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ABSTRACT 

In a human-dominant land system, the investigation of peri-urban agricultural land transition 

phenomena is challenging as they occur under the effects of urban sprawl, in which complex land 

change drives insights into the transitional processes of land use. Considering urban-to-rural (U–R) 

landscapes as a single land system that consists of socio-economic, environmental and institutional 

land-governing influences, this study focuses on the complexities associated with agricultural land 

transition processes: the spatial, behavioural and temporal dynamics. The study explores the 

agricultural land-use presence and its vulnerability to urban sprawl while using peri-urban farmers’ 

land-use decision behaviours to develop an agent-centric model to understand the complex land 

transitions on the fringes of the city of Adelaide in South Australia.  

The first part of this research investigates the peri-urban land parcel spatial structure and land-

use compositional arrangement focusing on agricultural land fragmentation. For this purpose, the 

author developed urban-to-rural land-use gradients, in parallel with landscape metrics, to analyse 

the landscape’s spatio-structural changes and their effects on agricultural land parcel arrangements. 

The author shows the prospects of using a relationship between two landscape metrics—mean 

parcel size (MPS) and parcel density (PD)—to identify land fragmented areas along the gradients 

while quantifying the agricultural land presence in the fragmented zones for informed planning 

decisions.  

The second part of this study analyses the vulnerability of peri-urban agricultural land to urban 

sprawl at a local level under opposing policy directions—economic development and environmental 

protection. For this purpose, land administrative scenarios were developed using spatially-explicit, 

multi-criteria models that considered the geographic and socio-economic aspects and the land-use 

plans of the study area. In this analysis, the author used grid-based spatial overlay techniques to 

develop the Landscape Vulnerability Index to spatially visualize and quantify the effects of sprawl, 

with respect to geographic locations. The results show that agricultural land vulnerability is 

inevitable in both scenarios, and that the spatial quantifications of agricultural land in a local 

government area are useful as they assist in transferring scientific knowledge into practice in local 

land-use planning. 

The third part of this research explores the characteristics of peri-urban farmers—their 

demography, production and farming motivations—while exploring the drivers behind their land-
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use decisions, decision-making profiles and their land-use decision behaviours. For this purpose, the 

author used a questionnaire survey to collect information from a sample of 168 farmers to represent 

a population of over 5,000 peri-urban farmers on the Adelaide city fringes. The study then 

developed descriptive statistics that were used to identify farming characteristics while using factor 

dimension reduction techniques to identify the key drivers behind decisions. Cluster analysis was 

used to identify decision-making profiles and their decision rules were employed to make 

assumptions for the development of the agent-centric model. The results show the advantage of 

using the motivations of farmers towards land management to identify decision-making profiles and 

decision behaviours and when making assumptions for agent-centric modelling. 

The final part of this research explores the characteristics of the agricultural land transition 

process (land-change patterns and system feedback) and their responses under varying model 

environments. Spatially-explicit agent-based model simulations (using NetLogo) were used to 

analyse the agricultural land transitional processes while creating hypothetical parameter set-ups for 

the opposing policy directions (economic development and environmental protection). The results 

demonstrate that agricultural land transitional processes on the Adelaide city fringes are highly 

path-dependent, but less self-organized, and are largely dependent on land administration and 

economic effects.  
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CHAPTER 1 – GENERAL INTRODUCTION 

This chapter presents the research outline which aims to cover the most recent 

land system science (LSS) studies in the field of peri-urban land transitions. It 

specifically identifies the problem behind the research topic, with the problem 

statement addressed throughout the thesis. Comprising the intended study 

objectives and planned research methodologies, the chapter concludes by 

highlighting the significance of the research and the overall structure of the 

thesis. 

1.1 BACKGROUND 

Urbanization impacts on land use on the peripheries of cities in many ways, and these impacts will become 

more widespread as the increasing global population concentrates in urban centres (UN [United Nations], 

2015). For millennia, the world had existed in which rural dwellers exceeded those in cities, until 2008 when 

the United Nations (UN) calculated that the world’s urban population had exceeded 50% of the global 

population (UN, 2012). This global transition is accelerating, and by the middle of this century, two-thirds of 

the global population will be living in urban areas. In addition to the 37 megacities (i.e. those with a 

population greater than 10 million) at the present time, new economic geographies have emerged with over 

2,400 secondary cities worldwide (Roberts, 2014). These contemporary patterns of urbanization will create 

immense demands on land and ecosystem services to fulfil the needs of growing urban populations 

(Ramankutty et al., 2002, Václavík et al., 2013, Tscharntke et al., 2012, Seto et al., 2011). Due to the twin 

phenomena of population increase and economic growth in urban areas, many green spaces have already 

been converted to residential, industrial and commercial land (Seto et al., 2012a). The anticipated 

competition for finite land, natural resources and ecosystem services will be felt acutely on the edges of 

cities, and this will extend outwards as urbanization encroaches onto rural agricultural land (Fragkias et al., 

2012, Bringezu et al., 2014, Tian et al., 2017, Deng et al., 2015). 

Land acquisition for urban development in peri-urban areas has been identified as a widespread and 

frequently occurring problem that creates socio-economic and environmental issues on the fringes of cities 

worldwide (Rauws and De Roo, 2011, Ravetz et al., 2013, Steel et al., 2017, Irwin and Bockstael, 2007, 

Pozoukidou and Ntriankos, 2017). Since the mid-1990s, the research conducted globally on land-use and 

land-cover change (LULCC) under the LUCC and Global Land Programme/Project initiatives (Global Land 

Project [GLP], 2005) using remotely sensed spatial information, has identified a myriad of landscape-level 

changes in peri-urban areas due to urban sprawl. Farmland, non-urban residential home gardens, and 

ecological and conservation reserves are the land uses that are most vulnerable to urban sprawl in peri-urban 
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landscapes. The conversion of these land-use types to various forms of urban infrastructure can significantly 

impact upon the lives of people, particularly those living in peri-urban areas. These impacts include rising 

concerns over food security, loss through restrictions of open and green spaces, deterioration in their quality 

of life, and the delivery of ecosystem services (Zhu et al., 2017).  

As urban sprawl is spatially and temporally dynamic, peri-urban landscapes are frequently subjected to 

land-use compositional changes, with these indicated by land fragmentations and land ownership changes 

(Yu et al., 2018). Recent land-use studies in peri-urban areas have demonstrated the advantage of analysing 

the broad sweep of landscapes from urban to rural as continuums to examine these compositional changes 

(Zhang et al., 2016, Vizzari and Sigura, 2015, Kroll et al., 2012). Although the land-change literature defines 

the term “peri-urban” in many ways, for this research, the author identifies it as landscapes that significantly 

differ (physically and functionally) from the urban built-up landscape or the rural agricultural landscape 

referring to the context of Australian urban to rural continuums. 

Land-use planning is used to allocate and zone land in peri-urban areas, while local and state/territory 

government administrations simultaneously manage it, guided by land development policy directions. In 

land-use planning, land-use maps represent the proposed or existing land-use zoning in the spatial context. 

At the local level, local government authorities (LGAs) plan and manage land use according to land-use 

plans within their administrative boundaries. These scale-up across different local government areas and are 

sometimes guided by regional plans. Land-use zoning maps are used as a legitimate spatial representation of 

land use for policy implementation. Therefore, the spatial location and composition of land use have 

significant connections with local and regional land administrations. Multi-criteria spatially-explicit 

analytical techniques are increasingly used by researchers for predicting land uses under different policy 

arrangements (Koschke et al., 2012, Yu et al., 2011, Bhatti et al., 2015). 

The loss of agricultural land is the major land transformation on the fringes of expanding urban areas (van 

Vliet et al., 2017). As the main group of land managers at the rural–urban interface and immediately beyond 

it, that is, the soon-to-be peri-urban areas, peri-urban farmers have a well-developed understanding of the 

socio-economic and environmental influences on, and implications of, managing agricultural land in these 

zones (Duvernoy et al., 2018). These influences comprise a series of social factors, for example, the 

disappearance of farming communities, conflicts with non-agricultural land uses, future uncertainty about 

remaining in farming, and institutional regulations around land management (Wu, 2008). Economic factors 

are also influential, such as increasing property (land) values, changes in returns on investment (ROIs), 

increasing demand for labour, and demand fluctuating for production, added to which are environmental 

considerations such as accessibility of water, climate change and waste management. In addition to these 

externalities, the farmers have internal consideration when making land-use decisions such as their family 

and farming lifestyle, and the social and economic aspects that are entangled with farming businesses. The 
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decisions made by peri-urban farmers about land use, as well as by other minor groups of land managers in 

the peri-urban zone, have significant impacts on land-use transitions on the fringes of cities that are 

predominantly surrounded by farmland (Duvernoy et al., 2018).  

Conventional land-use models often focus on bio-physical changes in landscapes, based on mathematical 

equations grounded on parameter assumptions with inputs from remote-sensing investigations and defined 

standards, or model behaviours that are specified in terms of local interactions (i.e. cellular automata [CA] 

modelling). These conventional land-use models have limited potential when incorporating complex human-

coupled land-system processes consisting of agile land change in functional changes in land systems—such 

as peri-urban land system dynamics. Although conventional land-use models provide a reasonable 

understanding of land-change analysis, such as urban-sprawl monitoring and land-use policy evaluations on 

a macro-scale, investigations aiming to develop knowledge of land systems that are experiencing complex 

land-system processes at a local level (micro-scale) are of little benefit. Compared to conventional land-use 

models, process-based land-use models (agent-centric methods) provide rich information on path-dependent 

processes that depend on model environments and land-system feedback which are difficult to capture via 

conventional land-change modelling methods. Agent-centric models require a large amount of empirical 

information costing time and resources. However, there is potential to incorporate statistical methods to 

represent agents through samples or to integrate these methods with other socio-economic modelling 

methods when capturing land-system drivers and behaviours to provide justifiable evidence on land-use 

changes in human-coupled land systems.  

Land-use modellers rely on physical and socio-economic parameters for modelling land-use changes 

(Subasinghe et al., 2016, Shkaruba et al., 2016, Sali et al., 2016, Tayyebi et al., 2014), but generally do not 

develop models based on farmers’ decisions when simulating the complex land-transition phenomenon 

(Nguyen et al., 2017b, Solano et al., 2003) on the edge of cities. The agent (farmer)-centric bottom-up 

models are superior to the conventional land-use models as they are capable of capturing the characteristics 

of complex system dynamics in land-use transitions (Parker et al., 2008b). These agent (person)-centric 

models are useful in constructing bottom-to-top models to represent the specific land-use transition processes 

associated with these complex human-coupled land systems. A farmer-centric model conceptualisation uses 

land-use decision-making behaviour amongst groups of farmers as the basis for defining simulation rules that 

represent land system dynamics in a model, while using the physical phenomena and socio-economic factors 

as input parameters that govern externalities in the model environments.  

Land-use modellers are often challenged by the facts that make connections between causality and effects 

in land-use changes in dynamic model environments (Wentz et al., 2014, Lambin et al., 2001). Dynamic 

land-use model simulations create virtual environments for testing the cause and effect—in time and space–

representing the landscape as a comprehensive land system that is continuously subject to change. 
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Contemporary agent-based model (ABM) simulation techniques have high value among researchers in 

exploring land-use changes under dynamic parameter inputs (Crooks et al., 2008, Magliocca et al., 2013). 

The bottom-to-top entity arrangements and the land-use change-pattern detection facilities in ABM models 

provide tools for evaluating the complex peri-urban land transition processes that are continuously subject to 

changes under urban sprawl pressures. Compared to conventional land-use models, ABM models have 

substantial capabilities for testing transition processes and changes in land-use composition under different 

land development policy directions. As a consequence, they are useful in developing knowledge about land-

use transition phenomena in peri-urban areas, and also in selecting strategies for LGAs to achieve their land 

administration objectives (Verburg et al., 2013, Hedblom et al., 2017).  

In terms of understanding and evaluating agricultural land-use transitions due to the spread of 

urbanization, the arguments above demonstrate a clear need for more detailed knowledge of land-use 

compositional changes in peri-urban areas through further carefully selected case studies. The case study 

approach is important in the testing and developing of general theory in this area due to the level of detail 

required in each study. This study aims to further develop inductive reasoning on the peri-urban agricultural 

land-system dynamics which contribute to the knowledge of land-transition phenomena on city fringes. The 

use of the agent-based modelling (ABM) approach to explore the peri-urban agricultural land-system 

dynamics under the analysis of different land-management scenarios enables the understanding of the 

patterns of system behavioural characteristics that support the general theory of land-system dynamics on  

city fringes. This applies particularly to the influence of land-development strategies of regional and local 

administrations, the wide range of land-use change drivers that might affect any one study, and variations in 

landowner land-use decisions.  

1.2 PROBLEM STATEMENT 

Contemporary urbanization expands cities at the cost of valuable farmland, mainly at the urban fringes. Loss 

of agricultural land due to urban sprawl has a significant negative impact on the surrounding peri-urban 

landscapes raising concerns about food security and ecosystem services and about the risk to the peri-urban 

community lifestyle. Emergent economies and social structural changes in these areas adjust the 

configuration of land qualities and functions differently (Duvernoy et al., 2018). On the other hand, climate 

change and frequently changing land administrative policies affect landowners’ land-use change decisions, 

mainly at the city fringes.  

Conventional static measurement of spatial arrangements or physical characteristics are inadequate in 

understanding the contemporary agricultural land-use transitions on these diverse city fringe landscapes. 

Exploring the scale, rate and place of these changes is also important in understanding the dynamics 

associated with these non-linear complex land-use transition processes, under different land-governing 



5 

 

policy arrangements (Zhang et al., 2017).  

This study investigates complex peri-urban agricultural land-use transformations using farmers’ land-use 

decision behaviours integrated with agent-centric modelling approaches to explain complex peri-urban land-

system dynamics. The knowledge gained from this study would be useful for land-use planners and policy 

makers when selecting land-management strategies by comparing options for land-management motivation 

scenarios in virtual environments. 

1.3 RESEARCH OBJECTIVES AND APPROACH 

This study attempts to deepen our understanding of the agricultural land-use change phenomena on city 

fringes using agent-based model (ABM) simulations. Firstly, this study analyses the peri-urban landscape 

spatial-structural changes (land fragmentation) and agricultural land vulnerability under different land-

management policy directions, building knowledge on agricultural land-use changes on peri-urban 

landscapes in the study area. Secondly, it explores the drivers behind the land-use decisions of peri-urban 

farmers and land managers, while identifying land-use decision-making profiles and their decision 

behaviours to develop agent-centric (bottom-up) models by making assumptions on agents’ (farmers’) 

properties and decision rules to reconstruct complex land transitions in the virtual environment. Finally, this 

study examines the complex agricultural land-transition process characteristics in the land system, while 

evaluating the land-use transitions under different policy directions using the integrative ABM method with 

scenario analysis. The findings of the ABM simulations assist in developing inductive reasoning to improve 

the knowledge of land-system dynamics on the city fringes under the influence of urban sprawl. 

The four main research objectives and the approaches adopted are listed as follows: 

Objective 1: To analyse the peri-urban land parcel structure and land-use compositional arrangement 

focusing on agricultural land fragmentation. 

Approach 1: Developed urban-to-rural land-use gradients in parallel with landscape metrics to analyse the 

landscape spatio-structural changes and its effects on agricultural land-parcel arrangements.  

Objective 2: To analyse peri-urban agricultural land vulnerability at a local level, under opposite policy 

directions—economic development (ED) and environmental protection (EP). 

Approach 2: Developed land administrative scenarios using spatially-explicit, multi-criteria models that 

considered the geographic aspects and land-use plans of the study area. 

Objective 3: To explore peri-urban farmer characteristics—demography, production and farming 

motivations—as well as the drivers behind land-use decisions, decision-making profiles and 
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farmers’ land-use decision behaviours. 

Approach 3: Used a questionnaire survey to investigate peri-urban farmers’ characteristics and land-use 

decision preferences. Developed descriptive statistics for farming characteristics and used 

factor dimension reduction techniques to explore key drivers, while using cluster analysis to 

identify decision-making profiles and their decision rules. 

Objective 4: To explore the agricultural land-transition process characteristics and the land-transitional 

responses under varying model environments.  

Approach 4: Used spatially-explicit ABM simulations to capture the land-transitional process 

characteristics of the land system (path dependency, self-organization and system dynamics) 

while creating hypothetical parameter set-ups for opposite policy directions to evaluate 

agricultural land extinction.  

1.4 RESEARCH SIGNIFICANCE 

Peri-urban land-use research often focuses on physical and functional changes in landscapes due to urban 

sprawl, and LULCC monitoring in time and space. The current research focuses on peri-urban agricultural 

land transitions occurring due to urban sprawl, which has received less attention among land-use researchers 

and land administrative practitioners. The complex nature of these land-use transitions has created many 

knowledge gaps in the understanding of researchers, land-management practitioners and policy makers on 

farmland conversion phenomena on city fringes. 

This study makes several contributions to knowledge in the fields of land system science (LSS) and peri-

urban land-system research. Firstly, it provides insights into agricultural land fragmentation on these peri-

urban heterogeneous landscapes, demonstrating the advantage of quantifying land use in fragmenting zones 

when planning land use. Secondly, it addresses the information gap among academia and administrators of 

peri-urban land management by spatially visualizing the land vulnerability risk in local government areas 

under different land-management policy directions. Thirdly, it demonstrates the advantage of using peri-

urban farmers’ land-use decision trade-offs—internal and external considerations—to identify the drivers 

behind land-use change decisions. It provides insights for the peri-urban research community in 

deconstructing complex land-use transitions by understanding the causes and effects through employing 

land-use modelling. Furthermore, this research addresses the methodological challenge of identifying the 

agents—land-use decision-making profiles—and the decision rules for re-constructing the land-use 

transitional processes in agent-centric land-use models. The final phase of this research focuses on exploring 

the agricultural land transformation system dynamics using ABM simulations to build the knowledge on 

peri-urban agricultural land-transition phenomena using the study area as a testing site 
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1.5 THESIS STRUCTURE  

This thesis consists of the following eight chapters. 

Chapter 1: The general Introduction presents the background of the study by illustrating the effect of 

urbanization on agricultural land transitions on city peripheries. This chapter consists of the problem 

statement, research objectives and proposed methodologies for addressing the research objectives with a 

brief statement on the research significance and the thesis structure. 

Chapter 2: The Literature Review chapter provides a conceptual framework for this research, identifying the 

knowledge gaps based on the insights of the land-use science research community. This chapter discusses the 

land system science (LSS) theories in regard to peri-urban land-use changes: spatial analysis of landscapes; 

land-use change drivers and decision behaviours; complexity in land-use transitional processes; and 

developing and using ABM simulations to understand land-system change phenomena on city peripheries. 

Chapter 3: The Land-Use Analysis on Urban Fringes chapter focuses on Objective 1 of this study. It 

presents the novel approach of integrating urban-to-rural (U–R) gradient analysis with landscape metrics to 

explore agricultural land fragmentation areas in peri-urban landscapes. Furthermore, this chapter discusses 

the landscape structure analysis along urban-to-rural (U–R) gradients and the advantage of the spatial 

quantification of agricultural land in the land fragmentation zones for informed land-management practices. 

Chapter 4: The Agricultural Land Vulnerability at Urban Fringes chapter addresses Objective 2 of this 

study. This chapter presents an application of multi-criteria, spatially-explicit modelling approaches for 

calculating the Agricultural Land Vulnerability Index (ALVI) values under different parameter inputs. It 

discusses the agricultural land vulnerability contrasts in opposite policy directions (economic development 

[ED] and environmental protection [EP]), while demonstrating the advantage of quantifying land 

vulnerabilities in local government administrative areas to address unique challenges. 

Objective 3 was addressed in the following two chapters (Chapters 5 and 6) due to the higher concentration 

of information related to the adopted methods, detailed results and empirical justifications. 

Chapter 5: The Drivers of Peri-Urban Farmers’ Land-Use Decisions chapter addresses the methodological 

challenge in the first half of Objective 3—identifying the key drivers behind farmers’ land-use decisions—by 

considering a series of primary factors that affect land-use decisions. This chapter presents a detailed 

description of the postal questionnaire survey used for data collection, and of the descriptive statistics of the 

sample representation of peri-urban farmers in the study area. Furthermore, it demonstrates the use of 

exploratory factor analysis (EFA) to identify key drivers, while empirically validating the results in a local 

context.  
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Chapter 6: The Peri-Urban Farmers’ Land-Use Decision-Making Profiles chapter focuses on the second 

half of Objective 3. It provides an investigative pathway for exploring the land-use decision-making profiles 

by using the options of cluster selections in statistical data analysis (exploratory cluster analysis), while 

adapting the internal and external statistical validations for justification. It discusses the decision behaviours 

of the profiles, while contrasting distinguishable differences to make the assumptions—of agents and their 

decision rules—for ABM simulations with empirical validations. 

