from Chapter 2 to 5 respectively. In this 

discussion chapter, the contribution of this thesis in meeting these aims is elucidated and 

contextualized in relation to prevailing trends and core themes in the literature. 

Specifically, the chapter considers the GIScience basis of GISystems, and appraises how 

tools developed in this thesis can aid our understandings of landscape connectivity 

relationships, assessment of configurational attributes of landscape patterns, and 

associated implications for analyses of landscape dynamics and change (i.e. evolutionary 

traits/trajectories). The complementary nature of the conceptual tools developed and 

applied in this thesis is related to contemporary approaches using spatial statistics, 

highlighting the reciprocity and mutual advances that can be envisaged through such 

“joint” applications. Building upon this, the chapter concludes with a discussion of 

implications for future research. 

 

6.1 GIScience driven GISystems 
Addressing the deficiency of something as established as spatial data structure and its 

associated analytical methods is a challenging task. Given the enormous number of 

previous studies that build on the foundation of cartographically oriented data structures, 
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it is difficult to envisage how new applications can be formulated, expressed and applied. 

In some ways the mechanical habit of utilizing existing techniques without thinking about 

their suitability has led to the seeming blurring of the boundary between GIScience and 

GISystems which requires clarification (Svoray 2002). Fortunately, several studies 

question this dilemma, setting the status-quo and differentiating the two for the benefit of 

the research community (Fisher and Unwin 2005, Marks 2003, Nelhans 2008, Nyerges et 

al. 2002). 

One of the most central concepts in both GIScience and GISystems is spatial analysis 

(Longley and Batty 1996). Here the term “Spatial Analysis” takes two meanings, 1) the 

wish to reveal patterns and trends from often large spatial datasets and, 2) the set of 

techniques to achieve that. Nowadays, spatial analytical methods mainly entail the use of 

spatial statistics. Indeed many studies draw a synonym between the two terms, without 

realizing the differences (Unwin 1996). As emphasized through the chapters of this thesis, 

spatial statistics have performed admirably in providing compositional information on 

landscapes, but their Achilles heel remains their ineffectiveness in capturing landscape 

configurations. Effective appreciation of spatial patterns occurs only when composition 

and configuration are successfully related to one another (McGarigal and Marks 1995). 

Arguably, landscape structures may remain undiscovered in studies that use spatial 

statistics alone, as they reflect only the compositional component of the landscape (i.e. 

we know the geometric properties of the pieces in a jigsaw puzzle, but we do not know 

how they fit together) (Cheung et al. 2015b). Granted, the earlier development of spatial 

analytical methods revolved around spatial statistics due to their simplicity of calculation 

and compatibility with existing data. However, this heritage should not be a barrier for 

including other forms of mathematical analysis that might enhance applications. 

Although geography and landscape ecology are important application areas for GIScience, 

pattern recognition is more frequently applied in other fields of research. For example 

computer vision and object tracking concerns extraction of patterns and interpretation of 

meaning from series of images or video. In fact, the objective between landscape analysis 

and computer vision is so similar that more likely than not we can learn from each other. 

With this as a premise, this thesis has explored the construction of Spatio-Temporal 

Relational Graph (STRG) from the foundation of mathematical graphs, and the adaptation 

of graph analytical tools for the purpose of analysing landscape as a set of connected 

entities. 
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6.2 Connected nature of patchy landscapes 
The conceptualisation of space and landscape is a diverse topic whether it is seen through 

a qualitative or quantitative lens (Forer 1978). Some have argued that the properties of 

landscape patches, especially how they abstract the landscape into areas with defined 

boundaries, lead to a landscape that is too generalized to assess significant system 

behaviour between its components (Evans and Cushman 2009, McGarigal et al. 2009). 

But arguably this observation has more to do with scales and resolution rather than the 

concept of a patch itself. For example, it is possible to increase the interpretability of the 

analytical landscape by increasing the number of classes and/or the spatial resolution of 

the data that build the patches to represent more of the different elements of a landscape 

(Lausch and Herzog 2002). In this way, a vague boundary or transition zone can be 

represented by the succession of neighbourhoods of similar land types rather than being 

defined by patch boundaries themselves. 

Studies have also examined the possibility of removing the need for boundaries altogether. 