Chapter 7: The ABM Simulations of Peri-Urban Agricultural Land-Use Transitions chapter focuses on 

Objective 4 of this research. This chapter provides a detailed description outlining the development of ABM 

simulations of peri-urban agricultural land transitions, and demonstrating the assumptions made on agents’ 

properties, decision rules and model environment parameters, including open access for the ABM model 

source code (NetLogo). It discusses the land-use transition characteristics derived for the study area while 

testing process changes in opposite policy directions (economic development [ED] or environmental 

protection [EP])  

Chapter 8: The Concluding Discussion chapter presents an overall discussion on how the main research 

problem was addressed through the study’s methods and findings in parallel with the four specific study 

objectives, as documented in this thesis. The chapter uses the knowledge gaps identified in Chapter 2 

Literature Review to assess the findings, while discussing the strengths of these techniques for addressing 

land system science (LSS) challenges in peri-urban landscapes. This chapter concludes with probable future 

research recommendations as a continuation of this research pathway to improve the knowledge on peri-

urban agricultural land transitions, due to urban sprawl. 

The thesis documents the current study which has focused on an evaluation of agricultural land-use 

transitions on the urban fringes of Adelaide in South Australia. The information about this study area—its 

geographic and socio-economic aspects, and land-use planning in the Greater Adelaide area—is presented in 

Chapters 3, 4 and 5 under the topic “study area” descriptions, while considering Adelaide as a common case 

study area for the entire research. 

The knowledge gained in each chapter (in Chapters 3 to 7) has been used as the information source for the 

following chapter. The following figure (Figure 1.1) illustrates the information flow of the study which is 

ultimately used as a data source for developing ABM simulations in Chapter 7. 
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Figure 1.1: Information flow diagram for ABM development 

 

 

 

 

In different stages of the current study, the following data sets and software have been used for data 

analysis, modelling and information visualizations. 

The primary data used in this study are as follows: 

- Land cadastral spatial data with land-use information: South Australian Government (Department of 

Planning, Transport and Infrastructure [DPTI], 2016). 

- Spatial boundaries of the 30-Year Plan for Greater Adelaide (Planning SA, 2010). 

- Digital elevation model (DEM) (with 30 m resolution). 

- Direct farmers’ questionnaire survey data set (collected by the author). 
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The software used for this study is as follows: 

- ArcGIS Desktop-ESRI for spatial data analysis. 

- NetLogo for ABM simulations. 

- IBM SPSS Statistics (SPSS) and Mplus for statistical data analysis. 

- Microsoft (MS) Excel for creating charts and tables. 
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CHAPTER 2 – LITERATURE REVIEW 

This chapter reviews the literature on land system science (LSS) in relation to 

agricultural land transitions in peri-urban landscapes that comprise human–

environment interactions. The key areas on which the study focuses in the context 

of urban sprawl are: the physical land-parcel arrangement of peri-urban 

landscapes; the multi-disciplinary aspects of land administration; farmers’ land-

use decision behaviours; and the modelling of complex land-transition processes. 

Furthermore, this chapter provides insights on the methodologies selected to 

address the identified gaps, while evaluating the effectiveness of the techniques 

utilized in the remainder of the chapters.  

2.1 HUMAN–ENVIRONMENT LAND SYSTEMS 

Humans have used land and changed land use to satisfy various expectations throughout millennia 

(Millington, 2012a). During the last few decades, land-use and land-cover change (LULCC) research, 

ranging from local case studies to global scale analyses (Verburg et al., 2015), has demonstrated the effects 

of human contact on natural environments. The global LULCC monitoring studies show the significant effect 

of human intervention as it alters terrestrial ecosystems to satisfy rising demands for food, water, energy and 

other resources and services (Ramankutty and Foley, 1998, Seto et al., 2012a, Ramankutty et al., 2006, Foley 

et al., 2005, Gutman, 2004, Seto and Satterthwaite, 2010, Alexander et al., 2016). On the other hand, cities in 

Germany and Japan have experienced shrinking urban areas due to demographic and socio-economic 

changes (Lauf et al., 2016, Matanle and Rausch, 2011).  

The definition of “urban” is ambiguous and controversial in the land-change science literature (Elmqvist 

et al., 2013b, Batty, 2015). In their recent epistemological study, Brenner and Schmid (2015) argue against 

the conventional definition of the term “urbanization” by demonstrating the effect of human intervention 

beyond the city fringes around the world. Furthermore, their study demonstrates that urbanization offers 

insights into the socio-economic and ecological systems entangled with LULCC (Acuto, 2015). The above 

facts demonstrate human involvement with LULCC in world regions, but still leave knowledge gaps on 

LULCC occurrence, for example, its scale, rate and space, due to its complexity. The land-use research 

community faces the challenge of finding the human causes and situations that create a substantial impact on 

natural environments (Turner et al., 1994, Elmqvist et al., 2013b) in order to improve the knowledge on land-

use transitional phenomena.  

Land system science (LSS) is emerging as an inter-disciplinary research area that focuses on LULCC 

dynamics in human–environment land systems (Turner et al., 2007). Described as a holistic approach with 
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insights on bio-physical and socio-economic aspects, LSS is used to analyse complex LULCC in various 

land systems (Verburg et al., 2015, Rindfuss et al., 2008). The LSS approach has been widely accepted and 

utilized by land-use researchers for the exploration of LULCC drivers and their impacts on surrounding 

natural environments, while proposing strategic policy directions for effective land management in rural and 

urban land systems.  

Turner (2016) explained the use of LSS in land-change research on different land systems: 

Land system science (LSS) has expanded its research focus from the drivers of land use and cover 

change primarily in rural wildlands to include the social-environmental consequences of this change, 

urban areas, and sustainability practice (p.689). 

The use of LSS has significant advantages over traditional land-use change studies, as it is able to offer 

comprehensive solutions including adaptations and mitigations for global land-change problems, thus 

leading to sustainable land management practices (Verburg et al., 2013, Turner et al., 2007, Lambin and 

Geist, 2006). The multi-disciplinary approach of land system science (LSS) can be used when researching 

complex land-transition processes that occur in human-dominant land systems, such as cities and city 

peripheries.  

2.1.1 Urbanization and land-use change 

The economic aspects of societies demonstrate a significant contribution to LULCC occurrences in different 

geographies worldwide. The comparison of global case studies by Lambin et al. (2001) showed that markets 

and economic policies are major contributors to creating opportunities and constraints for LULCC, thus 

rejecting the conventional understanding that population and poverty are the key drivers of LULCC 

occurrences worldwide. Contemporary globalization trends have created new economic geographies: direct 

foreign investments; financial agreements between cities in different countries; and cross-border commodity 

supply chains, while increasing international trade, logistics and services worldwide (Lambin and Meyfroidt, 

2011, Roberts, 2014, Millington, 2012a, Robinson and Carson, 2015). The new global economic trends have 

accelerated LULCC in developing countries, such as, China, India, Indonesia and Vietnam, demonstrating 

significant urbanization trends due to rising economic opportunities. Most of these countries, including 

China, use urbanization as a policy instrument to achieve their country’s economic goals. Several megacities 

(over 10 million people) have been created in China during the last decade due to accelerated urbanization. 

However, as the country experiencing the highest level of LULCC due to urbanization, China faces the 

challenge of maintaining economic development without sacrificing productive land for food security (Bai et 

al., 2011). These facts reveal the future global challenges of maintaining the balance between human needs 

and limited natural resources. 

Foley et al. (2005) anticipated the key challenges in human–environment land systems as “… the challenge 
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of managing trade-offs between immediate human needs and maintaining the capacity of the biosphere to 

provide goods and services in the long term” (p.570). 

Globalization has accelerated the distance drivers of land change in many parts of the world. Meyfroidt et 

al. (2013) demonstrated the effect of the following distance drivers of land change: unexpected land-use 

policy changes, environmental impacts and rapid socio-economic changes as the prominent characteristics 

experienced in these geographies. The interconnections created between countries or regions have become 

the new research agenda for land-use researchers when exploring distance drivers and their effects under the 

theme of “teleconnections” in a global context. A multi-region input–output analysis by Yu et al. (2013) 

illustrates the off-country land use of developed nations and regions in percentages as follows: the United 

States (US) 33%, European Union (EU) 50% and Japan 95%, while Latin American countries use a large 

portion of their crop land—Brazil 47%, Argentina 88%—for EU export markets. Moreover, the analysis 

shows the effects of increasing resource demand in China and India due to rapid economic growth, with 

these effects being on land use in Africa, Russia and Latin American countries. On the other hand, excessive 

local agricultural production in peri-urban regions provides services elsewhere to support the increasing 

demand for food (changing dietary patterns and contemporary markets with growing populations) within 

countries/cities that have limited land and natural resources to fulfil rising needs, as well as issues with 

climatic conditions. Agricultural production provides products to export markets valued at over $4.5 billion 

(e.g. live cattle and sheep exports from Australia to Arabic nations and developing countries such as China, 

Pakistan and Indonesia; and Australian wheat exports providing products to markets in Indonesia, the 

Philippines and South Korea where dietary patterns are rapidly changing from rice to wheat) (Mewett, 2013, 

ABARES (Australian Bureau of Agricultural and Resource Economics and Sciences), 2018). These facts 

show the importance of integrating the distinct land connection with local land-use research to identify 

external drivers and the effects of land-use consequences in a local context. The concept of “tele-coupling” 

emerged as a commonly agreed framework that land-use researchers can use to improve knowledge of 

complex human-coupled land systems. 

Liu et al. (2013) defined the tele-coupling concept as “... a logical extension of research on coupled 

human and natural systems, in which interactions occur within particular geographic locations” (p.1). The 

investigative study by Liu (2014), using a tele-coupling framework for China forest-cover recovery and its 

effects on forest sustainability in China and forest product-importing countries, highlighted the importance in 

regional land-use research of using distant socio-economic and environmental changes when exploring land-

use changes which are unable to be explained with strictly local considerations. The urban teleconnection 

concept has advantages in bridging the causes of urbanization and the impact of land-use changes by 

considering the land from the city centre to the rural hinterland as a single land system (Güneralp et al., 

2013). The economic connections between urban and non-urban areas also offer insights ranging from local 
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to regional through to global economic processes (Hayter et al., 2003). Seto et al. (2012b) proposed a 

process-based conceptual framework for capturing teleconnections in land-use change studies, particularly in 

areas subject to urbanization. This demonstrates the potential of the teleconnection application for exploring 

new urban area formation, such as peri-urbanizing, with a focus on surrounding areas and regional city 

connections 

2.1.2 Urban sprawl and peri-urbanization 

The term “urban sprawl” is extensively used by researchers and land administrators to describe major land-

transformation processes and their consequences on peri-urban landscapes. Urban sprawl theory has a long 

history since its origins in the 1920s in economically advanced countries in that era (the US and European 

countries). It is also identified as “semi-suburbia” and “ribbon developments”, representing landscape 

changes into urban form that occurred mainly along transport corridors (Bruegmann, 2001). After the Second 

World War, the term “urban sprawl” was widely used in European countries—mainly the German-speaking 

countries—to describe urban expansion due to industrialisation in and around the cities (Jaeger et al., 2010). 

Mills (1981) identified urban sprawl as the lack of continuity in urban expansion. This was further confirmed 

by Peiser (1989) who demonstrated that low-density discontinuous expansions can significantly accelerate 

under the influence of larger utility, infrastructure and municipal land development projects occurring on city 

fringes.  

Urban sprawl has often been described as an extension of the fringes or as urban settlement scattering 

over rural landscapes (Harvey and Clark, 1965). In a study on urban expansion, Gottmann (1957) identified 

the form of sprawl as fast-growing suburban areas closer to mega town centres, demonstrating the leap-

frogging effect of sprawl due to increasing demand for land. Gottmann (1966) stated that most geographers 

in this era were focused on their areas of interest and on projects that created a lack of understanding of the 

sociological aspects associated with urban sprawl. The definitions of urban sprawl are often blurry and 

highly contingent on the area of research, viewpoints and associated geographies (Harvey and Clark, 1965). 

The existing definitions used for “urban sprawl” differ to a great extent based on the area of research interest, 

thus conveying contradictory interpretations. Consequently, it is difficult to agree on a consistent 

interpretation to compare case studies from different regions (Jaeger et al., 2010). This is further confirmed 

by Schneider and Woodcock (2008) who provided spatial evidence of urban growth in 25 cities around the 

world and indicated that “sprawl” is a relative concept that could vary in different geographies. 

In a systematic review of urban sprawl definitions, Jaeger et al. (2010) separated the causes and 

consequences which were entangled in many definitions, resulting in a lack of clarity. The study identified 

the causes: unsystematic development; aimless and disorganized growth; demand for green landscapes; 

additional residences; and low-priced land parcels, while identifying the consequences: degradation of 



15 

 

landscape quality; loss of agricultural land and ecosystem services; loss of open green space and recreational 

areas; increase in number of commuters; and increase in spatial and functional separation in landscapes 

(Jaeger et al., 2010). Based on 50 years (1950–2000) of land-change data in the US, Brown et al. (2005a) 

reported that low-density outer-city residential developments drive the sprawl to city fringes and rural 

landscapes. Furthermore, Hasse and Lathrop (2003) proposed that the key land resource impact indicators of 

urban sprawl are: increasing urban density; loss of farmland, wetland and forest habitat; and increase in 

impervious cover. However, Chinese case studies demonstrate that the existing urban sprawl theories are not 

adequate to explain the contemporary urban sprawl patterns in China that are occurring due to larger land 

reforms—micro-level urban centres in “development zones” and temporary migrant settlements in “semi-

urbanized villages” (Deng and Huang, 2004, Yu and Ng, 2007). In addition, Tian et al. (2017) show that the 

urban sprawl trends in China are occurring due to “State-led” development processes, international direct 

investments for manufacturing industries and the oversupply of land for commercial industries by local 

municipalities, with these factors driving the sprawl to peri-urban and rural areas.  

“Urban sprawl” is identified as a major land-use change practice that is associated with significant social 

and environmental costs, while presenting challenges for land-use planning on city fringes (Hasse and 

Lathrop, 2003, Wu, 2008). Bruegmann (2001) identified the major concerns of urban sprawl on city fringes 

as being environmental, social, aesthetic and equity issues. Wei and Ewing (2018) identified urban sprawl as 

a significant characteristic of contemporary urbanization or urban development processes. Many researchers 

(Ligtenberg et al., 2001, Rusk, 1993, Gimblett et al., 2001, Mancebo, 2008) have identified urban sprawl as a 

complex process involving the interplay of driving forces, namely, socio-economic, physical and political 

influences and their interactions. Land-use research has identified the fundamental forces which drive urban 

sprawl into nearby landscapes. Brueckner and Fansler (1983) indicated that urban sprawl is mainly driven by 

existing market forces rather than by economic symptoms. Furthermore, it was confirmed by Cuadrado-

Ciuraneta et al. (2017) that, in the last three decades, the diffused urban sprawl that occurred in European 

cities was due to speculation in the market, over net population growth. Batty (2009) described that, in 

addition to natural and physical factors, urban sprawl is driven by the historical reasoning of “historical 

accidents” associated with city geography. Brueckner and Helsley (2011) demonstrated that economic 

factors (i.e. urban land market failures) are the key force for urban sprawl with this intensified by inefficient 

spatial planning in urban areas leading to excessive peri-urban development. In a US-based study, Brueckner 

(2000) reported that the key drivers underlying urban sprawl are rising economies, population growth and the 

declining commuting cost on city fringes. However, the urban economy is central to these drivers on city 

fringes. The above points demonstrate the significant contribution of urban economies (through market 

forces) to driving urban sprawl into nearby landscapes, while influencing land-transition processes by the 

intensity and dynamics of socio-physical and land administration. 
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The term “peri-urban” has been defined broadly by multi-disciplinary researchers worldwide, in accordance 

with the understanding and knowledge developed in different geographic areas—by case studies—(Wandl 

and Magoni, 2017). The term “peri-urban” is commonly understood to mean the interface between urban and 

rural landscapes that is regarded as the land transitional zone due to human land-use change activities 

(Buxton and Choy, 2007, Douglas, 2006, Brook and Dávila, 2000). Hedblom et al. (2017) have suggested the 

importance of specifying a specific population density or spatial distance to built-up areas to identify the 

peri-urban landscape by its functionalities. However, the explorative reviews by Willis (2007) on peri-urban 

definitions demonstrate that it is impossible to have a singular or spatial definition for the term “peri-urban” 

in different geographic areas worldwide. This point was further confirmed by Amirinejad et al. (2018) who 

demonstrated the ambiguity of the peri-urban interface due to the presence of diverse land-change drivers 

and the collective form of its expression in different cities worldwide. Simon (2008) provided substantial 

evidence that presented structurally and functionally different peri-urban areas in the world’s regional cities, 

namely, in North and Latin America, Europe, Asia and Oceania. In an Australian study, Burnley and Murphy 

(1995) identified peri-urban areas as areas on the edge of cities that structurally and functionally consolidate 

urban expansion. However, the current study’s author identified the term “peri-urban” as meaning landscapes 

that significantly differ (physically and functionally) to the urban built-up landscape or the rural agricultural 

landscape, in this study, referring to the context of Australian urban to rural continuums.  

In many attempts and from different viewpoints, researchers have articulated peri-urban land-use 

characteristics and land-transitional progressions on city fringes. The key point is that peri-urban areas are 

the fastest-growing areas in the world’s regions (Nelson et al., 1990; Davis et al., 1994; Low Choy et al., 

2007; Brown et al., 2005). In Australian case studies, Buxton and Choy (2007) and Buxton et al. (2011a) 

demonstrated the effects of urbanizing processes occurring in peri-urban zones (peri-urbanization), such as 

closer land subdivisions, land fragmentation, frequent land-use changes and the mix of urban–rural land-use 

practices and functions. McGranahan et al. (2004) further demonstrated that spatial features associated with 

these land transitions are characterized by high land-use intensities, settlement pattern variations and land 

fragmentation. This leads to peri-urban landscapes with their highly spatially heterogeneous land uses (Irwin 

and Bockstael, 2007, Jat et al., 2017). Willis (2007) listed the following land transition characteristics: fast-

growing built form, land-use change, land administrative overlaps and growing population, as being 

significant in peri-urban areas. Low Choy et al. (2008) demonstrated that peri-urbanization is mainly 

occurring in the proximity of rural town centres through the sprawling of urbanizing processes into 

surrounding rural areas. 

In regions throughout the world, cities may be surrounded by prime agricultural land, protected 

plantations, hilly forest areas, conservation areas and valuable wetlands, as well as by ecosystem services 

supporting urban inhabitants. Allen (2003) highlighted that peri-urban landscapes do not represent the 
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attributes of either urban or rural areas. McGranahan et al. (2004) confirmed this statement by characterising 

peri-urban zones as areas that are significantly environmentally unstable compared to urban or rural 

landscapes. In a global assessment of urban and peri-urban agricultural land, Thebo et al. (2014) reported 

that, of all agricultural land in the world’s regions, 60% of irrigated land and 35% of rain-fed agricultural 

land are located within the 20 km buffer to urban areas, thus providing evidence of the demand for water in 

peri-urban agricultural practices worldwide. 

2.1.3 Impacts on the ecosystem  

Contemporary urbanization has accelerated the human influence on the ecology in the biosphere (Folke et 

al., 2011, Ellis, 2011, Bian et al., 2018). Güneralp and Seto (2013) forecast that, by 2030, global urbanization 

would make significant impacts on protected areas, particularly in the regions of China and South America. 

Ecological research on urbanizing areas has confirmed that human influence on changes to natural 

environments includes the adverse impact of ecosystem services and functions (Ramalho and Hobbs, 2012, 

Wu, 2014, Elmqvist et al., 2013a). The land-use research community has identified the advantage of using 

LSS for ecosystem service quantification, valuation and management, exploring the connection between 

land-use change and ecosystem service alterations in the context of supply and usage (Crossman et al., 2013, 

Deng et al., 2016, Robinson et al., 2009, Serna-Chavez et al., 2014). Recent urban ecological studies have 

focused on the supply and demand of ecosystem services in the analysis of urban sustainability (Larondelle 

and Lauf, 2016, Kain et al., 2016, Baró et al., 2015, Lauf et al., 2014). Moreover, researchers have explored 

the socio-economic dimensions of the human influence on the ecosystem services of human-dominant land 

systems. However, as Mononen et al. (2016) demonstrated in existing land management policies, ecosystem 

service information gaps still exist due to the lack of concrete definitions and classifications.  

The infiltration of urban sprawl onto nearby rural landscapes—peri-urban landscapes—has created the 

dynamic interface of human–environment interactions. Rolf et al. (2017) demonstrated the peri-urban 

farmland’s contribution to developing the urban green infrastructure in three German cities through the 

maintenance of the essential habitat and functional connectivity in ecological systems. Recent urban 

ecological studies have focused on deteriorating ecosystem services in urban and peri-urban landscapes 

(Larondelle and Lauf, 2016, Zhu et al., 2017), which are often surrounded by agro-ecosystems.  

Wu (2013) described the landscape as “… places where people live and work, and where ecosystems 

reside and provide services to people” (p.1019). Ecosystem services in agro-ecosystems often receive less 

attention among land management practitioners (Sandhu et al., 2012). These services in urban fringe 

farmland have substantial benefits for both urban and peri-urban inhabitants, fulfilling their rising demands 

for food and other natural resources while achieving the goals of human well-being. In peri-urban areas—

which are dynamic landscapes—ecosystem services make a significant contribution when maintaining peri-
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urban landscape sustainability (Wu, 2013) while protecting and restoring urban ecology (Verburg et al., 

2015). A comprehensive analysis of ecosystem properties by Matson et al. (1997) shows the extensive 

environmental consequences that could be experienced under agricultural land intensification. As well as 

socio-cultural changes, agricultural land-use intensification on urban fringes is often the cause for weakened 

ecosystem services through its contribution to changes in the quality of water, air and soil. The land-use 

research literature has not adequately addressed peri-urban agricultural land-use intensification and its 

impacts on land-use sustainability in these land transitional zones (Sonter et al., 2015). 

2.1.4 Sustainability on city fringes 

Many land-use studies have used the term “sustainability” when expressing the idea of achieving a balance 

between human expectations and the environmental system by offering thresholds (Turner, 2016, Deng et al., 

2016, Verburg et al., 2015). For the UN-affiliated International Institute for Sustainable Development (IISD), 

Brundtland (1987) defined sustainable development as: “… development that meets the needs of the present 

without compromising the ability of future generations to meet their own needs” (p.41). 

A report written by Kaphengst (2014) titled “Towards a Definition of Global Sustainable Land Use” 

identified the unclear definitions of “sustainable land use” in the literature. Furthermore, the report identified 

the theoretical and conceptual implications associated with the IISD definition of “land governance”, while 

suggesting a new definition for sustainable land use as follows. 

A global sustainable land use serves the needs (for food, energy, housing, recreation etc.) of all 

human beings living on earth today and in the future, respecting the boundaries and the resilience of 

ecological systems (Kaphengst, 2014, p.12). 

Zheng et al. (2014) showed the complexity associated with sustainable development in the urban 

development literature, demonstrating the frequently changing definitions. Moreover, Berke and Conroy 

(2000) defined sustainable development as a dynamic process.  

Sustainable development is a dynamic process in which communities anticipate and accommodate 

the needs of current and future generations in ways that reproduce and balance local social, 

economic, and ecological systems, and link local actions to global concerns (p.23). 

These points demonstrate the lack of clarity of the term “sustainable development” in the land-change 

literature as it fluctuates between different geographies amid the existence of varying socio-cultural and 

environmental conditions. The author recognizes the term “sustainable land use” as meaning the adaptation 

of the use of land to achieve an optimum balance between human needs and natural environmental services 

within a certain time, while changing the land use to fulfil society’s rising demands.  

The land-use literature demonstrates that peri-urban land transitions are becoming a popular theme among 
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land-change researchers. This is evident in the case studies produced during the last few years (since 2014) 

on various cities around the world: France (Duvernoy et al., 2018); the USA (Brown and McCarty, 2018); 

Canada (Akimowicz et al., 2016); China (Shih, 2017); Vietnam (Nguyen et al., 2017a); Sweden (Hedblom et 

al., 2017); Indonesia (Winarso et al., 2015); Peru (Haller, 2014); Ghana (Appiah et al., 2014); and Australia 

(Liu and Robinson, 2016). Peri-urban land-transition studies have focused on the various aspects of land 

change and its impacts: land-use planning and urban development; urban ecology; urban sustainability; 

socio-economic changes; agricultural landscapes; and population dynamics, while representing cities from 

different geographies. These studies show the necessity of improving knowledge regarding peri-urban land 

transitions, following recent contemporary urbanization trends.  

Peri-urban regions are characterized by socio-economic dynamics and ecosystem service depletion, while 

being constantly subject to land acquisitions and tenure changes (Seto et al., 2012b). Furthermore, peri-urban 

typology features a mixture of urban and rural land-use features with continuous land changes, conflicts of 

targets and higher levels of land-use heterogeneity (Low Choy et al., 2008). Peri-urbanization has a constant 

connection with urban sprawl as it always occurs under urban drivers (Hersperger and Bürgi, 2009). Galli et 

al. (2010) showed the different aspects of peri-urbanization phenomena demonstrating the opposite views in 

the literature: one view identifies peri-urbanization as an unsustainable process breaking the connection 

between city and rural areas, while the other identifies it as a new form of sustainable development that 

creates new opportunities with positive land transformations.  

Peri-urban land-change research has identified the complexity associated with peri-urban land systems 

that are continuously subject to changes with insights from socio-economic policies, ecosystem services and 

institutional policies on land governance (Simon, 2008, Douglas, 2006, Ravetz et al., 2013, Seto et al., 

2012b). Rauws and De Roo (2011) described the non-linear characteristics of complex peri-urban land 

transitions and their dynamics with these often not being part of the radar of land-use planners. The LSS 

literature has identified the importance of considering urban, peri-urban and rural areas as a common land 

system consisting of mutual connections, to explore land transitional processes for sustainable solutions 

(Seto and Reenberg, 2014). The above points demonstrate the advances made by LSS in peri-urban land 

transitions. However, opportunities still exist for improvements in knowledge in the areas of scale 

dependency, autonomous processes and the robustness of land systems. 

2.1.5 Urban economic effects on peri-urban agricultural land functions  

As a result of the economic shift from agriculture to industry, many cities worldwide have lost farmland in 

peri-urban areas (del Mar López et al., 2001), with these land-use transition processes rapidly continuing 

with economic development in urbanizing cities. International trade, national border opening and cross-

border influences have triggered the demand for land transformation (Gardiner and Le Goulven, 2001), 
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particularly transformation that brings about agricultural land-use functional changes or loss on city fringes. 

Wu (2008) demonstrated that urban sprawl affects agricultural economies on the fringes by reducing the land 

area—or critical mass—below the minimum required for agricultural economic survival, which ultimately 

leads to the collapse of farming practices and services supporting agriculture in these urban fringe areas.  

The functional arrangements of the peri-urban agricultural land use of cities vary between developed and 

developing nations. Nugent (2000) showed the significant difference between peri-urban agricultural 

practices in developing countries that engaged with poor urban dwellers with less intensified (using less 

fertiliser/energy) agricultural practices and those of peri-urban areas of wealthy cities in developed nations 

that consisted of large-scale commercial/multi-functional farming practices. The countries of the Global 

North have identified the importance of preserving the peri-urban agricultural practices that contribute to the 

local economy and carry non-market benefits for urban inhabitants’ quality of life. Developing Asian 

nations, such as China and India, are experiencing significant structural changes in peri-urban agricultural 

land functions to fulfil the demand for developing megacities and medium-sized cities to satisfy the 

increasing population and expanding economies (Hussain and Hanisch, 2013, Tian et al., 2017, Shih, 2017). 

Moreover, direct industrial investments in the densely populated cities in Asia (i.e. Manila, Dhaka, Chennai 

and Jakarta) demonstrate significant agricultural land functional changes due to the rapid change of socio-

economic conditions. However, urban development and economic research in the literature have paid less 

attention to peri-urban agricultural functions (Bezemer and Headey, 2008). 

Urban/rural research in the current literature provides limited knowledge on the economic impact on peri-

urban agricultural practices that depend on the following economic variables: income, annual output and 

employment (Nugent, 2000) that combine as an economic force, changing agricultural land functions in peri-

urban landscapes. Researchers have found, in the cities experiencing urban sprawl, that this is due to 

economic expansion, and significant land demand generated for housing, infrastructure and transport in and 

around the peri-urban and nearby rural landscapes (Livanis et al., 2006, Greene and Stager, 2001). The 

increasing demand for land on city fringes creates adverse effects for peri-urban agricultural land-use 

functions by increasing the competition for limited farmland. In a study exploring peri-urban agricultural 

land values, Shi et al. (1997) identified the key economic factors of nearby urban economic demand and farm 

income as the determinants of agricultural land value that had a significant impact on agricultural land 

functions in these landscapes. Furthermore, in a study on market impacts on land-use change, Sun et al. 

(2014) demonstrated that peri-urban farmland can prevent urban sprawl as long as the opportunity cost of 

converting farmland to housing is higher than urban dwellers’ buying power. The increasing land demand for 

infrastructure and transportation projects leads to the acquisition of peri-urban farmland to facilitate the 

creation or expansion of services to maintain economic demand while challenging urban land-use planning 

in the growing cities (Mougeot, 2000, Elhadary et al., 2013, Heimlich and Anderson, 2001). These points 



21 

 

demonstrate the effects of urban economic expansion on functional changes in peri-urban agricultural land 

use that are carried through on different channels. 

Agricultural land intensification has become a global trend in the contemporary world (van Vliet et al., 

2015, Wandl and Magoni, 2017) and is prominent in peri-urban areas. Farmers in peri-urban areas often 

receive higher crop prices due to urban centres’ rising demand for crops for local consumption and export 

markets. Due to contemporary technological advancements, farmland has become competitive (Arsenault et 

al., 2012). To satisfy the increasing economic demand for agricultural commodities, farmland intensification 

is a common agricultural functional change that occurs in peri-urban landscapes by increasing the 

competition for farmland. Intensified agricultural practices require low-cost labour, new technology and 

irrigated water to maximize economic returns from the limited land of peri-urban farms. In developed 

nations, low-cost labour is commonly provided by poorer residents on city fringes. Farmers must, however, 

compete with non-agricultural sectors for labour on the fringes. Part-time elderly retirees also provide a 

significant labour supply for farming practices on city fringes which is not accounted for in peri-urban 

agricultural economics (Nugent, 1999). This situation differs in developing nations, due to non-agricultural 

economic opportunities in cities and the lack of labour, both of which increase the level of farmland 

abandonment and its conversion to housing or infrastructure development to satisfy the rising land demands 

of growing populations.  

Land-use research has identified endogenous economic factors of concern for farmers regarding their 

land-use decisions on city fringes, including increasing land value, return on investment (ROI) and 

uncertainty about the farming business, that affect farmland functional changes (Adelaja et al., 2011), such as 

land leasing, abandonment and selling of land for non-agricultural practices. Furthermore, Nugent (1999) 

showed that knowledge is lacking on non-market impacts, such as informal labour and unseen markets on 

peri-urban agricultural functions; therefore, land administrators and policy networks currently have limited 

information on peri-urban areas. A combination of these endogenous factors with the key exogenous 

economic variables—income, annual output and employment—and social factors creates complex farmland 

functional changes on city fringes that cannot be explained solely by conventional economic theories. 

Land-use planning, in parallel with economic behaviours, plays a significant role in peri-urban areas by 

identifying the development and preservation zones needed to satisfy the demand for land. This land-use 

zoning often has a significant effect on peri-urban agricultural land functional changes, with agricultural land 

in development zones often characterized by land-use changes—land subdivisions, fragmentation and 

intensification—while farmland in preservation zones is characterized by long-term stable agricultural 

practices on larger land parcels on city fringes. Land-use planners are also often concerned with the adverse 

effects of agricultural land functional changes on urban inhabitants due to land intensification, fragmentation 

and the extinction of green landscapes (Huang et al., 2009). Therefore, land-use regulations often focus on 
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land subdivisions and the increase in waste water emissions associated with land intensification practices. On 

the other hand, peri-urban agricultural businesses provide employment opportunities for rural communities 

(Allen, 2003) with this rarely considered by planners with urban priorities. However, James and O'Neill 

(2016) argued that urban planners either neglect or underestimate the peri-urban agricultural contribution for 

the local economy and sustainability of cities, both in Australia and overseas.  

Researchers pay special attention to peri-urban agriculture as it often operates under the influence of the 

urban sprawl of cities surrounded by farmlands. In land-use research, the limited literature on peri-urban 

agricultural practices has focused on food security (Tsuchiya et al., 2015, Thebo et al., 2014); agricultural 

land loss due to urban expansion (Pribadi and Pauleit, 2016, Pribadi and Pauleit, 2015, Pham et al., 2014, 

Elhadary et al., 2013); drivers of farmland change (Serra et al., 2017); ecosystem services in agricultural 

landscapes (Lee et al., 2015, Thapa and Murayama, 2008); land-use multi-functionality (Ives and Kendal, 

2013, Zasada, 2011); and farmers’ socio-economic aspects (Hussain and Hanisch, 2013, Wu, 2008). These 

multi-directional themes represent the complexity associated with the occurrence of agricultural land 

transition processes. Land-use research also identifies the conversion of agricultural land into an urban form 

as a key component of the peri-urbanization process (Fragkias et al., 2012), including the common status of 

agricultural land intensification, fragmentation and, ultimately, transformation into an urban form (Seto et 

al., 2012b). However, this sequence is not followed all the time on city fringes owing to the complexity 

arising from socio-economic and environmental system dynamics. Land system science (LSS) has 

developed, but has limited knowledge on, peri-urban agricultural land transition processes, such as: what 

situations lead to the occurrence of these transitions; where they are more likely to occur; the influences on 

peri-urban farmers’ land-use decisions; and the scale, rate and space of transitions occurring in peri-urban 

land systems. 

The author identified the lack of understanding of peri-urban agricultural land transitional phenomena as 

the key knowledge gap that this study intends to address. For this purpose, the next four topics of the 

literature review focus on the following aspects in relation to peri-urban agricultural land transitions: 

• Land fragmentation in peri-urban landscapes. 

• Agricultural land vulnerability in peri-urban land transitional zones.  

• Peri-urban farmers’ land-use decision behaviours. 

• Agent-centric modelling for agricultural land transition simulations. 
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2.2 AGRICULTURAL LAND IN PERI-URBAN LANDSCAPES 

Peri-urban landscapes show the highest land-transition dynamics, in comparison to neighbouring urban or 

rural landscapes (Weng, 2007, Seto et al., 2012b) and are continually subject to land fragmentation (Salvati 

et al., 2017b, Irwin and Bockstael, 2007, Cuadrado-Ciuraneta et al., 2017). Agricultural land-use transitions 

in these heterogeneous landscapes are frequently subject to land fragmentation (Serra et al., 2014, Guastella 

and Pareglio, 2016). The physical land-parcel spatial arrangement of these landscapes indicates that the 

occurrence of the underlying spatio-structural changes—land fragmentation—is due to the complex land 

system dynamics (Pili et al., 2017, Grimm et al., 2008). Murayama and Thapa (2011) demonstrated the 

advantage of using spatial analysis in land-change studies as it assists in understanding present and future 

changes: “if we can trace the movements of spatial phenomena in the past, we can acquire clues that will 

help us to unravel today’s structures and formation mechanisms” (p.9). 

Landscape ecology has developed as a science that investigates the spatial patterns of land patches 

(parcels), patch types, interaction between patches (land areas with boundaries) and the spatio-temporal 

changes in landscapes (McGarigal and Marks, 1995). In terms of landscape quantifications, land-change 

science has highly benefited from landscape measuring techniques developed within the field of landscape 

ecology. Landscape ecology and land-use research often use land cadastral data, which represent spatial 

boundaries in land-use information, to analyse spatial structures and land-use configurations in landscapes 

(Wrbka et al., 2004).  

2.2.1 Spatial quantifications 

Land-use configurations in peri-urban landscapes are multi-faceted, as they represent highly diverse land 

uses that constitute a wider spectrum of land parcels in terms of sizes. A systematic representation of the 

land-use presence is an important step in analysing complex land transitions in these heterogeneous 

landscapes. In terms of land-use composition and configuration analysis, geo-referenced location-based land-

use quantifications have significant advantages over non-spatial land-use quantifications. However, 

researchers experience a series of methodological challenges in quantifying and visualizing land-use 

presence and configurations for landscape analysis. 

Land-use change research often uses remote sensing for LULCC, particularly in land-use mapping and 

land-change monitoring and for spatial quantifications. Existing spatial information on land cover is mostly 

generated through remotely sensed data (scanned data of Earth’s surface and subsurface via satellites and 

airborne sensors, including drones). Lambin and Geist (2006), in identifying the advantages of land-use 

information over land-cover data for LSS, distinguished the differences between the terms “land use” and 

“land cover” as follows: land use is defined as “the purposes for which humans exploit land cover” while 

land cover comprises the “attributes of the Earth’s land surface and immediate subsurface, including built-up 
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structures” (p.4). Although remote-sensing data are considered a consistent source with higher temporal 

resolutions, spatial data provide limited information for exploring land systems that have aspects of human 

interactions with landscapes. However, LSS research has identified the advantage of integrating socio-

economic data with remotely sensed imagery featuring higher spatial resolution to produce rich spatial 

information on land-use and land-cover change (LULCC) (Verburg et al., 2011, Turner et al., 2007). This is 

evident in the ideas presented by Thompson et al. (2002), that is, “linking people to pixels” and  the National 

Research Council (1998), namely, “socializing the pixel” that highlight the use of added value to remote-

sensing data for land-use research.  

The study by Robinson (2012) on land-cover versus land-parcel analysis in peri-urban (ex-urban) 

landscapes showed a significant difference between land-cover measurements, particularly in areas with 

smaller land parcels represented by land-use heterogeneity. This demonstrates the invalidity of using remote-

sensing (land-cover) measurements to analyse physical land parcel spatial arrangements in these landscapes 

consisting of smaller land parcels with diverse land uses. On the other hand, Olofsson et al. (2013) 

highlighted the misinterpretation of land change in LULCC maps due to unrepresentative samples leading to 

misclassifications. Today, the regularly updated land cadastral spatial data sets (acquired through highly 

accurate land survey maps, field assessments, aerial imagery and drone technologies) provide rich 

information on land use and land functions on city fringes, compared to the conventional remote-sensing 

application that is suitable for macro-scale LULCC monitoring and evaluation. 

Agricultural land uses are one of the major land-use groups that form complex land-use configurations on 

peri-urban landscapes. As land fragmentation areas represent a higher tendency for land-use or land-parcel 

changes (ownership change, subdivisions or leasing), agricultural land that is present within these zones is 

more vulnerable to changes compared to land in non-fragmented areas. However, land-use research in the 

literature does not adequately address these distinguishable differences. The author identifies that the lack of 

information on agricultural land presence in fragmented areas creates a knowledge gap, restricting the 

accuracy of land-use quantifications and validations in peri-urban landscape analysis.  

2.2.2 Landscape measurements 

Landscape metrics are advanced spatial measuring techniques first developed in landscape ecology and later 

utilized in conservation biology and urban ecology to measure landscape changes due to human intervention 

(Wu, 2014). McGarigal (2002) explained the advantage of using landscape metrics: “landscape metrics 

represent the spatial pattern of the entire landscape mosaic, considering all patch types simultaneously” 

(p.93). 

Many land-use studies have confirmed promising results when using landscape metrics to investigate the 

structural dynamics of landscapes (DiBari, 2007, Robinson, 2012, Herold et al., 2005, Szabó et al., 2016, 
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Aguilera et al., 2011). Furthermore, these metrics are extensively used as a landscape measuring tool in 

urban growth studies in many cities worldwide (Schneider and Woodcock, 2008). However, the scale 

dependency of these landscape metrics determines the validity of using them on different scales for effective 

landscape analysis (McGarigal, 2002). A landscape metrics scale-dependency analysis by Feng and Liu 

(2015) showed that the application of landscape metrics in “landscape” levels (smaller areas) is scale-

independent. Moreover, another scale-dependency analysis by Uuemaa et al. (2005) showed that landscape 

metrics correlate to land-use information on different scales only if the information was derived from spatial 

data with accurate land-use classifications. These points reveal the importance of deriving landscape metrics 

from reliable spatial data sources that could represent the characteristics of the intended study landscape on a 

suitable scale. 