One proposed approach is landscape gradient (Kent 2009, McGarigal et al. 2009), the aim 

of which is to capture the essence of vagueness in the real world. Landscape gradient 

presents the landscape as layers of field properties each describing the variation of certain 

variable in geographical space. Examples include vegetation abundance, soil moisture 

level, temperature or topography. The concept and application is not without its 

challenges. Conceptualizing the landscape as fields means that representations of the 

landscape are strictly non-categorical (Couclelis 1992, Gaucherel et al. 2014). The 

unwillingness to conceptualize entities and the still underdeveloped analytical methods 

observed in landscape gradient studies means the validity of the results remain 

hypothetical (Evans and Cushman 2009), or the interpretability of such metrics still relies 

on human intuition and are far from the aim of achieving objectiveness (Kong and 

Nakagoshi 2006). Without a proper mechanism to analyse and communicate the 

landscape, landscape gradients might not be a useful tool for some landscape analysis 

scenarios such as urban developments and species distribution where boundaries are often 

clearly defined (Lausch et al. 2015). 

While the framework of landscape gradient is underdeveloped, spatial topology had 

shown promising results when applied within the patchy landscape paradigm (Pascual-

Hortal and Saura 2006, Galpern et al. 2011). Spatial topology picks up where spatial 
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statistics has been shown to be ineffective: capturing landscape configurations. Using the 

same patch based datasets, this thesis has demonstrated the effectiveness of exploiting 

spatial relationships in the form of spatial topology to derive configurational information 

(Chapter 2). This enables us to unlock a wealth of information regarding the landscape 

that may otherwise be lost in classical data structure and methods. The contributions of 

STRG for landscape analysis are shown in subsequent sections: 

6.2.1 Better representation of landscape structures 

As discussed in the preceding chapters, landscapes cannot be thoroughly quantified 

through the lens of spatial statistics alone because the premise is built upon cartographic-

oriented layer-centric data structures, so that the spatiality of results is reduced by the 

aggregation of observations. In respect to landscape configurations, spatial statistics at its 

best provides a description of the level of connectivity among elements of the landscape, 

but not how they are connected. STRG provides a direct neighbourhood representation 

of the landscape by using spatial topology. In this framing, no single landscape element 

(patch) exists independent from others. Every landscape element is connected and 

interacts with the surrounding elements, differing in the type of patches involved and the 

significance of their relationships on the landscape. Serving as a foundation for 

quantitative analysis, it is possible to identify and quantify patterns from STRG by using 

spatial topology as the language. STRG also deliberately exploits the form of the patterns 

and their locations on the landscape, so that it is possible to look at the distribution 

characteristics of patterns rather than only the distribution characteristics of land types. 

Apart from the explicit representation of spatiality, STRG also concerns temporality (see 

below). Data are always collected discretely through time, however fine the sampling rate 

is. The key distinction is the way these discrete snapshots are linked together. Spatial 

statistics is atemporal by treating them as they are collected: discretely. To examine 

system behaviour of landscapes, one must consider how elements map from one snapshot 

to the other. Diggle et al. (1995) investigated using spatio-temporal clustering to 

overcome the weakness of spatial clustering methods. STRG took another approach by 

having an inbuilt temporal domain, tracking individual elements through time. Results 

presented in Chapter 2 showed the usefulness of this capability in assisting delineation of 

evolving systems on landscapes.  
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6.2.2 Mechanism to extract interactions and dynamics of landscape systems 

An important use of STRG is to capture the dynamics of a landscape. Classical spatial 

statistics adopts a layer-centric view where characteristics of a type of patch on the 

landscape are aggregated and summarized. Such analysis is also atemporal in that it 

assumes observations made in two temporally related snapshots are independent from 

each other (Manning et al. 2004). In contrast, STRG monitors individual landscape 

elements in spatial, temporal and relational domains. Spatially speaking, all phenomena 

can be tracked to its location on the landscape, meaning that the spatial and temporal 

integrity of the results can be retained. This enables us to answer questions relating to 

occurrences of pairs/groups of neighbourhood land types, statistical prominence of these 

pairs/groups, and the ratio of patches that made the same adjustments. The temporal 

domain in STRG is also explicitly handled. Instead of being restricted in seeing what 

happens to a land type at a particular time, STRG records trajectories of landscape 

elements through time, allowing revelations relating to what happened to them 

individually between snapshots. Spatial statistics delineates structure from landscape 

elements, where spatial relationships and the related landscape structure are treated as an 

end result through inference and interpretation. The progress made by STRG presents 

spatial relationships explicitly as an integral part of the data, rather than being a product 

of analysis. Conceptually and analytically providing extra infrastructure to go one step 

further to delineate dynamics from structures, as shown in the case study presented in 

Chapter 5. 

 

6.2.3 Conceptual connections with geography and landscape ecology theories such 
as perforation, ecotones and hemeroby 

One important characteristic of STRG that emerged in this research is the coherence 

between the analytically derived results and concepts from geography and landscape 

ecology. Chapters 3 and 4 demonstrated the relevance of regular equivalence subgraphs 

to phenomena such as perforation and transition zones (ecotones), while Chapter 5 looked 

at the different dynamics of natural and human tended landscapes, directly relating the 

results to the concept of hemeroby. This coherence has multiple meanings, the first being 

the capability to investigate originally qualitative concepts in a quantitative way. This 

enables landscape patterns predicted by theories to be delineated semi-automatically from 

remotely sensed datasets. Since patterns and processes are inseparable components that 
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define the characteristics of a landscape (Turner 1989), empirical evidence of patterns 

leads researchers closer to being able to also define processes in an analytical way. There 

are significant prospects to examine scalar controls upon these process relationships 

(Huggett 2007, Schumm and Lichty 1965). The second prospect is the discovery of 

previously undefined landscape patterns. Although geography and landscape ecology 

have solid foundations that characterize spatial phenomena and patterns on the Earth, it 

is still possible that new patterns can emerge using this new analytical lens. This is 

especially true for local studies where local processes are in action. This is exemplified 

by the juxtaposition between the volatile alpine grassland system and the persistent 

human settlements shown in Chapter 5. Individually speaking, low hemeroby of highly 

dynamic systems and vice-versa is well documented (Lausch et al. 2015). However the 

boundary dynamics between these systems with different driving processes are poorly 

documented, mainly due to the lack of empirical definition for these systems. In this 

regard, STRG provides a platform where such phenomena can be examined and 

interpreted from an empirical perspective. 

 

6.3 Data-driven or concept-driven? 
Despite the advantages that STRG brings to the spatial analysis framework, numerous 

challenges remain for the development and adaptation of more analytical tools into STRG. 

These challenges exist both at conceptual and practical levels. Bridging the gap between 

concepts and empirical evidence is sometimes referred to as naïve geography (Egenhofer 

and Marks 1995). Given the onset of abundant data availability, data-driven techniques 

provide a significant opportunity to establish empirical support for many geographical 

concepts (i.e. test their veracity). In general, more data provide better opportunities to 

examine, characterize and unravel patterns that are contained in the data. In practice, no 

matter how many patterns are in the data, they are of no use if no analytical methods are 

available to extract them. Thus we face the chicken and egg problem; can data-driven 

methods drive advances in geographic theories? Or, should conceptual advances be made 

before finding relevant data mining methods? Essentially this is an issue of reciprocity: 

both are required, simultaneously and iteratively, informing each other.  

From the perspective of mathematical innovations for landscape analysis, data-driven 

methods are a two edge sword. On one side, “patterns” are comprehensively extracted 

from data using varieties of tools and algorithms. On the other side, the mechanisms that 
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extracted these “patterns” do not have the equivalent capability to interpret these results. 

There are occasions when the extracted “patterns” do not match expectations but still 

provide meanings in another form (i.e. Graph bridges); see Chapter 2. In other cases, their 

results do not reflect what they are designed for (e.g. Isolate Connectivity Index, 

Interspersion juxtaposition index; Rutledge 2003). 

As shown in Chapter 2 to 4, graph analytical tools and the statistical tests can be adapted 

to the spatio-temporal domain relatively easily. The problem lies in extracting meanings 

from the numerical results of these tools. Do the results reflect actual geographical 

phenomena, or are they just tables of meaningless numbers? Or maybe the numbers are 

seemingly meaningless because the phenomena residing in the data are yet to be 

categorized? STRG provides a platform for spatio-temporal-relational analysis,  and the 

challenge lies in identifying what tools should be created or adapted. Geographical and 

landscape ecological theories serves as a good basis for choosing the appropriate tools. 