In landscape ecology, gradient analysis originated as a conceptual method for analysing the structural 

measurements of landscapes in continuums. McGarigal and Cushman (2005) described the advantage of 

using these pattern gradients for landscape structure analysis, as they consist of categorical or continuous 

measurements in spatial continuums, representing parameter variations along gradients including distance 

influences. Land-use research benefits from gradient analysis, particularly in areas representing extensive 

human interactions with landscapes. McDonnell and Hahs (2008) described the advantage of using gradients 

in urbanizing landscapes (urban, urban-to-rural, urban-rural-urban) as they provide opportunities to 

systematically compare landscape structures within and beyond (distinct) urbanized areas. In the same study 

(a meta-analysis), gradient analysis was used in 5% of 300 articles to investigate the urbanizing geographies.  

The application of urban-to-rural (U–R) gradients has an advantage in peri-urban landscape analysis, as  

landscape structure can be analysed on gradients, illustrating landscape variations along these gradients 

(Vizzari and Sigura, 2015, Haase and Nuissl, 2010, Luck and Wu, 2002). The integration of these two 

methods, landscape metrics and U–R gradients, provides investigative pathways for exploring land 

fragmentation zones by analysing probable spatio-structural changes. The corresponding, spatially 

referenced land-use gradients can be used to identify and quantify agricultural land presence in these land 

fragmentation zones. In addition, the land-use and landscape structural information along U-R gradients can 

be used to empirically validate landscape characteristics corresponding to these geo-locations. 

2.3 PERI-URBAN LAND-USE PLANNING  

Urban sprawl has become a common challenge in many cities around the world, except for the few cities that 

are experiencing urban shrinkage due to specific socio-economic factors in those areas. Other than that, each 

city or urban area exhibits unique expanding trends, both spatially and temporally. The trends in urban 

sprawl vary significantly between different geographies, from developing to developed nations, flat land to 

mountainous areas, coastal to inland areas and megacities to secondary cities. Contemporarily, economic 
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development has become the key driving force for urban sprawl into nearby rural landscapes (Shkaruba et 

al., 2016). Economic development and urbanization have mutual benefits. Higher investments attract an 

increased number of people into urbanized areas, helping to improve economic development with low-cost 

labour, energy and amenities. Urban sprawl intensifies when land administrative policies set rapid economic 

development targets for their priorities. Extensive urban sprawl occurrences in Chinese cities provide 

examples where urban expansion has become a land-governing tool for maintaining higher economic growth 

(Tian et al., 2017) even though it brings significant costs to peri-urban communities (Shih, 2017). In contrast, 

land-governing policies focusing on environmental protection are resistant to urban sprawl on city 

peripheries. Land-use change comparisons by Shkaruba et al. (2016) between two cities in eastern Europe 

(formerly part of the Union of Soviet Socialist Republics [USSR]) showed that land-use planning policies—

which restrict housing development on less productive agricultural land and encourage intensified 

agricultural land where it achieves higher economic returns—have more power to contain urban sprawl to 

city fringes. Current land-use policy studies have recognized strategic initiatives to face the sprawl, such as: 

promoting the conversion of traditional farmland into multi-functional hubs (cellar doors, recreational and 

tourist attractions) and land-use zoning for intensified agricultural practices while regulating environmental 

concerns, to increase economic returns (Zasada, 2011). These points reveal that land administrative policy 

makers face the fundamental challenge of directing these policies on economic development (ED) or 

environmental protection (EP), mainly on city fringes. 

Urban sprawl has significant connections with land administration (land-use planning and land 

management), particularly in local government areas on city fringes. Land-use planners have identified urban 

sprawl as the interplay between two factors: “push and pull”. The urban pushing factors or “push factors” are 

identified as: land demand for housing, infrastructure and industrial expansion, as well as  situations that help 

to accommodate urban sprawl on peri-urban areas, such as property values equal to those in urban areas, 

transport and infrastructure development on the fringes (Sieverts, 2003, Bryant and Charvet, 2003, Ichikawa 

et al., 2006). The “pull factors” are identified as actions towards a new stable state of land uses to contain 

urban sprawl to the fringes, such as promoting multi-functional farming, hobby farming and recreational 

areas (Rauws and De Roo, 2011). The interplay between “push and pull” factors has been extensively 

discussed under the planning practices of many European cities in the PLUREL (Peri-Urban Land Use 

Relationships) research project on land-use planning (Piorr et al., 2011). 

Moreover, urban planners describe the effects of urban sprawl as a dynamic system transformation—land 

system transformation from one stable situation (non-urban) to another stable situation (urban)—due to the 

variation in trade-offs between push and pull factors occurring on the fringes (Rauws and De Roo, 2011). 

Land administrators use land-use planning as a strategic tool to control urban sprawl on peri-urban 

landscapes, both spatially and temporally. However, these spatially heterogeneous complex landscapes—
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consisting of diverse socio-economic, environmental and political interests—are challenging due to the 

existence of multi-stakeholder policy overlaps and disintegrated land-management practices (Sharma-

Wallace, 2016, Wu et al., 2016, Douglas, 2006, Scott et al., 2013).  

Urban planning strategies vary in the world’s regions by landscape arrangements and geography. In 

contrast to Asian and European cities, distinctly located cities surrounded by large areas of farmland, with 

increased land availability for expansion, such as in Australia and North America, show substantially 

different urban planning trends (Brinkley, 2018). In Australia, urban planners have identified the effects of 

urban sprawl on peri-urban landscapes under metropolitan development plans (Forster, 2006). Since 

colonization, Australian land-use planners have been engaged with land administration in many regions that 

today have developed into major cities—Sydney, Melbourne, Brisbane, Adelaide, Perth and Canberra—

using land survey data, maps and aerial imagery. During the last few decades, urban sprawl has occurred 

mainly around the larger Australian cities (Baxter et al., 2010).  

Williams (1966) presented historical evidence of planners’ concerns about the spread of settlements in 

South Australia and about maintaining a fringe with limited population and cultivation around townships. 

Currently, most major and secondary cities in Australia are located in coastal areas with higher population 

densities—over 89% of Australian settlements are urban—and are experiencing complex urban settlement 

trends (McGuirk and Argent, 2011). Nevertheless, in the last few decades, Australian city planners have been 

facing the challenge of limiting urban sprawl into peri-urban landscapes, with this occurring as the result of 

urban expansion which is increasing the population growth rate, while reducing the population density of 

major cities (Roberts, 2007, Fincher, 2011). Australian land-use studies have acknowledged the common 

peri-urban land management challenges as: the loss of eco-system services; bushfire resistance; and the land-

management practices of new peri-urban settlers. In addition, various socio-economic factors have created 

disparities, while the need for integrated and well-informed land-use planning that reflects the anticipated 

land management targets on the fringes has been identified (Low Choy et al., 2008, Buxton et al., 2011b).  

McFarland (2015) identified the peri-urban land transformation in the context of urban sprawl as follows: 

“[t]he peri-urban is where the non-urban is consumed for urban purposes and such consumption results in 

loss of land that previously provided non-urban support and services” (p.176). McFarland (2015) further 

stated that conventional land-use planning identifies peri-urban landscapes as an infinite stock of land 

available for urban consumption while highlighting the need for integrated planning in Australian peri-urban 

areas to address contemporary challenges. McFarland went on to explain the importance of applying an 

integrated land-use planning approach on Australian urban fringes instead of the customary land-use 

planning methods that employ the systems of science, law and economics, with all operating as separate 

fields. In addition, state-level land administration policies are mismatched with local land management 

concerns, particularly those of local government authorities (LGAs). Shaw (2013) confirmed these points by 
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demonstrating the common land-use deregulations and the development property interests that occur in local 

land administration which deviate from the common social goals for socio-economic and environmental 

management, as agreed in State government policies. The above literature demonstrates the land-use 

planning complexities and challenges associated with the city fringes in Australia, ranging from population 

growth to land consumption patterns and their impacts on peri-urban communities and natural landscapes. 

The key point emerging from this literature is the need for integrated and evidence-based land-use planning 

approaches on urban fringes under commonly agreed land-management policies at the State government 

level, while addressing the area-specific land-use concerns of local government authorities (LGAs). 

2.3.1 Agricultural land vulnerability on Australian city fringes 

Although agricultural land use holds a significant portion of peri-urban landscapes in Australia, less attention 

has been given to this land use in land-use planning processes (Bunker and Houston, 2003, Houston, 2005, 

Buxton et al., 2011a). The literature highlights that Australian policy makers have a view that urban areas 

and hinterlands are assigned for urban development while agricultural land only exists in rural areas, 

neglecting the peri-urban farming heritage and its contribution to urban consumption (Kennedy, 1993). In the 

last few decades—after the Second World War and the Vietnam War—immigrants concentrated on the city 

fringes, providing a significant contribution towards peri-urban agricultural prospects in Australia, due to 

nearby consumer demands and easy access to water, labour and technology, combined with their inherited 

farming practices (Burnley, 2001, Mason and Knowd, 2010). Due to the combined effect of increasing 

property values (land market prices) and higher economic returns, peri-urban agriculture shows that the land 

intensification trends featured direct investments for small to medium-scale businesses—hydroponic, 

greenhouse and poultry shed farming—(Johnson et al., 1998) with limited water and soil dependencies 

(Docking and Sreekumar, 2008) but higher discharge of waste water—chemicals in weedicides and 

pesticides—to the natural systems (Mason and Knowd, 2010, Humphreys et al., 2001). The agricultural land 

intensification and multi-functionality are not unique to Australian peri-urban landscapes as many expanding 

cities, surrounded by farmland are experiencing similar situations—for example, in China and Europe (Jiang 

et al., 2013, Stürck and Verburg, 2017)—and have recognized peri-urban agricultural practices as an 

important functional component in complex land-change analysis. Australian land-use research has identified 

the importance of recognizing peri-urban agriculture in land-use planning and policy making, as it assists in 

finding integrated solutions for rapid landscape changes brought about by the influence of urban sprawl 

(Houston, 2005, Jain, 2008).  

As seen in various cities worldwide in countries such as Canada and the USA, and in Europe, Australian 

peri-urban agricultural practices operate under the pressure of urban sprawl (Mewett, 2013, Henderson, 

2003, James, 2016), due to the rising demand for land for housing, infrastructure and commercial facilities to 

satisfy the urban or distinct urban consumption needs (Bunker and Houston, 2003). Although farmers in 
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these areas have benefited from the neighbouring wealthy consumer markets, farming practices are highly 

regulated in relation to for stock movements, applying fertiliser and noise (Mewett, 2013). The agricultural 

land vulnerability to urban sprawl occurs due to frequent land re-zoning for dwellings, land-use competition 

and conflict, and increasing market values for farmland in Australian peri-urban landscapes (Humphreys et 

al., 2001, Parker and Jarecki, 2004). The increasing trends of these agricultural land vulnerabilities are 

steadily gaining the Australian public’s attention, as they have a substantial impact on urban food security 

and eco-system services on Australian city fringes (Sinclair et al., 2004, Elton Consulting, 2009, 2011). 

These points demonstrate the series of planning challenges that exists when managing agricultural land 

vulnerability on urban fringes.  

A study by James and O'Neill (2016) on planning peri-urban agriculture in the Sydney basin presented the 

following unanswered questions for planners: 

Is peri-urban agriculture as important as advocates suggest? 

If peri-urban farmland is important, what should be done to preserve it? ( p.179) 

These questions are equally valid for other major Australian cities, as they focus on the fundamental 

planning challenge of developing planning policies for maintaining a balance between economic 

development (ED) and environmental protection (EP) on the fringes. 

Many case studies from different world regions have confirmed the requirement for reliable data for 

effective land-use planning on city fringes (Subasinghe and Murayama, 2017, Berberoğlu et al., 2016, 

Pearson et al., 2010, Zhu et al., 2012). As claimed by Peter Houston (2005), the national Australian Census 

data (2018) on agriculture undercounted the actual peri-urban agriculture production as small-scale peri-

urban details were not captured in the Census. This point was further confirmed by James and O'Neill (2016) 

when exploring the mismatched statistics between ABS and non-ABS reported data sources. These situations 

have further weakened strategic land-use planning at the level of local government land administrative areas, 

due to insufficient statistical quantifications of agricultural land vulnerabilities. The land cadastral data, 

consisting of land-use information and maintained by the local government land administrative authorities in 

Australia, are superior to the national Census estimates or remotely sensed data sets when making strategic 

land-management decisions on city fringes. These cadastral data, in particular, provide rich information on 

land-use functions and precise spatial estimates for informed land-management decisions, in comparison to 

the data captured through conventional remote-sensing techniques for LULCC monitoring or to national 

Census data. Australian land-use research has recognized the advantage of applying evidence-based 

spatially-explicit analytical approaches for planning peri-urban farmland over the unclear assumptions 

currently practised in land-use planning and land administration.  
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The author identifies that the limited information on peri-urban agricultural land vulnerability—

particularly, reliable and precise spatial quantifications—creates knowledge gaps in peri-urban land-use 

planning and in making informed policy decisions, particularly in local government administrative areas. The 

land-use research also suggests the strong need for knowledge transfer from academia to land management 

practitioners—from LULCC monitoring to evidence-based scientific spatial quantifications—to find 

sustainable land-management solutions in areas of complex land systems, such as those that are peri-urban 

(Verburg et al., 2015). To address this gap, the current study has focused on an integrative methodological 

approach combining multi-criteria spatially-explicit analytics and scenario-based land-use policy analytical 

methods. 

2.3.2 Agricultural Land Vulnerability Index 

When targeting integrated planning approaches on the fringes, data are required from multi-disciplinary 

sectors to develop an Agricultural Land Vulnerability Index (ALVI) for planning and policy decisions. Land-

use research confirms the advantage of using geographic information system (GIS)-based multi-criteria 

analytics for developing geographically weighted spatial quantifications in systems that represent the multi-

dimensional aspects of land change (Koschke et al., 2012, Pili et al., 2017, Sánchez-Lozano et al., 2013, 

Taleai et al., 2014, Yu et al., 2011). Feng et al. (2015) demonstrated the advantage of using multi-

dimensional indicators—spatial form, density, growth and impact on landscapes—to measure land change 

due to urban sprawl for land-use planning, as they provide quantified evidence of landscape changes to 

reflect the effects of land-use planning decisions on the fringes. An agricultural land-use model prediction by 

Lambin et al. (2000) emphasised the importance of spatially quantifying the anticipated environmental 

impact of effective land-use policy decisions. However, land-use research has exposed some of the 

methodological challenges associated with the application of multi-criteria spatially-explicit analytics in 

land-use planning. A co-system multi-functionality regional scale study in the EU by Stürck and Verburg 

(2017) demonstrated the importance of the following challenges, that is, the selection of suitable indicators 

and the scale of the analysis, as they greatly affect the validity of results in land-change analysis. They also 

stated that the selection of suitable indicators depends solely on the research objectives and that the 

interpretations of these indicators vary on different scales. Many land-change studies have provided insights 

into the scale dependency of multi-disciplinary aspects for land-use planners by identifying and visualizing 

the cross-scale effects in land-use change due to urban sprawl (Hayek et al., 2015, Su et al., 2012, Bhatti et 

al., 2015). The integration of key dimensions of these complex landscapes and their bio-physical, economic 

and social aspects has an advantage in developing spatially-explicit land-change analysis to explore 

landscape changes due to urban sprawl (Salvati et al., 2017c).  

As the literature on the above topics has demonstrated, peri-urban agricultural land vulnerability can 

occur due to various situations created by a combination of key drivers (land development policies—land-
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use zoning, demand for land, cost of land-use change, land fragmentation and farmers’ economic returns) 

that influence land-use changes. The effects of these indicative parameters on land vulnerability clearly 

depends on the spatial location and the accumulated influence through trade-offs between negative and 

positive influences. Spatial layer overlay techniques have been widely used in GIS-based land-change 

analysis for urban planning (Yeh and Li, 1998, Liu and Li, 2016, Batty et al., 1999, Holloway and Bunker, 

2003). These applications have proven the potential of GIS using location-based parameter calculations and 

spatial quantifications. In terms of scale dependency, the occurrence of errors is minimized as the current 

study focuses on local-scale land-change analysis with single-scale grid-based parameter inputs and outputs.  

Scenario development originated as a financial analysis tool in future studies and was gradually adapted 

to suit other disciplines including, but not limited to, land-use change, ecology and environmental impact 

assessments as a modelling tool based on numerical simulations (Priess and Hauck, 2014, Van Notten et al., 

2003). Bishop et al. (2007) demonstrated the advantage of using scenario analysis in future studies, as they 

investigated the concerns of unexpected risks and uncertainties associated with anticipated situations. 

Börjeson et al. (2006) suggested three main scenario typologies: predictive (forecast/‘what-if’ scenarios), 

explorative (external/strategic) and normative (preservation/ transformation) that could satisfy the knowledge 

required in scenario development. As this section of the study sought to identify future peri-urban 

agricultural land vulnerability variations under different policy directions, the author aligned the study with 

the explorative approach to answer the question “What can happen if we act in a certain way?”, as described 

by Börjeson et al. (2006).  

Scientific research has identified the advantage of using scenario analysis in future studies, as it has the 

potential to develop an understanding of system uncertainties, complexities and dynamics in alternative set-

ups, while exploring interactions between the drivers and their impacts on the systems (Priess and Hauck, 

2014, Maier et al., 2016). Biggs et al. (2007) showed that in socio-ecological systems, multi-scale scenario 

analysis generates uncertainty when linking scenarios across scales. Scenario analysis has been widely used 

in scientific research for projecting current knowledge to address future challenges (Acreman, 2005, Kok, 

2009, Liu et al., 2008, Gounaridis et al., 2018, Titeux et al., 2016, Trubka and Glackin, 2016). Likewise, it 

enables inter-disciplinary knowledge exchange through interconnected problem analysis, comparison and 

finding justifiable solutions for future challenges (Henrichs et al., 2010, Mitchell et al., 2016, Liu et al., 

2017, Rounsevell et al., 2006). 

Bishop et al. (2007) highlighted scenario characteristics as follows: “[s]cenarios contain the stories of 

these multiple futures, from the expected to the wildcard, in forms that are analytically coherent and 

imaginatively engaging” (p.5). The future studies literature has identified that creating a defensible storyline 

in the topic area is important for scenario development processes (Hanspach et al., 2014, Palomo et al., 2011, 

Bishop et al., 2007). Kaljonen et al. (2012) emphasised the importance of defining a storyline in scenario 
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analysis when making informed decisions, while Giljum et al. (2008) highlighted the potential of scenario 

analysis in assessing the consequences caused by alternative strategies and policy directions. Kok (2009) 

distinguished the difference between a qualitative narrative storyline and a quantitative mathematical model 

storyline while highlighting the following key characteristics of mathematical modelling storylines: based on 

scientific judgements; depending on model architecture; data-driven; plausible; and internally consistent.  

Quantitative scenario analysis has potential for system modelling enhancements, particularly in the area 

of sensitivity analysis which creates a systematic framework for understanding the relative importance of 

different parameter inputs on model outcomes (Saltelli, 2002, Pannell, 1997, Verburg and Bouma, 1999). In 

system modelling, sensitivity analysis uses boundary conditions to represent variables with multiple 

plausible values that are based on subjective area knowledge assumptions. Bishop et al. (2007) showed the 

advantage of sensitivity analysis for system modelling as it generates the most suitable quantitative variable 

combinations for demonstrating future system arrangements. However, when using sensitivity analysis in 

modelling decisions, Pannell (1997) emphasised the importance of focusing on the research objectives to 

optimise the model strategies. These points demonstrate the importance of focusing on variable selection and 

model objective functions when developing sensitivity analysis scenarios for system modelling. 

The integration of spatial analytics (multi-criteria spatially-explicit quantifications) and scenario analysis 

in modelling incorporates spatial intelligence into modelling results by distinguishing and identifying 

scenario effects in a spatial context. Land-use research has used spatially-explicit plausible scenario analysis 

to find solutions for possible future land transformation challenges (Bryan et al., 2011, Seppelt et al., 2013, 

Kropp and Lein, 2013, Jiang et al., 2016, Lauf et al., 2016, Sohl et al., 2007). Based on scenario models, 

land-use research has identified the advantage of integrating socio-economic, land-use regulations and urban 

growth variables in a single consistent framework for the mapping of future land use (de Nijs et al., 2004). 

Moreover, researchers have integrated different land-use models, such as the CLUE (conversion of land-use 

change and its effects) model and system dynamics models, for creating multi-criteria, spatially-explicit 

scenarios to investigate future land-use change analysis on different scales and at different time resolutions 

(Luo et al., 2010). Although the view has been expressed among researchers that scenario-based modelling 

predictions are non-realistic, an investigation on spatial data ambiguities in LULCC scenarios by 

Dendoncker et al. (2008) showed that scenario-based model results (spatial patterns) varied on different 

scales due to varying spatial data quality rather than due to scenario variations along the scales. 

2.4 PERI-URBAN FARMERS’ LAND-USE DECISIONS 

The land-use decision behaviours of peri-urban farmers are important in understanding agricultural land 

transitions on the fringes, as they are the primary decision makers on farmlands that occupy a larger portion 

of the land use. These decisions spatially and functionally change peri-urban landscape structures while 
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introducing multi-stakeholder engagements as a substitute for the heritage farming that has been practised for 

generations (Duvernoy et al., 2018). However, the previous literature on urban-centric land-use planning, 

policy and LULCC has paid little attention to farmers’ land-use decisions when investigating the impacts on 

landscapes. This may be due to the complexity associated with the functionalities in these land systems 

which are characterized by rapid landscape changes and unseen socio-economic and land governance 

interactions occurring on the fringes (Davoudi and Stead, 2002, Galli et al., 2010). Recent peri-urban studies 

have demonstrated that the research community has a growing interest in exploring farmers’ land-use 

decisions in land transitions (Nualnoom et al., 2016, Akimowicz et al., 2016, Nguyen et al., 2017b). At the 

same time, land-use policy makers are realising the importance of having comprehensive knowledge on peri-

urban farming functionalities when proposing sustainable land management on the fringes (Duvernoy et al., 

2018, Rutten et al., 2014). In focusing on the land-system approach, LSS has recognized the necessity of 

including agricultural land-use functions in peri-urban land system domains, as this enables exploration of 

the connections between urban sprawl effects and agricultural land extinction which primarily depend on 

farmers’ land-use decisions (Fragkias et al., 2012, Duangjai et al., 2015, Seto et al., 2012b).  

2.4.1 Land-use decision cognitive behaviour 

The cognitive behaviour behind farmers’ (human) land-use decisions is complex and varies, depending on 

their own experiences and psychological aspects (Sterman, 2001) in relation to their farming business. As 

Hertwig et al. (2004) explained, people make decisions based on their personal encounters stored as 

experience in their memory. Their study further described the distinguishable differences between 

experience-based decisions and description-based decisions (providing a summary of possible 

consequences), emphasising that people often tend to make decisions based on their experiences. The 

validity of this fact in the farming industry is confirmed by the social study of Vanclay (2004) on agricultural 

extension, emphasising that farmers, as individuals or as groups, make decisions based on their experiences, 

rather than on information, knowledge or their own beliefs. Moreover, a study on farm diversification 

determinants by Meraner et al. (2015) identified that farmers’ personal attitudes on land-use change—“land-

use diversifications”—are highly influenced by their personal psychological aspects. Pichón (1997) 

identified similar assumptions made in land-use-related studies on farmers’ land-use decisions: production-

based decisions based on physical and socio-economic aspects; trade-offs between business opportunities 

and constraints; and seeking to minimize the risk and uncertainties.  

However, Vanclay (2004) argued that farmers have unique interests and behaviour in relation to land-use 

decisions: “[p]rofit is not the main driving force of farmers, Farmers are not all the same, Farmers construct 

their own knowledge, Farmers’ attitudes are not the problem” (p.214). These statements emphasise that 

farmers’ land-use decisions—individually or as groups—based on their own theorisation, expectations or 

limitations of their farming business, have insights into socio-economic and physical set-ups (Aalders, 2008). 
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The land-use decisions of peri-urban farmers are concerned with exogenous (external) and endogenous 

(internal) factors that farmers experience in the farm environment. The individual farmer’s land-use 

decisions are important in understanding land use (Aalders, 2008) which is governed by those decisions, with 

this varying from person to person under specific circumstances (Chambers and Conway, 1992). Northcote 

and Alonso (2011) described farmers’ concerns about their land-use decisions: “[d]ecision-making is shown 

to involve an assessment of risk, which is shaped by their appraisal of economic conditions, market 

opportunities, access to resources (including labour) and lifestyle factors” (p.237). 

In peri-urban landscapes, farmers experience a series of influential external factors, namely, socio-

economic, environmental and institutional regulations, while confronting a wider range of influential internal 

factors when making their land-use decisions (Nguyen et al., 2017b, Akimowicz et al., 2016). Land-use 

researchers have recognized external factors that influence farmers’ land-use decisions such as: financial 

markets, credit and market opportunities (Northcote and Alonso, 2011, Seppelt et al., 2012); socio-structural 

and industry engagements (McNally, 2001); access to new technology (Bowman and Zilberman, 2013); bio-

physical (soil and water) or geographic limitations (Stoorvogel et al., 2004, Deng et al., 2015); institutional 

land-use regulations; and farmers’ perceptions of climate variability (Rutten et al., 2014, Thulstrup, 2015) 

including extreme weather events (McCord et al., 2015). Moreover, researchers have identified internal 

factors such as: family-oriented decisions (Hansson et al., 2013); limited accessibility to knowledge and 

skills (Stoorvogel et al., 2004, Nualnoom et al., 2016); lifestyle objectives; and psychological stress 

associated with farm income and maintenance expenditure (Hansson et al., 2013), as well as demographic 

concerns including age succession, education and farming business engagements (full-time/part-time) (Huber 

et al., 2015).  

Arneth et al. (2014) emphasised the importance of the inclusion of the individual’s decision in land-use 

modelling 

Most importantly, current state-of-the art modelling tools are unable to represent human agency 

which underpins individual behaviour, decision making and adaptive learning and hence is important 

for understanding how societies will respond to challenges (p.2). 

However, limited knowledge has been developed in the land-use literature on the inclusion of underlying 

factors (drivers of land-use change) that govern the individual farmer’s land-use decisions, when 

investigating community-scale land-use transitions (Rindfuss et al., 2004). Land-use researchers have 

identified the advantage of incorporating the individual farmers’ decision behaviours in LSS by 

conceptualising agent-centric models to investigate the dynamics of land systems and their feedback on these 

land systems. Land-use researchers are often confronted with the challenge of isolating the key factors that 

drive farmers’ land-use decisions, from the series of factors that are present in the land system. To develop 

comprehensive agent-centric models based on farmers’ decision-making behaviour, it is vital to understand 
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decision drivers and the behaviour of decision-making profiles, that is, groups of farmers with similar 

patterns of decision-making. Today, land-use modellers are often challenged when incorporating individual 

farmers’ decision behaviours in LSS as such behaviours are complex and require a larger amount of 

comprehensive data to investigate farmers’ concerns, motivations and perspectives towards land 

management. Based on the above points, the author acknowledges that identifying the underlying factors that 

drive peri-urban farmers’ land-use decisions is one of the major knowledge gaps in the LSS literature. The 

peri-urban farmers’ land-use decision behaviours need to be incorporated to investigate agricultural land-

transition phenomena on city fringes.  

2.4.2 Land-use decision drivers and profiles 

Factor dimension reduction methods are useful in exploring latent factors from a series of indicative factors 

in complex systems. Latent (hidden) factor analysis is an effective exploratory factor analytical (EFA) 

method for reducing the series of factors into a manageable set of variables while describing underlying 

latent factors (Colantoni et al., 2016). In land-change science, exploratory data analytical methods have been 

used to reduce the number of factors while describing and ranking their importance in land-system changes 

(Lesschen et al., 2005, Salvati et al., 2017a, Veldkamp and Fresco, 1997). Moreover, LSS has recognized the 

advantage of using factor reduction methods in land-use modelling when investigating the underlying factors 

in complex land systems (Veldkamp and Lambin, 2001). Therefore, the author recognizes the advantage of 

using exploratory factor analysis (EFA) for investigating underlying factors (key influences) behind peri-

urban farmers’ land-use decisions. This will assist in building the knowledge on peri-urban farmers’ land-use 

decisions, enabling justifiable estimates—parameter assumptions—to be made for agent-centric land-use 

modelling (i.e. agent-based modelling [ABM]). 

In terms of exploring peri-urban farmers’ land-use decision patterns, it is essential that they are classified 

into groups based on their responses. Clustering (exploratory cluster analysis [ECA]) is an unsupervised data 

analytical method that is used to partition the response-objectives into groups, that is, clusters (Cornuéjols et 

al., 2018). Land-use researchers have identified the advantage of using cluster analysis to group farmers 

based on their land-management objectives for further investigation (Lesschen et al., 2005). Land-use 

research has implemented hierarchical cluster analysis (HCA) to investigate similar groups of farmers with 

different behaviours in structured land systems (Handayani, 2013, Köbrich et al., 2003). These groups of 

farmers (decision-making profiles) exhibit different attributes in terms of their land-use change decision 

behaviours. In contrast, non-hierarchical cluster analysis has been used to explore a similar group of 

behaviours or strategies in complex un-structured land systems (Thompson et al., 2002, Hietel et al., 2004, 

Rasul et al., 2004). The author identifies the advantage of using non-hierarchical (k-mean) cluster analysis 

over hierarchical clustering to explore peri-urban farmers’ land-use decision patterns, as peri-urban areas 

consist of unstructured and complex land systems.  



36 

 

Principal component analysis (PCA) is another structure reduction method extensively used in land 

system science (LSS) when conducting land-use research to understand land structures (Lesschen et al., 

2005). The PCA applications are often based on a vital set of variables on continuous scales for data 

analysis. The use of categorical variables (factors on common scales) in EFA assist in identifying the key 

drivers, while grouping participants based on their decision patterns (profiles) by ECA and their associated 

behaviour under the assigned categorical scale. The categorical variables are very useful in cluster analysis in 

partitioning the data as groups (Seo and Gordish-Dressman, 2007). The classification approach based on 

categorical variables advances the development of agent-centric models as it enables the data for groups to 

be partitioned and identifies the categorical responses of the grouped participants using a common scale. 

Halkidi et al. (2001) stated the importance of cluster result validations and interpretations for improving 

the knowledge of grouped behaviours. In conceptualising agent-centric models for understanding peri-urban 

agricultural land transition phenomena, the author identifies the need to develop knowledge on the following 

aspects: underlying factors behind farmers’ land-use decisions; land-use decision-making profiles; and land-

use change decision commonalities to make assumptions for modelling.  

Based on the points above in subsections 2.4.1 and 2.4.2, the author identified two major knowledge gaps 

in the land-use science literature in the incorporation of peri-urban farmers’ land-use decision behaviours 

when investigating agricultural land-transition phenomena. These gaps were due to the absence of 

methodological approaches in:  

• Identifying the underlying factors driving peri-urban farmers’ land-use decisions.  

• Identifying peri-urban farmers’ land-use decision patterns and land-use decision-making profiles.  

2.5 MODELLING AGRICULTURAL LAND TRANSITIONS  

2.5.1 Land-use modelling  

Land-use modelling has been developed as a methodological approach for exploring LULCC and its impact 

on the surrounding landscapes. With its foundation in ecological modelling, land-use modelling has become 

popular among researchers as it can represent a wider range of parameter inputs, ranging from socio-

economic to bio-physical aspects, from human–environmental land systems. Over the last few decades, 

many diverse land-use modelling techniques have been developed to understand land-change processes 

through theoretical models and model simulations (Verburg et al., 2006, Verburg et al., 2004, Brown et al., 

2013, Lambin et al., 2000). The land-use modelling literature has identified several challenges that exist in 

land-change modelling with these including the choices of: spatial or non-spatial modelling; causality or 

empirical modelling; scale dependency of the models; equation-based or agent-centric modelling; and model 
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uncertainties or validations (Verburg et al., 2006, Koomen and Stillwell, 2007, Brown et al., 2004). 

Verburg et al. (2015) demonstrated the purpose of developing land-change models: “[w]hile some models 

are targeted as learning-tools to test alternative conceptualisations of land system dynamics, other models are 

specifically designed to evaluate alternative policy proposals to support decision making ...” (p.33). The 

above study demonstrates the advantage of incorporating land-use modelling in land-use planning for 

informed policy directions while transferring scientific knowledge into practice. In their review of land-

change models, Verburg et al. (2004) emphasised the importance of prioritising multi-scale analysis, spatio-

temporal dynamics and neighbourhood effect quantifications in land-use model development as they address 

the future LSS challenges. Sterman (2002) emphasised the importance of having a systematic approach in 

modelling, stating that though all models are not necessarily accurate, some models assist us to understand 

complex systems. In an agricultural-based model analysis, Lambin et al. (2000) highlighted the advantage of 

using cross-sectoral integrative modelling approaches in exploring complex land-transitional processes while 

emphasising that the three major aspects of “why, where and when” should be the focus in land-change 

modelling. In addition to these three aspects, Sterman (2002) identified “to whom” the (target audience/ 

client) as an important aspect in land-change model development as it assists in improving mental maps of 

model uses. Although land-change models have shown significant improvement in the last few years, the 

LSS experts on the National Research Council (NRC)’s Committee on Needs and Research Requirements 

for Land-Change Modelling (2014) have recognized that the following aspects need to be strengthened in 

future land-use modelling: “… spatio-temporal representation of land use decision making, cross-scale 

dynamics, and a stronger link to empirical data collection for parameterisation and validation” (p.15). 

2.5.2 Land-system complexity  

Land-change science has recognized various aspects of land-system modelling complexities, namely, the 

spatial, scale, behavioural and temporal dynamics associated with human-coupled land systems. Gutman 

(2004) emphasised that LSS has realised the connections between social and ecological systems, and land-

change dynamics and land-agents’ (land-users’) behavioural interactions with these systems. Consequently, 

LSS has focused on exploring the underlying drivers behind land-system changes; land-use agents (multi-

actors) and their connections with system dynamics; socio-environmental feedback; land-use change 

patterns; and non-linear land-system dynamics (Ligtenberg et al., 2001, Messina and Walsh, 2001, Verburg 

et al., 1999, Meyfroidt, 2016).  

System analytics often focus on the key features of complex systems analysis: non-linearity, endogenous 

and exogenous effects on land systems, feedback, self-organization and path dependencies (Müller, 2016, 

Sterman, 1994). These characteristics of complex systems have been widely addressed by LSS in many land-

use modelling studies (Brown et al., 2005b, Verburg, 2006). In their analytical study on complexity, with 
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land-use modelling combined with human dimensions, Parker et al. (2008b) emphasised the need to divert 

the land-use modelling focus from human decisions to human interactions with social and bio-physical 

processes when seeking to understand complex system outcomes. Sterman (2002) recognized the advantage 

of using empirical information-based model simulations to understand these systems: “… qualitative 

modelling exposes us to one of the most fundamental bounds on human cognition: our inability to simulate 

mentally the dynamics of complex nonlinear systems (p.525). 

Liu et al. (2007) demonstrated that integrated social and bio-physical modelling is superior to individual 

model attempts as it provides descriptive statistics of complex system dynamics comprising: “nonlinear 

dynamics with thresholds, reciprocal feedback loops, time lags, resilience, heterogeneity, and surprises” 

(p.1513). The investigative land-use research on complex system characteristics by Brown et al. (2008) 

demonstrated the advantage of using the conceptual inheritance from complexity science to create “bottom-

up” agent-based models for exploring complex land-change features: micro-scale decisions and patterns, 

heterogeneity, cross-scale interactions and system feedback. Reviews of the land-change modelling literature 

have shown that LSS has focused on the calibration and validation of land-use model simulations, due to 

their contribution to scientific advancements and acceptance (van Vliet et al., 2016). However, validating 

these models (which comprise a wider range of assumptions) is a challenge as it requires reliable data 

sources from within the actual land system (Messina et al., 2008). 

2.5.3 Agent-based model simulations 

Land-use researchers have realised the benefit of using agent-centric models—agent-based models 

(ABMs)—to explore land-system dynamics, as the aggregated behaviour data of individual decisions are 

used to simulate complex land-system processes (Parker et al., 2003, Rounsevell et al., 2012). The 

philosophical investigation by Brown et al. (2016) demonstrated the advantage of using a “bottom-up” over a 

“top-down” approach in developing process-based land-use modelling, as it uses more realistic assumptions 

and evidence on land-system dynamics. However, land-use modellers have identified many challenges in 

capturing agent properties, behaviours, their sensitivity to model environments, model verification and 

validation, all of which consume a large amount of empirical information in model development processes 

(Filatova et al., 2013, Villamor et al., 2013).  

Parker et al. (2008b) stated that land agents employ a diverse set of strategies and experience a range of 

influences in making land-use decisions. They further explained how these decisions are heavily dependent 

on land-change drivers, both spatially and temporally. In addition, Parker et al. (2003) introduced an 

integrated multi-agent system (MAS) approach with LULCC, emphasising that it is suitable for representing 

complex spatial interactions under heterogeneous conditions and for developing decentralized, autonomous 

decision-making modelling. Edwards-Jones et al. (1998) claimed that a considerable benefit can be gained 
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from integrating economic and psychological variables in models in a smaller-scale behaviour prediction. 

This has been further confirmed in recent literature on comparative approaches for developing ABMs for 

landscape change studies (Millington and Wainwright, 2016). The above points confirm the effectiveness of 

using an integrated agent-based modelling method to capture agents’ land-use change phenomena on a 

micro-scale. 

Another popular modelling method among the environment and land-use research communities (Verburg 

and Overmars, 2007, Berberoğlu et al., 2016, Fuglsang et al., 2013, de Almeida et al., 2003) is cellular 

automata (CA). Crooks and Heppenstall (2012) defined cellular automata (CA) as a “… discrete dynamic 

system, the behaviour of which is specified in terms of local relations” (p.91). However, Takeyama and 

Couclelis (1997) argued that, despite the theoretical interest, CA have not been widely used in applications, 

mainly due to the difficulties of adapting a strict formalism to the demands of modelling real-world 

phenomena. Furthermore, the authors explained that the assumptions made in CA—standards of regularity, 

homogeneity, universality and closeness—are difficult to match with the real world. Birkin and Wu (2012) 

showed the difference between CA and ABMs: 

CA model social dynamics with a focus on the emergence of properties from local interactions while 

ABMs simulate more complex situations than the CA where the ‘agents’ control their own actions 

based on their perceptions of the environment (p.52). 

The comparison of land-use case studies by Parker et al. (2008a) showed that the CA model had 

difficulties when incorporating human decision making into land-use modelling. It was further explained 

that, even though CA models successfully replicate aspects of ecological and bio-geophysical phenomena, 

they are not suited to the development of decision-making models. In 2010, Liu explained the distinctions 

between CA and MASs such as an agent’s autonomous features, and agents and environmental mobility and 

interactions (Liu, 2010). Gilbert (2008) identified the advantage of using an ABM over CA, as it would help 

to isolate ethical problems with regard to human systems in virtual environments. 

 

Figure 2.1: Results of topic search for: (Land) AND (Agent-based model)  
Note: In total, 614 records were listed for 2000–2015 in this search on the Web of Science database. 
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Agent-based modelling (ABM) is a computational method that enables the creation and analysis of, and 

experimentation with, models composed of agents that interact within an environment (Gilbert, 2008). 

Agent-based simulation has become increasingly popular as a modelling approach in the social sciences and 

land-change analysis as it enables the building of models in which individual entities and their interactions 

are directly represented (Rindfuss et al., 2008, Gilbert, 2008). Assigning suitable properties and behavioural 

characteristics (decision rules) of agents as well as defining the interaction between agents and environments 

are the most important aspects in developing agent-based models (ABMs).  

Land-change analysis shows that ABMs are more effective over equation-based land-use models. Parker 

et al. (2003) explained that the major drawback of equation-based mathematical modelling is that a 

numerical or analytical solution to the system must be obtained, limiting the level of complexity that can be 

built into such models. Compared to the structural equation modelling (SEM) (variable-based) approaches, 

agent-based simulation (in system-based approaches) provides advanced capabilities for capturing the 

heterogeneity of individuals (agents), explicitly representing agents’ decision rules, and situating agents in a 

geographic or any other type of analysis (Gilbert, 2008). The above points reveal the importance of capturing 

the complexities of a land system, such as the scale, spatial, behavioural and time complexities, in the 

modelling process.  

The fundamental importance of integrating human decisions into agent-centric models representing 

human-coupled systems has been demonstrated in many land-use studies (Polasky et al., 2011, Schlueter et 

al., 2012, Müller, 2016). Particularly in land-change studies of cases at the micro-level, land-change patterns 

experience a substantial influence from assumptions made on human decisions and the decision rules they 

follow (Parker et al., 2008b, Parker et al., 2003, Jager and Mosler, 2007). However, only a limited number of 

studies have focused on introducing protocols for the integration of human-decision behaviour into land-

system modelling. Land-use modellers have identified significant knowledge gaps in the current literature in 

relation to incorporating human decisions into ABMs such as: provision of an insufficient theoretical or 

empirical foundation and non-transparent reproducibility of the models and their outcomes (Müller et al., 

2013). Land-use modellers have also identified the importance of providing a complete description of models 

to maintain transparency in modelling processes, thus providing evidence so models can be reproduced in 

different environments (Parker et al., 2008b, Richiardi et al., 2006).  