For example, the scope of the adapted tools in this thesis focused on two themes: structure 

and the temporal domain. They are adapted on the premise that landscape elements and 

their distribution are interrelated, and that changes occurs on this landscape, both of which 

have a theoretical basis. 

Even within the realm of landscape analysis, there are different usages of graphs and ways 

to interrogate them. Some studies treat the landscape as a transportation network for 

species to move on (Cantwell and Forman 1994, Urban et al. 2009). Under this framing, 

network analysis tools such as centrality and Dijkstra’s route finding algorithm can be 

meaningfully appraised. Others treat the landscape as electrical circuits (McRae 2006, 

McRae et al. 2008) in which the potential of movement by species is calculated from 

circuit theories. Yet others use graph model to visualize structures of specific features of 

the landscape and their dynamics (Thibaud et al. 2013). The approach taken in this thesis 

can be considered as Motif-oriented where subgraphs in the form of clusters with specific 

topological neighbours are extracted and analysed. Mathematically speaking, tools from 

these various fields of graph studies are interchangeable in the sense that one could try to 

extract motifs from circuit networks, or perform route finding on STRG. However, due 

to the differences in what the graphs represent, there is no guarantee that meaningful 

results can be produced, and careful analyses are required. 
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Identifying suitable matches between algorithm and geographical theories is no simple 

task. Functions and processes are tightly related to time as much as they are related to the 

configurations of a landscape. One of the major deficiency of landscape metrics produced 

from spatial statistics alone relates to the fact that these indices treat each snapshot as an 

end product of the functions and processes, rather than a phase where functions and 

processes are “becoming”. In other words, these indices do not look at what happens 

before that lead to what is happening to the landscape now. As a result, they perform 

poorly as assessments of configuration, let alone of functions and processes. It is well 

known that “geography and history matter”, as Phillips (2007) asserts in his framing of 

“perfect landscapes”. Similarly, it is widely recognized that the functions and outputs 

(performance) of modelling applications are greatly influenced by initial (boundary) 

conditions (Perron and Fagherazzi 2011). In this respect, adapted graph analytical tools 

such as graph edit distance and regular equivalence subgraphs proved to be more 

representative in portraying processes than spatial analyses through discretized temporal 

domain due to the embedding of time in the methods themselves (Chapters 2 to 4). It is 

necessary to keep in mind though, that the use of graph analytics for compositional 

analysis may not be suitable either, as this is not where the strength of graph theory lies.  

The moral of this observation is that one size does not fit all when it comes to landscape 

analysis, which entails addressing multiple challenges. One must know the limitation of 

the analytical methods and not overinterpret results. In this case landscape composition 

and configuration stand as two distinct conceptual pedestals, and should be addressed by 

different analytical frameworks. Any created or adapted indices must be thoroughly 

scrutinised to be sure of their relevance to geographical theories.   

Arguably, the purpose of these data-driven methods is a means to an end for landscape 

analysis; they assist humans to identify hard to spot patterns from an increasing catalogue 

of data, but they do not give meanings to the patterns. In other words, computers do the 

hard labour work so humans can concentrate efforts on the conceptual parts. Thus, the 

improvements in the conceptual and empirical domains are mutual: data-driven methods 

test and prove geographic theories while new geographic theories are generated from 

interpretation of new results. It is necessary to consider all possible methods to produce 

the most comprehensive results. All these examples demonstrate that GIScience must not 

dwell on existing frameworks, but also expand the horizon by looking at alternative ways 

of portraying and analysing landscapes.  
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6.4 Formalization of temporal domain 
One of the shortcomings of existing spatial analysis is the marginalization of time (Fisher 

and Unwin 2005). The literature on time geography and time GIS has long consider how 

the temporal domain can be encoded into the spatial framework (Anderson 1971, 

Hägerstrand 1970). Furthermore, much effort had been put in the analyses of the 

trajectories of human or animal movements (Andrienko et al. 2011, Gudmundsson et al. 

2012, Laube et al. 2005) or around representation of space-time from a data archival 

perspective (Parent et al. 1999). Development of methods that explores the advantages of 

time and trajectory in landscape analytical methods remains thin (Bolliger et al. 2007). 

Temporal analyses for landscape are often comparisons of results from two time 

snapshots, essentially chopping time into discontinuous slices (Manning et al. 2004). In 

other words, the two snapshots are considered to be entirely independent cases, and their 

interaction only exists at a conceptual interpretative level. Trajectories, or the evolution 

of landscape elements are not considered at all. Without analytical methods designed to 

take advantage of the temporal domain, data archived in spatial temporal data structures 

can only be used as how it has always been: as snapshots independent of each other.  

One major contribution of this research is the formalization of time in a data structure as 

an embedded component. In this framing, patches on a landscape are considered to be 

individual entities undergoing their own trajectories through time. The mapping of 

patches from one snapshot to the other is done using object tracking methods (Cheung et 

al. 2015a). The dynamics of these patches, including birth, death, expansion, shrinkage 

and change of relationships are documented in the data structure and can be extracted 

using graph edit distance (Chapter 2). In comparison to basic snapshot stacking (Peuguet 

1984), the temporal representation of STRG is far more detailed as it allows us to explain 

the dynamics and interactions of each individual entity, rather than only at the class and 

landscape level provided by classical snapshot based analysis. Additionally, it is possible 

to perform statistical analysis of these dynamics and generate evidence on the existence 

of systems and processes on the landscape. In regard to temporal concepts, the links 

between the same entities at different times essentially serve as bridges between the 

inevitably discontinuous sampling interval and the always continuous time domain. 

New analytical methods are necessary to take advantage of spatio-temporal trajectories. 

Most existing spatial analysis tools focus on what is happening in each of the snapshots, 
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without proper mechanisms to describe the changes and dynamics happening between 

them. Graph edit distance (GED) is the first tool adapted from mathematical graphs to 

work in the inter-snapshot domain (Chapter 1). It describes specifically the persistence 

and changes between two temporal topologically connected snapshots. This method 

tackles the issue of discontinuous, snapshot based framing by focusing on the relational 

changes of entities from T1 to T2, rather than the static patterns in each of T1 and T2. By 

adopting an entity-based model, landscape elements are monitored and their changes 

documented. As shown in Chapters 2 and 5, quantification of relational changes through 

time provided us with information on whether or not certain land types are compatible 

topological neighbours.  

There is considerable potential to extend GED. For example, weighted edges can be used 

in STRG as an indication of land type compatibility. GED can be extended to takes these 

weights into account, thus providing further insights on why and how certain land types 

are more compatible as topological neighbours than others.  

In this thesis, regular equivalence subgraph analysis remains snapshot-based rather than 

inter-snapshot, but its usefulness has already been shown for delineating patterns in its 

current form (Chapters 3 to 5). With the experience of adapting GED and graph bridges 

to STRG, it is foreseeable that the adaptation of regular equivalence subgraph analysis 

into the inter-snapshot realm is relatively trivial. Knowing the locations of persisting 

regular equivalence subgraphs could reveal the resilience of localised landscape systems, 

further characterising the landscape using dynamics rather than snapshots.   

With the temporal dimension embedded in STRG and analytical methods built around it, 

it is now possible to illustrate the “when” in the GIScience framework (Peuquet 1984) 

much more comprehensively than the “snapshot comparison” approach.  

 

6.5 Revelation of a diversified approach 
The convenience of using a spatial statistics framework for landscape configuration 

analysis supports major adoption by studies without questioning its capability to such 

tasks (Kupfer 2012). Researchers and users are seemingly satisfied with incomplete 

pictures of the landscape painted by these tools. From time to time studies have raised 

concerns about what these landscape indices actually mean and suggest possible 

improvements (Gaucherel et al. 2012; 2014, Lausch and Herzog 2002). However, these 
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skeptical but insightful studies are not well known outside the GIScience community. 

Developments of their concepts, methods, and their adoption tend to be slow. 

Incompatible datasets, methods that involve alternative software, and learning of new 

interpretation perspective are factors that prevent GISystem users taking an extra step to 

further their understanding of the landscape.  

The work on STRG and spatial topology is by no means a replacement for spatial statistics 

or any other analytical methods. Instead it demonstrates how a tried-and-tested patchy 

landscape paradigm can be extended, by adding another set of tools to interrogate the 

landscape at an increasingly deeper level. As has been shown, the conjoined use of spatial 

statistics and graph analytics yielded results which cannot be produced by using them 

individually (see Chapter five). The division of landscape metrics into landscape 

composition and landscape configuration provides an excellent example of how and why 

the use of a single approach to capture the big picture had failed, and how graphs could 

assist spatial statistics. 