The definition of a standard protocol for the ABM that originated from ecological modelling to become 

the ODD (overview, design concepts and details of the model) protocol received a higher level of acceptance 

from the scientific community as it provided a solid structure for developing ABMs (Grimm et al., 2010, 

Grimm et al., 2005). Although the ODD protocol is not supported for addressing human decision making in 

ABMs, Polhill et al.'s (2008) study showed the advantage of using the ODD protocol in land-change studies 

as it provides useful standards for result communications and for competition between the models. 
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Consisting of the structural elements (overview, design concepts and details) of models with guiding 

questions for the sub-topic areas of these key elements, the ODD protocol provides a comprehensive 

understanding of the modelling process (Grimm et al., 2005). However, modellers have identified the 

necessity of incorporating human decisions into the ODD protocol to address the challenges in ABM in 

gaining an understanding of socio-ecological complex systems (Müller et al., 2013, An, 2012). Müller et al. 

(2013) particularly showed the advantage of focusing on human decision making, and the adaptation and 

learning of the modelled agents in integrating human decisions into the ODD standard protocols when 

modelling human-based complex processes. 

Tesfatsion (2006) defined “agents” in ABM as “[b]undled data and behavioural methods representing an 

entity constituting part of a computationally constructed world” that allow modellers to identify a group of 

humans by their properties, social groups or bio-physical elements, or institutions as entities that represent 

agents in complex systems. Müller et al. (2013) provided guidance for incorporating human decisions into 

the ODD protocols by introducing the ODD + D protocol to represent the agent’s characteristics and decision 

behaviour in ABM development. This particularly highlights the importance of focusing on the following 

areas: spatial aspects in model overview; design concepts with human decision behaviours; theoretical and 

empirical outlines with system complexity; and the implementation of models.  

The current study mainly focuses on investigating peri-urban agricultural land-transition phenomena 

through the target farming group’s land-use decision-making behaviours in a highly dynamic land system. 

Therefore, it is important to investigate the agricultural agents’ characteristics such as: their heterogeneity, 

decision rules, dependencies and experiences when making assumptions for parameterising the agents (peri-

urban farming land-use decision-making profiles) in the modelling process.  

In terms of evaluating peri-urban agricultural land-transition phenomena, the author identifies the 

following significant knowledge gaps in developing agent-centric models in the land-change science 

literature: 

• Capturing information from empirical observations to identify and define the key land-change 

drivers, the agents in the system (groups of farmers that make decisions in a similar pattern 

[decision-making profiles]), their decision-making behaviour and interaction with other agents, in 

these complex human-coupled land systems on city fringes. 

• Capturing land-transition system dynamics and their feedback under different land administrative 

policy directions. 

To address these gaps, the author focuses on developing an ABM to evaluate agricultural land-transition 

phenomena while exploring the target group’s (agricultural land-use) variations in alternative scenarios, 
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concentrating on theoretical considerations in land system science (LSS). The author uses the knowledge 

developed in the following sections of this research: agricultural land in peri-urban landscapes, agricultural 

land vulnerability and farmers’ decision behaviours to define the assumptions when developing the ABM in 

the final stage of this study. 

 

 

Figure 2.2: Word cloud produced by keyword search in NVivo  
Note: The word cloud provides a relative description of journal articles, book chapters and reports referred to in this 

thesis. 
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CHAPTER 3 – LAND-USE ANALYSIS OF URBAN FRINGES 

This chapter explores the physical land-parcel arrangements of Adelaide city’s 

peri-urban landscapes using urban–rural (U–R) gradient analysis from the city 

centre in three directions (north, east and south) towards rural landscapes. 

Furthermore, this study analyses the interactions of two landscape metrics to 

explore the land fragmentation zones along these transects. The final stage of the 

research described in this chapter focuses on spatially quantifying the extent of 

agricultural land in the derived land fragmentation zones, instead of the entire 

farmland as a buffer, to target the agricultural land that is highly vulnerable to 

urban sprawl.  

Contributions to knowledge:  

• Identified land fragmentation zones in peri-urban landscapes.  

• Showed the advantage of spatially quantifying agricultural land in land fragmentation zones for 

making informed land management decisions. 

This chapter was published as a journal paper “Agricultural Land Fragmentation at [sic] Urban Fringes” 

(Wadduwage et al., 2017) at the time of completion of this thesis. The author of the thesis designed the 

study, analysed the data, wrote the final write-up and prepared the research paper for publication. This 

section of the thesis (Chapter 3) had the benefit of input from supervisors and co-authors and from the LAND 

journal’s peer-review process. The author acknowledges their valuable and important contributions. 
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3.1 ABSTRACT 

One of the major consequences of expansive urban growth is the degradation and loss of productive 

agricultural land and agro-ecosystem functions. Four landscape metrics—percentage of land (PLAND), 

mean parcel size (MPS), parcel density (PD) and the Modified Simpson’s Diversity Index (MSDI)—were 

calculated for cells (1 km × 1 km in area) along three 50 km-long transects that extend out from the central 

business district (CBD) of Adelaide, South Australia, in order to analyse variations in landscape structures. 

Each transect has different land uses beyond the built-up area, and they differ in topography, soils and rates 

of urban expansion. Our new findings are that zones of agricultural land fragmentation can be identified by 

the relationships between MPS and PD, that these occur in areas where PD ranges from 7–35 N/km2, and that 

these occur regardless of distance along the transect, land use, topography, soils or rates of urban growth. 

This suggests that the geometry of fragmentation may be consistent and indicates that quantification of both 

land use and land-use change in zones of fragmentation is potentially important in planning. 

3.2 INTRODUCTION  

Projections suggest that over two-thirds of the world’s population will live in urban centres by 2050 (UN, 

2015), and that a major part to this growth will be due to people migrating from the countryside (Seto et al., 

2011, Schneider et al., 2015, Fragkias et al., 2012). Over the last 30 years, the global rate of urban land 

occupation (Angel et al., 2011, Bringezu et al., 2014) has been double the rate of urban population growth 

(Seto et al., 2012a). Agricultural land loss due to urbanization has been highlighted by a number of 

researchers (Shi et al., 2012, Debolini et al., 2015, Handayani, 2013, Appiah et al., 2014, Malaque and 

Yokohari, 2007, Piorr, 2011, Piorr et al., 2011), and has raised a number of environmental concerns, for 

example: declining quality of soil and water assets; loss of natural habitat; decreased plant and animal 

diversity; and compromised ecological functions (Matson et al., 1997, Flynn et al., 2009). The urban sprawl 

that can be anticipated (given urban population projections) will increase demands for land for housing, 

industry and infrastructure, thereby, consuming more agricultural land on the edges of cities (Xiao et al., 

2006, Liu et al., 2013, Seto et al., 2011). This will lead to irreversible and unsustainable land-use transitions 

at the cost of productive agricultural land in peri-urban areas (Jiang and Swallow, 2015, Pham et al., 2014, 

d’Amour et al., 2016), where open spaces and scarce remnant ecosystems with high ecological and 

conservation values are already threatened (Crossman et al., 2007). 

Urban fringes—the transitional zones between urban and rural areas (Thapa and Murayama, 2008)—are 

characterized by highly dynamic, spatially heterogeneous land-use and land-cover changes (LULCC) (Seto 

et al., 2010, Nagendra et al., 2013). This takes place due to the relatively lower land prices in these zones and 

the high frequency of land tenure change (Rauws and De Roo, 2011, Liu et al., 2014). Compared to urban 
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environments, the faster rates of housing and infrastructure growth and the higher proportion of remnant 

‘green’ spaces lead to different landscape structures on the fringe. Research has also demonstrated that urban 

growth leads to increased land fragmentation (Irwin and Bockstael, 2007) and landscape diversity (Lambin et 

al., 2001) in these areas. The diverse arrays of land uses that result from these processes create spatially 

heterogeneous, complex land-use configurations (Allan, 2004, Luck and Wu, 2002, Kuang et al., 2016, 

Lambin and Meyfroidt, 2010, Haase and Nuissl, 2010). However, a concern for planners and people 

implementing land management policies in urban fringe environments is that the quantitative land-use data 

they require are often accompanied by relatively low levels of accuracy (Bunker and Houston, 2003, 

Houston, 2005). 

A recent development in understanding the influence of urbanization on land use has been the use of 

urban-to-rural (U–R) gradient analysis (Kroll et al., 2012, Andersson et al., 2009, Haase and Nuissl, 2010). 

This concept originated as a combination of elements drawn from landscape ecology and urban ecology 

(McGarigal and Cushman, 2005, Godron and Forman, 1983), and has been used to synthesize complex 

anthropogenic land transitions worldwide (Haase and Nuissl, 2010, McDonnell et al., 1997, Luck and Wu, 

2002, Weng, 2007, McDonnell and Hahs, 2008, Larondelle and Haase, 2013, Vizzari et al., 2015, Forman 

and Godron, 1986, McDonnell et al., 1993). The continuous representation of land-use intensity and the 

spatial arrangement of land use along gradients are more effective in land-use planning than conventional, 

discrete spatial measurements (Vizzari and Sigura, 2015). Urban-to-rural (U–R) gradient analysis is also 

useful for examining gradual landscape change on urban fringes. The approach has other advantages; for 

example, in environmental modelling, it is used to minimize subjectivity in categorizing variability and in 

describing ecological processes at urban fringes (Bridges et al., 2007). It is also used to represent land use as 

a gradient and for measuring the spatial attributes of land parcels along gradients, both of which improve our 

ability to interpret landscapes (Luck and Wu, 2002, Warren et al., 2011). Geographically-referenced points 

along gradients enable spatial and non-spatial data to be aggregated for systematic landscape comparisons 

(Shkaruba et al., 2016, Joo et al., 2011, Díaz-Varela et al., 2016). Finally, these continuous information 

gradients can be utilized to understand landscape structures and potential land-use variations in complex land 

systems.  

Landscape metrics calculated along these gradients have been used to identify land-structure elements and 

their changing patterns, and to describe the effects of urban development on the margins of several cities 

(Luck and Wu, 2002, Haase and Nuissl, 2010, Weng, 2007). Vizzari and Sigura (2015) claimed that gradient 

analyses enable interactions between land-use types to be identified precisely when exploring land 

transitions. In the current research, landscape structure is defined as the spatial configuration of land parcels 

(i.e. their size and spatial arrangement) and their composition (land-use presence and amount of each land 

parcel in the landscape) (McGarigal and Marks, 1995).  
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This paper (chapter) reports on the application of urban-to-rural (U–R) gradient analysis to understand 

agricultural land fragmentation on the urban fringes of Adelaide. In previous research, landscape metrics 

have been plotted along transects, but the relationships between them have not been integrated into gradient 

analyses. Four landscape metrics—parcel density (PD), mean parcel size (MPS), percentage of land 

(PLAND) and the Modified Simpson’s Diversity Index (MSDI)—were used to quantify and characterize 

land fragmentation along transects extending from the Adelaide CBD into surrounding rural areas. A novel 

element of the research is the quantitative analysis of agricultural land-use presence in zones of active land 

fragmentation on the urban fringe. In this context, urban-to-rural (U–R) transects were used as geo-

referenced land-use information gradients that integrate measurements of land use, while simultaneously 

examining landscape structure and land-use changes. 

3.3 MATERIAL AND METHODS 

3.3.1 Study area 

Adelaide—the capital of South Australia—is a coastal city surrounded by sprawling residential and modern 

industrial suburbs to the north and south. In addition, satellite towns to the east and north, Mount Barker and 

Gawler (Figure 3.1), respectively, are being incorporated into the urban fabric of the metropolitan area. 

Adelaide’s fringes are urban frontiers that impinge on intensive horticulture and dryland agriculture on the 

northern plains; a conservation green belt with mixed agricultural land use in the Adelaide Hills to the east; 

and traditional agricultural areas focused around high-value, globally-recognized wine regions to the south 

(McLaren Vale) and north-east (Barossa Valley). Population growth and economic diversification are 

increasing the demand for land for housing, transport and industrial infrastructure. In turn, this has led to 

significant pressure on adjacent productive agricultural land. 

The variations in rural land use on Adelaide’s northern, eastern and southern margins provide a 

heterogeneous setting in which to test urban-to-rural (U–R) gradient analysis. Land-use gradients 50 km-long 

were sampled in transects in northerly, easterly and southerly directions outwards from the Adelaide central 

business district (CBD) (Figure 3.1).  

Previous researchers using gradient analysis (Zhang et al., 2016, Luck and Wu, 2002) have mapped 

urban-to-rural (U–R) gradients along transport corridors. It is probable that this leads to a bias towards the 

investigation of urban land use. However, as this paper (chapter)’s research focus is on the incorporation of 

different types of agricultural land into an expanding urban area, it was decided to maximize the agricultural 

land uses considered in the gradient analysis. Therefore, the transects were not oriented along main routes 

out of Adelaide, but in three cardinal directions. In fact, many routes out of Adelaide are possible, with these 

routes orientated in a variety of directions. Therefore, each transect has some transport corridor influence. 
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The transects were sampled over 50 km so they are comparable and long enough to cover all types of parcels 

where agricultural land is being incorporated into the urban fabric of the city. 
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1a: Land use on Adelaide city 

fringes. 

Southern transect section enlargement.  
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Figure 3.1: Land-use distribution in Adelaide and its surrounding areas  

Source: Department of Planning, Transport and Infrastructure (DPTI) (2014) 
Note: Urban-to-rural (U–R) transects are overlaid in red. The inset map to the right shows an enlargement of the urban-to-rural (U–R) 

transect south of the city. 
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The current study uses a single statewide cadastral data set produced by the South Australian 

Government’s Department of Planning, Transport and Infrastructure (DPTI) in 2014, which is publicly 

available online at <http://data.sa.gov.au>. The primary purpose of this data set is to assess council rates and 

levies based on land-parcel valuations. The attributes of the data set pertinent to this research are: land-parcel 

identity codes; land-use categories; and the land-use classes occurring in each of the land parcels. It contains 

19 land-use categories (Table 3.1) which were regrouped into eight land-use classes for the purposes of this 

research. Sixteen (16) categories were regrouped into five land-use classes—conservation, urban residential, 

rural residential, commercial and services. Three land-use classes—dryland agriculture, livestock land and 

horticultural land—were not changed. 

Table 3.1: Reclassification of cadastral data set’s (2014) land-use categories to study’s land-use classes 

Original Land-Use Categories* 

Reclassified Land-Use Classes  

(numbers in parentheses are used in 

subsequent graphs) 

Reserve, Forestry, Vacant Conservation (1) 

Agriculture Dryland agriculture (2) 

Livestock Livestock (3) 

Horticulture Horticulture (4) 

Commercial, Food industry, Mine and Quarry, 

Public institution 
Commercial (5) 

Residential, Non-private residential, Vacant 

residential 
Urban residential (6) 

Rural residential Rural residential (7) 

Education, Golf, Recreation, Utility industry Services (8) 

*Land-use categories defined in the South Australian Government DPTI’s cadastral data set in 2014.  

3.3.2 Urban-to-rural gradients on urban fringes 

Urban-to-rural (U–R) gradients (Haase and Nuissl, 2010) were used to visualize and analyse land use along 

three 50 km-long transects, each of which comprised 50 cells 1 km × 1 km. ArcGIS© 10.2.1 (ESRI: 

Redlands, CA, USA) was used for all spatial data analyses. The cell-based transects (1 km2 in area) were 

produced using the Fishnet tool by defining the spatial areas for cell references. They were overlaid on the 

cadastral data set and land-use information was extracted for each cell. These data were then compiled using 

the tabulation tool in the ArcGIS spatial analyst extension. Each cell in the resulting data set included a 

unique identifier and the areas of each land-use class (Table 3.1) within each cell.  

Landscape metrics have been used extensively in conservation biology, but their application in land-use 

research to measure, characterize, analyse and visualize landscape structure is far less common, particularly 

in urban areas (Liu et al., 2016, McDonnell et al., 1997, Wrbka et al., 2004, Millington et al., 2003). Four 

landscape metrics were calculated from the attributes for each cell in the three transects (Table 3.2). The 

percentage of each land-use class in each cell (PLAND) provided data on compositional changes in land use 

http://data.sa.gov.au/
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along the gradients. Key spatial features along the three transects were measured by mean parcel size (MPS) 

and parcel density (PD). Finally, the Modified Simpson’s Diversity Index (MSDI) was used as a measure of 

the proportional abundance of land-use classes in each cell and as an indicator of land-use diversity. Plots of 

each of the metrics for each gradient enabled the landscape structures to be visualized and analysed.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.3.3 Landscape matrix analysis 

The relationship between mean parcel size (MPS) and parcel density (PD) was investigated to examine the 

extent of land fragmentation in relation to the distance along each transect. The association between MPS 

and PD demonstrated probable land-structure variations in the landscape, and trend lines were used to 

visualize the nature of the MPS–PD relationship.  

The study area contained the following median land-parcel areas: LL (livestock land) (59 ha); 

DL (dryland agriculture) (50 ha); and HL (horticultural land) (12 ha). The minimum size of HL was 2.5 ha 

which probably represents intensive irrigated vegetable cultivation or small vineyards. The median (12 ha) to 

minimum (2.5 ha) size of HL parcels allowed the estimation of the range of the number of agriculture-based 

Table 3.2: Landscape metrics used for spatial feature characterization 

Metric Description Range Equation 

Percent of land-use 
coverage (PLAND) 

[%] 

Proportion of total area 
occupied by a particular 

land-use class. 

0 < PLAND ≤ 
100 𝑃𝑖 =  

∑ 𝑎𝑖𝑗
𝑛

𝑗=1

𝐴 
 (100) 

Modified Simpson’s 

Diversity Index 

(MSDI) 

Measurement of land-use 

diversity in a cell 

determined by 

distribution of the 

proportional abundance 

of different land-use 

types (parcel richness) 
extensively. 

MSDI ≥ 0 MSDI = −𝑙𝑛 ∑ 𝑃𝑖
2

𝑛

𝑖=1

 

Mean parcel size 

(MPS) [ha] 

Average area of all land 

parcels in the landscape. 
MPS > 0 MPS =

∑ 𝑎𝑗
𝑁

𝑗=1

N

1

10,000
 

Parcel density (PD) 

[N/km2] 

Number of land parcels 

per 100 ha. 
PD > 1 PD =

𝑁

𝐴
(10,000)(100) 

Notes: 𝑃𝑖 = proportion of landscape occupied by parcel land-use type i; 𝑎𝑖𝑗  = area (m2) of 

parcel ij; 𝑎𝑗  = area (m2) of parcel j; A = total area of landscape (m2) (cell); i = land-use class 

(1–8); j = number of parcels; n = 𝑛𝑖 = number of parcels in landscape (cell) of parcel land-use 

type I; and N = number of parcels in landscape (McGarigal and Marks, 1995). 
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land parcels likely to occur in a 1 km2 (100 ha) cell. Horticultural land (HL) was used to define the PD range 

between 7 and 35 N/km2 as it is the agricultural land-use type with the smallest median parcel size. 

Therefore, it is the land-use class that would provide the maximum number of land parcels in a 1 km2 

(100 ha) cell. This range of values is believed to indicate high potential for transforming agricultural land-

uses to urban land-uses on urban fringes. This is due to high property values, proximity to built-up areas, and 

frequent experience of government-promoted land subdivision and land re-zoning for urban development. 

Rauws and De Roo (2011) identified these land-use change drivers as “push factors” which are influenced by 

urban economies converting non-urban land uses to an urban form on peri-urban areas. Therefore, in the 

current study’s scatter diagrams, the common PD range used was from 7–35 N/km2; where a 1 km2 cell 

could have 7–35 land parcels (N)/km2 that are highly vulnerable to changes in land use. The agriculture-

based land-parcel information associated with cells from the land cadastral data set was extracted within this 

range of patch (parcel) densities.  

3.4 RESULTS 

The landscape metric values were plotted along the three urban-to-rural (U–R) gradients, north, east and 

south, with PLAND shown in Figure 3.2, MPS and PD in Figure 3.3, and MSDI in Figure 3.4. The PLAND 

values for the eight land-use types (Figure 3.2) illustrate the variations in land-use composition along the 

three transects, thereby demonstrating the urban, peri-urban and rural characteristics of these transects. The 

PLAND values along these three transects show high percentages of urban land uses near the city centre, a 

gradual change to higher percentages of agricultural land uses at the end of the transects, and a 

heterogeneous mix of land-use types in the peri-urban areas. The MPS–PD relationship is a negative 

relationship (Figure 3.3), with higher MPS values being associated with lower PD values. Figure 3.5(a) 

illustrates the association between MPS and PD for the land parcels along each transect. Figure 3.5(b) shows 

the relationship between PD and MPS in the ranges 0–40 N/km2 and 0–80 ha, respectively, for each transect. 