It has been shown that spatial statistics excels in describing compositional characteristics 

by summarizing what elements are contributing to a landscape and the form they take. 

Graph analytics, the focus of this research, provides more comprehensive information on 

the configurations of the landscape elements. Landscape systems and dynamics can only 

be delineated by monitoring composition and configuration through time, as they 

mutually explain the existence and changes of each other. Thus these two set of tools are 

key elements of the workflow, providing a basis for more complete analysis. 

Similar to spatial statistics, there are limitations for graph-based structure and analysis as 

well. In its most rudimentary form, graphs ignore all attributes of the entities they 

represent, preserving only nodes as evidence of the entities’ existence and edges as the 

relationships between them. It would be unwise to utilize such graphs for the purpose of 

generating compositional information as the characters of the entities are diminished. 

STRG solved this problem by using attributed nodes. An attributed node records the 

attributes of the spatial entity/landscape element it represents. Information such as 

geometry, land types and so forth are encoded into the graph nodes when STRG is created. 

This information enables recreation of the datasets into their raw form should it be 

necessary to do so. In effect, this means that STRG can be used as a unified data platform 

for all analysis including graph analytics and spatial statistics. 
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Evolution of approaches requires us to depart from traditional GISystems and spatial 

analytics we are most familiar with in order to accept new ideas and devote efforts to 

incorporate them into a framework. In this case, the apparent complementarity between 

GIScience and landscape ecology and also between spatial statistics and graph analytics 

pushes us to rethink the strategies undertaken in landscape research. Classical monolithic 

approaches which treat data and their structures as a fixed, unchangeable asset can no 

longer satisfy the needs of increasingly complex theories. A properly designed spatial 

data structure that encapsulates (or is ready to accommodate) needed information can 

serve as a platform for a wide range of analytical methods. Building on top of such an 

extendable data structure, the product of diversified approaches, with each targeting at 

specific components of the analytical equation, seems to be the way forward. This thesis 

provides examples of the prospective analytical developments. 

 

6.6 Prospective Research 
There is considerable potential within spatial topology that remains to be explored. The 

most immediate research direction is the extension of regular equivalence subgraphs. At 

the moment this analysis is still snapshot based, and an upgrade to subgraph-based 

trajectory tracking will yet yield more insight on the distribution of subgraph persistence 

through space and time. 

Although GED provides individual relational changes, it only operates at a paired level 

where only two nodes are involved per observation. By also documenting persistence of 

subgraphs through time, we will have a mechanism to track the resilience of landscape 

forms via the dynamics of individual subgraph structures. In effect, inter-snapshot 

subgraph tracking and analysis is an advanced version of GED. 

There are many possible applications with such method. For example the persistence of 

transition zones (ecotones) through time potentially point to the resilience of natural 

landforms, whereas diminishment of ecotone and introduction of relationships that point 

to clear cut boundaries between land types might point to heavy human influences on the 

landscape. By gauging the performance of individual ecotones, it is possible to assess the 

amount of human influence in terms of structural change of the landscape, rather than by 

cell-based change detection. 
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Subgraphs and their tracking need not be restricted to regular equivalence, but could take 

other forms. One of the prospective form of subgraph is clique. Clique as used in graph 

theory was coined by Luce and Perry (1949). Similar to its usage in the social context, 

cliques of graphs define tightly connected set of nodes (Alba 1973). In application, 

mathematical cliques have been used in bioinformatics (Adamcsek et al. 2006) and 

ecology (Donovan et al. 2012, Sugihara 1984). Landscape ecology discusses the 

formation of landscape components from agglomeration of smaller landscape elements 

(Wiens 2002). Cliques can be seen as landscape components, where tightly arranged 

landscape elements are relationally interdependent on each other. The existence of a 

clique demonstrates that certain compatibility characteristics exist between landscape 

elements, while their persistence through time suggests the importance of juxtaposition 

between those landscape elements in supporting their resilience. Therefore identifying 

types of cliques in a landscape graph and monitoring their persistence through time may 

yield fruitful insights on landscape structure. There could be yet other forms of subgraphs 

which provide meanings in the geographic context. Cantwell and Urban (1993) defined 

eight types of graph structures from their study areas. These structures can serve as a 

stepping stone in discovering the configurations of landscapes. 

Apart from the structures that are embedded within the graphs, there could also be a 

diverse number of ways in assessing them. We have shown in Chapter 4 the use of odds 

ratio to examine the likelihood that a subgraph will occur, but it is also possible to employ 

methods such as co-location analysis (Shekhar and Huang 2001) to assess the prominence 

of subgraphs on a landscape. 

Although this thesis has focused on adapting mathematical graph analysis tools to STRG, 

it could also be feasible to adapt spatial statistics tools to the graph structure. For example, 

the analysis of spatial autocorrelation can be retooled to use topological distance rather 

than Euclidean distance. In this framing, the results reflect the clustering of attribute 

values from the influence of topological neighbourhoods. Although this might already 

provide interesting insights, the strength of the STRG is to also provide a temporal 

dimension. Continuing with the example, the effect of spatial autocorrelation can be 

monitored through time not only by comparing snapshots, but also at individual 

element/entity levels. Thus we could possibly locate the elements/entities which drive or 

cancel out the effect of spatial autocorrelation. Such analysis could be useful to urban and 

demographic analysis where causation of changes could be related to localised events. 
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Urban case studies could be a good candidate for the application of STRG. Studies have 

tried to examine and explain the geometric forms of cities (Batty and Longley 1994, 

Fugueiredo and Amorim 2006), with some utilizing graph theory (Hamaina and Moreau 

2011, Walde et al. 2012). Similar to landscape analysis, a lot of these studies neglect the 

temporal domain and applied only snapshot based analysis. The application of STRG in 

analysing the arrangement of urban elements could take this further. For example, an 

urban area can be segmented according to the functions of an area such as residential, 

commercial and industrial. Analysis can be done to assess the proportion of these areas 

in different parts of a city, addressing questions such as desirability of having a type of 

area next to the other (i.e. is low density residential next to high density industrial 

feasible?). Urban space can also be segmented to individual utilities such as different 

kinds of shops, clinics, restaurants, public services and houses. Topologies can be 

generated for immediate neighbouring utilities of the same or different kinds. The 

trajectories of elements in such graphs and their changes can be coupled with 

demographic data to explore urban phenomena such as gentrification and urban renewal. 

At a grander scale, usage of graphs and spatial topology has also been applied to large 

scale earth systems such as research on climate (Tsonis et al. 2008) and the marine 

environment (Kininmonth et al. 2011). The range of applications demonstrates the 

versatility and relevance of graphs in the geographical domain. 

Apart from methods and applications, STRG itself can also be upgraded. To address the 

persisting issue of scales, a hierarchy of patches from different scales can be encoded into 

the same STRG. Relationships between levels in the hierarchy can be easily modelled by 

introducing an extra dimension to STRG. Analysis can be performed on any scale levels, 

and results can be compared across the levels easily because all dimensions of elements, 

including space, time, spatial relations, temporal relations and scale relations are 

encapsulated in the same data structure. Obviously such analysis requires a lot of data 

and computing power, but it is all accomplishable with current technology. This would 

facilitate further understandings of process relationships to patterns across scales 

Finally, landscape element tracking is also an upgradable component of STRG. Although 

a simple tracking system is used in this thesis (Cheung et al. 2015a), it can be improved 

vastly with methods from object tracking researches. Methods such as optical flow 

(Yilmaz et al. 2006) can be easily adapted to STRG to provide flexible and reliable 

tracking. 
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6.7 Conclusion 
In summary, it was shown in this thesis that the importance of having spatial, temporal 

and relational dimensions altogether when conducting landscape analysis. STRG and 

spatial topology in general holds great promise in deciphering the configuration 

properties of the landscape, which in turn provides us with deeper understandings on 

landscape system dynamics. The current form of STRG and the set of tools adapted in 

this thesis represents a small subset that forms the basic components necessary for 

landscape monitoring. The relevance of spatial topology to geography and landscape 

ecology shown in this thesis however, means that the scope of research in this area is 

huge and worth further exploring. 

As suggested in the previous sections, STRG itself is not the end or the final answer to 

the question of landscape systems and dynamics, but serves as a flexible platform to 

answer them. Using it as the foundational data structure, analytical methods can be 

devised or adapted with space, time and relation taken care of within a uniform data 

environment. 
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