The MSDI is somewhat similar between transects (Figure 3.4) and shows that diversity generally declines 

with distance from the central business district (CBD). However, it is noteworthy that the southern transect 

has relatively lower landscape diversity than the other two. 

3.4.1 Agricultural land-use presence 

The PLAND values for dryland agriculture (DL), livestock land (LL) and horticultural land (HL) along the 

three transects are shown in Figure 3.6. The northern transect shows three distinctly different zones of land 

use. The built-up area, between 0–15 km from the CBD, has low agricultural PLAND for the three 

agricultural land uses, with the value for PD high while the value for MPS is low. From 15–37 km, the 

agricultural land-use percentages are HL (61.4%), DL (31.6%), and LL (6.8%). These represent mainly 

intensive vegetable production, rain-fed cereal cultivation, and sheep and horse grazing, respectively. This 
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22 km-long zone presents a typical urban fringe landscape structure, with increasing MPS while PD is 

decreasing. The landscape beyond the fringe (> 37 km) is dominated by dryland agriculture, and mainly 

comprises rain-fed wheat, barley and olive groves, which occupy large land parcels in a rural landscape. The 

land-use presence in zones of high fragmentation is shown in Figure 3.7. 

 

 

 

 

Figure 3.2: Percentage of land (PLAND) along north, east and south transects  

Note: N=north; E=east; S=south 
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Figure 3.3: Parcel density (PD) and mean parcel size (MPS) along north, east and south transects 

Note: N=north; E=east; S=south 

 

 

 

 

Figure 3.4: Modified Simpson’s Diversity Index along north, east and south transects 

Note: N=north; E=east; S=south 
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Figure 3.5(a): Scatter diagrams of MPS and PD along north, east and south transects 
 

   

Figure 3.5(b): Enlargements of MPS and PD scatter diagrams for 7 N/km2 < PD < 35 N/km2 range  

Note: N=north; E=east; S=south 

 

 

 

Figure 3.6: Percentage of total land area occupied by each agricultural land-use type along north, east and 

south transects 

Note: N=north; E=east; S=south 
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Figure 3.7: Areas prone to land fragmentation (7 N/km2 < PD < 35 N/km2) along each transect 

Note: N=north; E=east; S=south 

The first 10 km of the eastern transect represents the built-up areas of eastern Adelaide. From 11–32 km, 

the transect is characterized by the three agricultural land uses of the Adelaide Hills—sheep and cattle 

rearing (LL, 52.7%); vegetable cultivation, fruit orchards and wineries (HL, 38.5%); and rain-fed crops 

(DL, 8.7%). The MPS values of land parcels in this hilly terrain are relatively small. The transect beyond 

33 km is dominated by livestock land (LL) and dryland agriculture (cultivation) (DL). 

The southern transect is significantly different from the northern and eastern transects in terms of 

agricultural land use. After the built-up area, which comprises the first 18 km along the transect, LL and HL 

have much higher shares than DL of the overall land use. The landscape from 18–33 km has an agricultural 

land-use split of HL (60.1%), LL (39.2%), and DL (0.7%). This combination characterizes the complex land 

uses of McLaren Vale, which has transitioned from a mixed grazing and horticultural region, to one of 

vineyards and olive groves, with some grazing being retained on the margins. The amount of LL increases in 

the landscape beyond 33 km. However, in these final 17 km, the PLAND values of rural residential land and 

urban residential land increase, leading to correspondingly higher MSDI values. The changes in these 

metrics demonstrate the influence of the town of Victor Harbor, which is located beyond the end of the 

transect. Table 3.3 summarizes the agricultural land presence along the three transects: 

Table 3.3: Summary of agricultural land along the three gradients 

Transect Built-Up Area Urban Fringe Areas Rural Areas 

North 

0–15 km. Low 

PLAND, high 

PD and low 

MPS for DL, LL 

and HL 

15–37 km. HL (61.4%), DL (31.6%) and 

LL (6.8%), representing mainly intensive 

vegetable production, rain-fed cereal 

cultivation, and sheep and horse grazing, 

respectively. 

> 37 km. Dominated by DL (rain-fed 

wheat, barley and olives) which 

occupies large land parcels. 
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Transect Built-Up Area Urban Fringe Areas Rural Areas 

East 

0–10 km. Low 

PLAND, high 

PD and low 

MPS for DL, 

LL, HL. 

11–32 km. LL (52.7%), HL (38.5%) and 

DL (8.7%) representing sheep and cattle 

rearing; vegetable cultivation, orchards and 

wineries; and rain-fed crops, respectively. 

Relatively small MPS compared to other rural 

areas due to hilly terrain. 

> 32 km. Dominated by LL and DL. 

South 

0–18 km. Low 

PLAND, high 

PD and low 

MPS for DL, 

LL, HL. 

18–33 km. HL (60.1%), LL (39.2%) and 

DL (0.7%) representing the complex land 

uses of McLaren Vale which has transitioned 

from a mixed grazing and horticultural region 

to vineyards and olive groves with some 

grazing retained on the margins. 

> 33 km. High proportions of land in 

LL (cattle grazing). Increase in 

PLAND for residential land uses, and 

higher MSDI values at the end of the 

transect due to influence of the town 

of Victor Harbor. 

 

The total amount of agricultural land in each transect is summarized in Figure 3.8. The eastern transect 

has the highest amount of agricultural land (2,558 ha, 51.2%), comprised of 11% DL, 70% LL and 19% HL. 

The southern transect has the lowest amount of agricultural land (1,583 ha, 31.6%: comprising 4% DL, 

53% LL and 3% HL). The northern transect has 1,979 ha (39.6%) under the three types of agricultural land 

use, and is dominated by dryland agriculture (cultivation) (DL), accounting for 66% of all agricultural land. 

 

Figure 3.8: Total agricultural land extent and land-use type percentages in north, east and south transects 

3.4.2 Agricultural land fragmentation 

Along each transect, MPS and PD values were used to characterize agricultural land fragmentation. In 

considering the zone where PD ranged from 7–35 N/km2, the critical zones for land fragmentation in the 

northern and eastern gradients extended for 15 km and 20 km, respectively (Figure 3.7). In the southern 
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transect, however, this zone is disjunctive and extends from 19 km to the end of the transect. Figure 3.9 

shows the amount of land occupied by agricultural land uses in the zones of land fragmentation for each 

transect, and the corresponding percentage data. The total amounts of agricultural land of all types in the 

zones of high fragmentation are: 935.1 ha, 1,311.9 ha and 825.7 ha along the northern, eastern and southern 

transects, respectively. Figure 3.10 displays the amount of each class of agricultural land in the zones of 

fragmentation. Horticultural land (HL) comprises a large component in each transect and dominates the 

northern transect. Livestock grazing (LL) accounts for the highest proportions of agricultural land in the 

zones of high fragmentation in the eastern and southern transects but is a minor element in the northern 

transect. Dryland agriculture (DL) has a low presence in the zones of fragmentation in all three transects. 

This agricultural use is only encountered with any frequency in the northern transect where a significant 

contemporary urban fringe formation has developed on land formerly used for rain-fed cereal cultivation on 

the northern Adelaide Plains. 

 

 

Figure 3.9: Agricultural land extent and land-use type percentages in zones of high land fragmentation 
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Figure 3.10: Extent of DL, LL and HL in zones of high land fragmentation: north, east and south transects  

 

3.5 DISCUSSION 

By applying gradient analysis, Weng (2007) found that landscape fragmentation was positively correlated 

with the degree of urbanization, and that it resulted in the loss of agricultural land on urban fringes. 

Therefore, as agricultural land is generally the major land-use category beyond the fringe, it is the major land 

reserve for meeting the land demands of urban development in sprawling cities such as Adelaide. Moreover, 

land fragmentation is the key spatial manifestation of the process of incorporating agricultural land into 

transitional, urban fringe landscapes.  

The current research confirms the presence of agricultural land along all three gradients, and that land 

fragmentation can be easily visualized and quantified using a combination of gradient analysis and landscape 

metrics. This is the first application of these techniques in the Australian context. More importantly, this 

research provides an advance on previous analyses of the incorporation of agricultural land into the urban 

fabric of cities, by comparing the conversion processes acting on three types of agricultural land (dryland 

agriculture [DL], livestock land [grazing] [LL] and horticultural land [HL]). 

3.5.1 Land-structure analysis along gradients 

This research presents a novel method for investigating agricultural land fragmentation on the urban fringe, 

by analysing the associations between mean patch (parcel) size and patch (parcel) density. Notwithstanding 

the differences in land-use geographies along the transects, scatter plots of MPS and PD for the three 

transects showed similar patterns of cell organization with respect to patch (parcel) density and mean patch 

(parcel) size. Cells associated with the horizontal parts of the trend lines (Figure 3.5[a]) indicated low levels 

of association between MPS and PD; for example, a decline in MPS from 400 ha to approximately 100 ha 

 

0

400

800

1200

1600

2000

N E S
 

 

 

0

400

800

1200

1600

2000

N E S

 

 

0

400

800

1200

1600

2000

N E S

Total DL              

DL in fragmentation areas 

Transect 
direction  

La
n

d
 e

xt
en

t 
(h

a)
 

Total HL     

HL in fragmentation areas 

Total LL              

LL in fragmentation areas 



59 

 

led to very little increase in PD which remained at < 7 N/km2. When PD reached approximately 35 N/km2, 

further increases were not accompanied by significant changes in MPS, that is, the vertical parts of the trend 

lines shown in Figure 3.5. This means that the zone bounded by PD values of 7–35 km2 is a critical land 

fragmentation zone in which the relationship between MPS and PD is very sensitive. For example, in the 

current study, a decrease of one hectare (1 ha) in MPS leads to an increase in PD of 0.52 N/km2 (in the 

northern transect), 0.54 N/km2 (eastern transect) and 0.33 N/km2 (southern transect). 

In the northern and eastern transects, the cell values corresponding to the high fragmentation zone are 

well distributed (Figure 3.5[b]). This indicates that large land parcels are being fragmented in a regular and 

incremental manner to create progressively smaller parcels, and that the resulting increases in PD are 

responses to rapid urban development to the north and east of Adelaide. More clustered cell values in the 

southern transect indicate a differently organized landscape structure. The corresponding cell values in the 

southern transect cluster between an MPS value of 22–70 ha and a PD value of 7–15 N/km2. This pattern is 

believed to be derived from an urban fringe characterized by larger land parcels that can be attributed to the 

size of vineyards and to the planning restrictions on post-sale use of vineyards due to the implementation of 

the Character Preservation (McLaren Vale) Act 2012 (South Australian Government, 2013). That is, land 

fragmentation is not occurring at the same rate or in the same way as it is on the eastern and northern fringes 

of the city. 

Overall, the results demonstrate that it is the contemporary land-use transformation processes that explain 

the landscapes measured by the metrics. This validates the use of landscape metrics derived for cells along 

transects to characterize landscape structures. For example, the urban fringe to the south of Adelaide has a 

lower MPS for agricultural land than the fringes to the north and east, with the difference due to the high 

frequency of vineyards in the south compared to the dominance of dryland cereal fields in the north, and 

extensive grazing areas and fruit orchards in the east. Furthermore, this method can be used to understand the 

influences of regional towns on land-use transitions—a point that is rarely considered in peri-urban studies 

(Vizzari and Sigura, 2015). For example, in the southern transect, the influence of the town of Victor Harbor 

on land fragmentation and land-use changes near the end of the transect is clear in comparison to the other 

two transects.  

If landscape metrics are to be used effectively in assessing land fragmentation on urban fringes, it is 

imperative that they are calculated for all cells and plotted along the entire transect, rather than simply 

focusing on the peri-urban areas. This allows the emerging and existing areas of fragmentation to be 

identified objectively through the behaviour of metrics. 

The land fragmentation zones identified through landscape metrics value changes (the combination of PD 

and MPS values) represent the areas undergoing significant spatial and structural land-use changes which 
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convert larger land parcels into smaller plots. Land fragmentation often decreases the landscape’s 

connectivity and increases its spatial heterogeneity (Guastella and Pareglio, 2016). Many land-use case 

studies demonstrate that land fragmentation areas facilitate the conversion of non-urban land uses into urban 

form on the city fringes by bringing urban sprawl into peri-urban landscapes (Irwin and Bockstael, 2007, 

Gbanie et al., 2018, Weng, 2007). However, rapidly developing cities in countries like China show a limited 

loss of cropland within land fragmentation zones on city fringes due to government-led land development 

processes (Yu et al., 2018). Separate from this exceptional experience, many cities around the world 

experience land-use and land-cover changes (LULCC) in land-fragmented zones due to land-use functional 

changes, such as housing development, farmland intensification/abandonment or unstable multi-functional 

farming practices on the city fringes. In a south-eastern Michigan case study to investigate land-cover 

fragmentation, Robinson (2012) showed that the smaller land parcels in land fragmentation areas make a 

significant contribution to changing land uses due to the higher degree of land-use differences. Agricultural 

practices established in smaller land parcels within these fragmenting zones have less sustainability, due to 

the frequent economic demand fluctuations and deteriorating natural resources (poor soil and water qualities) 

that lead to land abandonment or use for non-agricultural practices. The focus area of this case study—

Adelaide’s peri-urban regions—often experiences land fragmentation which converts larger agricultural land 

parcels (larger areas of grazing land in the north and vegetable farmland in eastern hilly areas) and breaks 

them into smaller land parcels by subdivisions. These subdivisions are often allocated for intensive farming 

practices (i.e. hydroponic shed farms) and unstable small-scale multi-functional farming practices with 

higher potential for ultimate conversion into non-agricultural land uses on the city fringes. The utilization of 

these smaller land parcels within land fragmentation zones in peri-urban regions for long-term stable 

agricultural investments such as wineries is very rare.  

3.5.2 Agricultural land in areas of fragmentation 

The agricultural land types in the zones of high land fragmentation were, in order of decreasing area, 

horticultural land (HL), livestock land (grazing) (LL) and dryland agriculture (cultivation) (DL). This 

differed from the total distribution of agricultural land along the three transects which, in order of decreasing 

area, were livestock land (grazing) (LL), horticultural land (HL) and dryland agriculture (cultivation) (DL). 

This change in order highlights the importance of quantifying agricultural land in high fragmentation zones, 

rather than analysing agricultural land along an entire transect—particularly if the results are being used to 

make strategic land-use decisions regarding urban fringes.  

It can be argued that quantifying agricultural land in fragmentation areas, instead of the total land 

presence, will improve planners’ understanding of the vulnerability of agricultural land in these transitional 

landscapes. For example, land under dryland cultivation (DL) has the highest land-use presence in the 

northern transect, although, in that transect, only 20% of that land-use class is prone to fragmentation. The 
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fact that agricultural land fragmentation occurring on the fringes of Adelaide can be identified and 

characterized using gradient analysis and landscape metrics (regardless of the different characteristics of the 

northern, eastern and southern transects) is testament to the robustness of the method. Moreover, different 

spatial configurations of land-parcel arrangements can be identified. Figure 3.10 provides data on the 

proportions of different land-use classes in the three transects. These data reveal the importance of 

quantifying individual land-use class measurements to identify the detailed land-structure elements in these 

complex landscapes. Vizzari and Sigura (2015) argued that whole gradient analysis is required in rural-to-

urban (R–U) analyses. Urban expansion in Australian cities occurs in less complex landscapes than in world 

regions characterized by high levels of urbanization or rapid urbanization and unprecedented levels of 

development in tangled webs of complex rural–urban (R–U) transitions (Handayani, 2013), for example, in 

Japan, eastern China, south-east Asia, western Europe and parts of North America. Nevertheless, the 

usefulness of whole gradient analysis is again emphasised in the current research.  

Land-use responses to urbanization stimuli are dependent on geographic location, with land ownership 

and land-use policies as integral parts of complex land systems (Ornetsmüller et al., 2016). Although the 

current research illustrates a higher probability of land fragmentation in some types of horticultural land, 

other areas are much less affected, for example, protected heritage wine-making regions with large capital 

investments. This indicates that other attributes of land-use classes are important in determining the extent of 

land fragmentation. In the northern transect, many intensively-cultivated vegetable farms are proximate to 

built-up areas, currently have relatively small investments, are operated by ageing landowners who are 

contemplating selling their farms, and are located in areas where local councils are actively re-zoning land. 

These land attributes are what leads to fragmentation, rather than simply the land’s spatial characteristics. 

This demonstrates the importance of integrating local knowledge and current urban development policies 

into future urban-to-rural (U–R) gradient analyses to improve outcomes. 

The method outlined in this paper (chapter) can be applied to different geographies, provided a land data 

set (or land-use maps derived from remotely sensed data) with land-use attributes is available to provide 

justifiable evidence for probable agricultural land transitions. An analytical approach, such as the one in the 

current research which uses a single data set, could overcome the issues of analyses based on multiple data 

sets (Walcott et al., 2013), for example, data incompatibility, error generation and variations in data 

definitions associated with previous landscape studies. However, some limitations would still exist, such as 

human error in data collection and spatial analysis. 

The integration of the gradient method with the analysis of landscape metrics leads to two main advances. 

Firstly, it improves the interpretability of transitional processes of agricultural land on city fringes by 

focusing measurements on specific areas (e.g. agricultural land within zones of fragmentation), while still 

analysing the landscape structure in an urban-to-rural (U–R) continuum. Secondly, it enhances information 
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richness for improved peri-urban land-use planning strategies within planning and policy-making groups at 

different levels of land governance (e.g. from local government to State government level), as well as for 

other stakeholder groups who share common interests in the effective management of peri-urban land. These 

include primary industries, biological conservation, natural resource management and recreational 

opportunities. 

3.6 CONCLUSIONS 

The current research has integrated landscape metrics into urban-to-rural (U–R) gradient analysis to deepen 

our understanding of the geographies of agricultural land-use change on the urban fringes of Adelaide. The 

study reveals that less well-regulated horticultural land uses are the most vulnerable to urban expansion, with 

well-protected horticultural land experiencing much lower levels of conversion and fragmentation. Land uses 

related to livestock grazing and rearing have a larger presence than horticulture but are less likely to change. 

Dryland agriculture is the least vulnerable to urban sprawl. 

The research findings confirm that integrating landscape metrics and urban-to-rural (U–R) gradient 

analysis provides a robust method that works equally well under different natural environments, rates of 

urban growth and types of land use. A new finding is that MPS and PD can be used to identify zones with 

high rates of agricultural land fragmentation. Land fragmentation occurs when PD ranges from 7–35 N/km2, 

regardless of distance from the city centre, land use, topography, soils and rates of urban growth, with this 

suggesting a fragmentation geometry that may be consistent.  

The integration of landscape metrics into gradient analysis has the potential to provide a wide range of 

stakeholders, ranging from planners to conservation and primary production groups, with a rich source of 

information on agricultural land-use configurations and their interdependencies. Furthermore, it can provide 

them with the ability to systematically compare spatially quantifiable land-use metrics along urban-to-rural 

(U–R) gradients. Nonetheless, the current study suggests that further opportunities should be pursued to test 

the robustness of this method in urban fringe landscapes in different types of cities around the world.  
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CHAPTER 4 – AGRICULTURAL LAND VULNERABILITY ON URBAN 

FRINGES 

A MULTI-CRITERIA SPATIALLY-EXPLICIT SCENARIO ANALYSIS 

This chapter explores peri-urban agricultural land vulnerability to urban sprawl 

by developing multi-criteria spatially-explicit analysis grounded on six indicative 

parameters of land change that represent the study area. Furthermore, this 

approach focuses on exploring land vulnerability variations in three scenarios 

that targeted land-management policies ranging from economic development to 

environmental protection. Finally, the chapter demonstrates the advantage of 

spatially quantifying peri-urban agricultural land in local land administration 

areas when making informed land-management decisions. 

Contributions to knowledge:  

• Spatially quantified Agricultural Land Vulnerability Index (ALVI) values in three scenarios; 

representing land-management policy directions ranging from economic development to 

environmental protection. 

• Identified agricultural land vulnerability variations in local land administrative areas.  

4.1 ABSTRACT 

The loss of agricultural land on urban fringes is often monitored but rarely analysed under different scenarios 

of urban sprawl. This study adopts a multi-criteria spatially-explicit approach to investigate agricultural land 

vulnerability to urban sprawl under opposing policy directions in the Adelaide metropolitan area. Six land-

use change parameters (proposed land development and regulated areas; demand for land; steep areas in the 

terrain; land fragmentation zones; and resistance by agricultural production types), representing socio-

economic and land-use planning effects, were analysed under a business-as-usual (BAU) scenario, an 

accelerated economic development scenario (EDS) and a high environmental protection scenario (EPS). 

Spatial grids were used to upscale the parameter inputs to a common geographic scale. Vulnerability was 

identified for different local government areas. Under each scenario, the study showed that agricultural land 

has a high level of vulnerability to change on the northern Adelaide Plains and around the small town of 

Gawler. In the EDS, vulnerability extended further into the conservation area to the east and displayed a 

leap-frog effect, with this confirming the need to sacrifice farmland uses to maintain land supply for urban 

development. The local government area-based results enable the transfer of knowledge into practice by 

identifying high priority areas for land-management interventions and by specifying which types of 
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agricultural land should be managed strategically to ensure sustainable land-use transformations in these 

urban fringe landscapes. 

 

Figure 4.1: Graphical abstract  

4.2 INTRODUCTION 

Australian cities have expanded significantly since the 1950s as the national economy has transitioned from 

being dominated by agriculture to a mix of agriculture and urban-based manufacturing and service industries. 

This has occurred in parallel with significant demographic changes in the form of rural-to-urban (R–U) 

migration and immigration. Presently, nearly 90% of the Australian population lives in urban areas (ABS, 

2013), a proportion that is predicted to increase to 94% by 2050. Urban expansion has consumed large areas 

of land for dwellings, commercial buildings and infrastructure, with the significant demand for land 

continuing.  

The Australian ‘big country’ psyche has created an unsustainable issue and seemingly unfettered 

expansion on urban fringes (Buxton et al., 2011a) at the expense of highly productive agricultural land (Ives 

and Kendal, 2013, Johnson et al., 1998). This is not uncommon globally, despite commentaries about the 

loss of agricultural land on urban fringes creating an irreversible drain on natural resources (Sali et al., 2016, 

Jiang et al., 2016, Feng and Liu, 2016, Galli et al., 2010, Lee et al., 2015); compromised food security (Galli 
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et al., 2010, Sali et al., 2016, Pham et al., 2014, McFarland, 2015); and impacts on people’s lives (Thebo et 

al., 2014, Pham et al., 2014, James, 2014, Ives and Kendal, 2013). Furthermore, transport infrastructure and 

the provision of services often lag behind the development of commercial premises and house building. 

These are all major issues for sustainable development.  

Agriculture is highly vulnerable to urban sprawl on the fringes of Australian cities (Ashton and 

Weragoda, 2017). The economic context of this is critical. Houston (2005) estimated that 25% of the gross 

value of agricultural production in Australia was generated from the 3% of total land area that constituted 

peri-urban agricultural land in 2004. This ratio may be relatively stable: Mewett (2013) reported that 13.4% 

of the value of agricultural commodities in Victoria in 2010–2011 was generated by peri-urban farmers 

around Melbourne who occupied 2% of the State’s land area. Bunker and Houston (2003) demonstrated that 

the vulnerability to conversion of agricultural land in peri-urban areas was significantly influenced by the 

focus on urban development in Australia in the 1980s and 1990s. Since the turn of the millennium, land 

governance policies have recognized the importance of maintaining natural resources in peri-urban 

landscapes, although agricultural land is still being lost due to urban sprawl. Land on the fringes of cities is 

subject to the interests of an array of actors on a spectrum from land developers to those advocating strong 

landscape protections. Peri-urban farmers’ land-use decisions—to continue farming practices or change the 

land use—are always subjected to these stakeholder influences and land-management policies. 

The conversion of farmland to urban form on city fringes occurs as a result of various factors (drivers and 

the influencing proxies) such as land-governing institutional considerations; market forces and land-use 

conversion patterns; physical barriers to land-use change; and present agricultural land-use practices on these 

landscapes. The LGAs on city fringes make decisions on areas suitable for development and areas to be 

protected from the conversion of natural or heritage agricultural practices to urban sprawl. Therefore, the 

land-governing institutional decisions represented by land-use zoning have a significant impact on 

accommodating urban sprawl in peri-urban landscapes with agricultural practices. Market forces, such as 

land market value, also have a significant impact on the purchase of land with agricultural practices for 

housing/commercial land use, with this contributing to rapid land fragmentation (farmland subdivision) 

which appears as smaller land parcels on urban fringes. However, physical barriers, such as steep terrain, 

substantially reduce the possibility of converting farmland to housing/commercial practices due to higher 

engineering and utility servicing costs. Although land fragmentation is not a key driving force, it is a proxy 

that influences farm landowners to convert their land use to intensive agricultural use or abandonment that 

eventually converts to non-agricultural use. In general, land parcels that are subject to subdivision remain 

stable for longer periods. However, agricultural land in the form of smaller land parcels has a higher 

tendency towards converting into non-agricultural practices due to higher market values for land and the 

disappearance of support services for conventional farming practices. Therefore, farming practices on 
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grazing land (livestock with less economic returns) on urban fringes are more vulnerable towards land-use 

conversions compared to dryland agricultural practices (such as growing wheat and barley) at the rural end 

of these fringes.  

The local government authorities (LGAs) face many challenges in trying to achieve sustainable urban 

development while preserving privately-owned farmland and green spaces on urban fringes. As they are the 

primary land-governing authorities, the LGA planners and policy makers seek precise and spatially-explicit 

information on land assets to decide on the trade-offs between urban development, agricultural productivity 

and environmental preservation. Inaccurate spatial estimates of agricultural land-use vulnerabilities on the 

margins of cities around the world have complicated strategic land-management decisions (Galli et al., 2010, 

Henderson, 2003, Duvernoy et al., 2018). 

Scenario representations—hypothetical situations with alternative policy set-ups—are widely used by 

land-use scientists to synthesize complex land-use transitions (Sohl et al., 2016, Lauf et al., 2016, Johnson et 

al., 2016, Jiang et al., 2016, Houet et al., 2016, Feng and Liu, 2016) and are developed around relevant 

storylines (Priess and Hauck, 2014). Scenarios can be developed to examine specific outcomes under defined 

conditions (McCarthy, 2001, Kaljonen et al., 2012, Haasnoot and Middelkoop, 2012). In scenario analysis, 

alternative combinations of parameters create situations which conceptualise how different groups of land 

managers behave under different policy arrangements. A comparison of the responses of different groups of 

land managers/farmers to a range of scenarios describes the variations in plausible responses in any land 

system being investigated. The quantitative parameter-based land-change model scenarios enable the 

examination of land-use change trends by adjusting variables according to the defined scenario storyline 

(Veldkamp and Lambin, 2001). These policy-responsive scenarios can be linked to probable future directions 

in land-system investigations (McCarthy, 2001). A number of multi-disciplinary studies (Johnson et al., 

2016, Jiang et al., 2016, Mahmoud et al., 2009, Haasnoot and Middelkoop, 2012) have confirmed the 

importance of using scenario-based methods for assessing the consequences of land-use policies and 

strategies. 

In the current study, the author has used a spatially-explicit, multi-criteria index approach to calculate the 

vulnerability of agricultural land to urban sprawl around Adelaide. A spatial grid method was used to transfer 

the positive and negative influences of socio-economic and institutional effects on land-use change, using 

parameter weights to calculate the Agricultural Land Vulnerability Index (ALVI) values for the situation of 

the business-as-usual (BAU) scenario. Alternatively, another two plausible scenarios, an accelerated 

economic development scenario (EDS) and a high environmental protection scenario (EPS), were developed 

to investigate the ALVI value variations, under the extremes of land-use policy directions. Based on the 

above three scenarios, spatial quantifications were used to examine the overall agricultural land 

vulnerabilities in the local government areas of the study area. 
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4.3 MATERIALS AND METHODS 

4.3.1 Study area 

This study focuses on the Adelaide metropolitan area in South Australia. Adelaide is a coastal city of 

1.32 million people (ABS, 2016) surrounded by sprawling metropolitan areas to the north and south. 

Urbanization is encroaching on arable cereal farms and intensive vegetable growing and horticultural areas 

on the Adelaide Plains to the north; a conservation green belt (the Hills Face Zone) beyond which is a mixed 

farming belt to the east and the south east; and traditional wine-producing areas to the south, east and north 

east (McLaren Vale, the Adelaide Hills and Barossa Valley, respectively). Wadduwage et al. (2017) 

identified three broad agricultural land-use types in this region: dryland agriculture (DL), land devoted to 

rearing livestock (LL) and horticultural areas (HL) (Figure 4.2). The classes account for 0.3, 0.23 and 

0.07 million ha, respectively. The median sizes of the dryland agriculture (DL) and livestock land (LL) 

parcels are similar, and both are much greater in area than horticultural land (HL) parcels (Table 4.1). 

Table 4.1: Agricultural land-use categories in study area  

Data from Wadduwage et al. (2017) 

 
Land-use 

code 

Land-use type  

 

Dominant agriculture 

 

Land-use 

type (%) 

Total land extent 

(1000ha) 

Number of 

land parcels 

Median land parcel 

size (ha) 

DL Dryland 
agricultural 

Wheat, barley and 
canola cropping. 
Olive groves. 

51 315 2645 50.3 

LL Livestock land Pasture. 36 239 3442 59.0 

HL Horticultural land Vineyards. Intensive 
vegetable production. 

13 75 2231 12.2 

 

An expanding economy and a growing population have increased the demand for land on the fringes of 

Adelaide (Liu and Robinson, 2016). While town planners and property developers are seeking new land in 

the peri-urban zone, natural resource stakeholders, such as primary industry professionals and natural 

resource managers, are trying to protect productive agricultural landscapes and conservation areas from 

urban sprawl (Liu and Robinson, 2016, Gant et al., 2011). In 2012, the South Australian Government 

launched a 30-year plan for Greater Adelaide, in which future development and preservation areas are 

identified (Planning SA, 2010). In addition, the two world-class wine-producing areas of the Barossa Valley 

and McLaren Vale benefit from protection afforded by the Character Preservation (Barossa Valley) and 

Character Preservation (McLaren Vale) Acts of 2012 (South Australian Government, 2013).  

Agricultural land is the most cost-effective and widely available land-use type and can easily 

accommodate the rising demand for urban expansions on these fringes. Land-use researchers recognize the 

advantage of integrating natural resource management plans—particularly for water management—with 
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local land-use planning, which leads to information-driven land-management practices for preserving 

agricultural landscapes (Bunker and Houston, 2003). The LGAs in the Greater Adelaide region are primarily 

responsible for land governance (i.e. development planning, subdivisions and regulating natural landscapes). 

The LGAs are prioritising land-management strategies while maintaining a balance between land supply for 

development and landscape protection, within council boundaries on the fringes of Adelaide city.  

 

a) DL = Dryland agriculture (rain-fed cereal crops) 

 

b) LL = Livestock land (grazing pasture) 

 

c) HL = Horticultural land (irrigated cultivations with farm dams) 

Figure 4.2: Aerial imagery of the three broad land-use types identified in this region  
Note: a) DL= dryland agriculture; b) LL = livestock land; and c) HL = horticultural land 
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Fig.1 Rural  

 

 

 

 

 

 

 

 

Figure 4.3: Agricultural land use in Greater Adelaide  

(Wadduwage et al., 2017) 

 

 

 

 

 

 

 

 

Figure 4.4: Spatial grid overlay 
Note: a) shows the grid overlaid on the entire area investigated (light pink) without land-use data. The dark pink area is 

urban; b) shows the grid overlaid on land-use classes for the inset area in Figure 4.4(a); and c) is a 1x1 km area 

extracted from Figure 4.4(b). The key to land-use classes in Figure 4.4(b) and 4.4(c) is in Figure 4.3. 
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The current study uses South Australian Government planning data sets from the 30-Year Plan for 

Greater Adelaide (Planning SA, 2010) to identify planned zones for development and primary production. 

These zones identified by spatial areas are recognized for future urban development—land development 

zones—and primary production areas include legislatively protected zones under the Character Preservation 

Act 2012. The SA Government land cadastral data with land-use information (Department of Planning, 

Transport and Infrastructure [DPTI], 2016) are used to identify land-parcel boundaries and agricultural land 

uses, respectively (data source <http://location.sa.gov.au>). This land cadastral data set is maintained for 

local government levy collection purposes in the study area. A generalized agricultural land-use data set was 

derived from the land cadastral land-use data to represent the broad agricultural land-use categories, DL, HL 

and LL, defined by production type.  

A digital elevation model (DEM), with 30 m resolution (data source: Geoscience Australia, 

<http://data.gov.au>), was used to derive the steeper areas of the landscapes. The steeper areas are identified 

by the slope map (over 50% of the terrain in the study area is elevated) generated through the DEM using 

ArcGIS Desktop 10.4 (ESRI Corp.). Zones under land fragmentation are identified through land-parcel 

analysis of the landscape (Wadduwage et al., 2017), and are used to represent land fragmentation in the study 

area. Local government administrative boundaries were used to spatially identify agricultural land 

vulnerabilities within local government areas on the Adelaide city fringes. 

The research on which this paper (chapter) reports used the following data sets: 

Table 4.2: Spatial data used for this research 

Description of 

data 

Spatial 

Resolution 

Date Source Reference How used in this research 

Land use 

Generalized 
 

10 m June 2016 http://location.sa.gov.au Department of Planning, 

Transport and Infrastructure 
(DPTI) (SA) 

To identify development 

zones and primary 
production zones (reported 
in 30-Year Plan for 
Greater Adelaide) 

Land Use 
South 
Australia  
(ACLUMP) – 
land cadastral 

data  

10 m June 2016 
 

http://location.sa.gov.au Department of Environment, 
Water and Natural Resources 
(DEWNR) (SA) 

To identify land parcel 
boundaries and agricultural 
land use  
 

Digital 
elevation 
model 

30 m June 2010 http://data.gov.au Geoscience Australia 
 

To derive steep areas of 
the landscapes 

Generalized 
Agricultural 
land-use data  

10 m June 2016 
 

Spatial data extraction 

from State govt. land 

cadastral data 

The main agricultural land-
use categories: DL, HL and 
LL.  
 

To identify agricultural 
land use by production 
type: DL, HL and LL 

Land 
fragmented 
zones  

10 m June 2016 
 

Spatial data analysis 

results derived from State 

govt. land cadastral data 

Extracted from land cadastral 
data with land-use 
information. (Wadduwage et 

al., 2017) 

To represent the land-
fragmented areas 

Local 
government 

areas 

10 m June 2016 
 

http://location.sa.gov.au Department of Planning, 
Transport and Infrastructure 

(DPTI) (SA) 

To identify local 
government area land 

boundaries on the fringes 
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4.3.2 Agricultural land vulnerability parameters 

Six parameters (PM1–PM6) which can either negatively or positively affect the loss of agricultural land in 

peri-urban areas (Table 4.3) were used to calculate agricultural land vulnerability in the study area. They 

reflected the effects of land-use planning, the socio-economic situation, and physical constraints on land 

transitions on the urban fringes. Spatial layers were created for these parameters from the source data 

described in Table 4.2. A 1 km2 grid was used as a common scale for all parameters. This was overlaid on 

the land-use maps using the ArcGIS version 10.2.1 Fishnet tool (Figure 4.4). 

Table 4.3: Parameter (PM) consideration for calculating ALVI values 

Parameter 

 

 

Description 

 

 

Data source  

 

 

PM1–Proposed development areas Land scheduled for development b Land Use Generalized 

 

PM2–Proposed regulated areas  Planning and legislative provision for primary 

industries b 

Land Use Generalized 

 

PM3–Demand for land Land values based on distance to built-up area 

and transport corridors 

Land Use South Australia  

PM4–Physical barriers to infrastructure 

development and building 

Probability of construction  Digital elevation model 

PM5–Land fragmentation Probability of land-use change Land fragmented zones 

PM6–Resistance by production type DL > HL > LL  

 

Generalized Agricultural land-use data 

b 30-Year Plan for Greater Adelaide (2010), c Land cadastral data with land-use information in 2016 (SA government 

[DPTI]) 

The following methods were used to map the six parameters. Areas scheduled for land development 

(PM1) or protection (PM2) were mapped for each cell in the spatial grid from the 30-Year Plan for Greater 

Adelaide (Planning SA, 2010). Land demand (PM3) was mapped for each cell using spatial proximity 

analysis between the centroids of each land parcel and built-up areas or major transportation corridors. Steep 

areas unsuitable for urban development (PM4) were mapped from a raster DEM by extracting cells where 

the gradient was > 50%. Cells with high levels of land parcel fragmentation (PM5) were mapped from maps 

of land-parcel density (PD) and mean land parcel size (MPS). Wadduwage et al. (2017) identified high 

fragmentation areas in the Adelaide region as locations where MPS increases in areas where the PD is 

between 7 N/km2 and 35 N/km2. Landowner resistance to land-use change was identified in relation to the 

dominant agricultural production types in the broad land uses in the area: DL, HL and LL (Wadduwage et 

al., 2017). These data were acquired from the Land Use South Australia (ACLUMP) land cadastral map 

(Table 4.1). The highest resistance was found in dryland agricultural (DL) areas, which are dominated by 

large commercial farms with high economic returns, and the lowest was in grazing lands (LL), where 

economic returns are relatively low, and many farms are heritage properties, that is, family farms with ageing 

landowners, or hobby farms. Medium resistance was found in horticultural enterprises (HL), such as 

vineyards and vegetable farms, which generate high economic returns from relatively small land parcels. 



 

72 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.5: Maps of parameters used to calculate agricultural land vulnerability in Greater Adelaide 
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4.3.3 Scenario development and land vulnerability analysis 

Three land-change scenarios, each with a clear storyline, were developed: a business-as-usual (BAU) 

scenario, an accelerated economic development scenario (EDS) and a high environmental protection scenario 

(EPS). The BAU scenario assumed the continuation of current economic and population growth trends 

within existing land governance policies, as identified by the proposed development and preservation areas 

in the region. Implicit in this scenario was the assumption of the continuation of current land-change trends 

and the behaviour of local land markets to satisfy the demand for land on the periphery of Adelaide. In this 

situation, the vulnerability of agricultural land can be assumed to follow a sequence where grazing land is the 

most vulnerable and dryland agriculture the least vulnerable.  

The EDS represents an expanding local economy with large investments in industry, commerce and 

services, and increased population growth. This would lead to increased demand for land for housing and 

infrastructure development and may be accompanied by more relaxed planning controls. It would lead to 

more land becoming vulnerable to urban sprawl and increased land fragmentation. Furthermore, it would 

adversely affect natural systems; therefore, strong land-use management practices would exist for regulating 

natural resources, while accommodating land development in the proposed areas as a land governance 

policy. In this situation, farmland with low economic returns would be highly vulnerable to urban sprawl in 

efforts to satisfy land demand for housing and infrastructure development in the study area.  

The EPS is the opposite scenario to that presented in EDS, with strict adherence to wide-ranging land 

governance and natural resource management policies while allowing sustainable land development and 

management practices on the fringe of the city, for example, retaining green spaces, heritage and 

conservation areas. Compared to the other two scenarios, the EPS would be characterized by a relatively low 

amount of land development as it would be attracting land uses with lower economic returns while the 

environment would be highly regulated. Due to the combined effects of low economic growth and higher 

regulation for environmental management, less demand would be created for land—for housing, 

infrastructure and commercial facilities—while limiting land fragmentation. Although less pressure would be 

exerted on non-regulated agricultural landscapes for land-use changes (by land-use planning), the HL use 

(e.g. vegetable growers) would face increasing land vulnerability as businesses would not be financially 

viable under the higher level of water, waste and land management regulations. 

Land-use research has extensively used parameter weights to represent parameter sensitivity to the 

defined scenario storylines (Long and Zhang, 2015, Salvati and Carlucci, 2013, Estoque and Murayama, 

2012, Buxton et al., 2011a). Contemporary land-use studies have utilized the weights on parameters in 

various forms: as indicators in urban studies (Lauf et al., 2016, Thapa and Murayama, 2012); as parameter 

inputs in CLUMondo and CLUE (conversion of land-use change and its effects) models (Liu et al., 2017, 
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Ornetsmüller et al., 2016, Jiang et al., 2016); as factors in cellular automata (CA) models (Feng and Liu, 

2016); and as parameter weights in land-use trade-offs (LUTO) models (Bryan et al., 2016) to represent 

parameter sensitivity parallel to the defined scenario storylines. In the current study’s integrated approach, 

parameter weights represented the parameter sensitivity to each scenario storyline while using a spatially-

explicit grid approach to calculate ALVI values in a spatial context. 

Table 4.4: Spatial weights used for scenario development 

 

In the three land-change scenarios (EDS, BAU, EPS), parameter weights were assigned according to the 

assumptions made in the defined storylines (Table 4.4). The parameter weights in Table 4.4 represent the 

relative effect of the six parameters on land vulnerabilities in each scenario while representing the 

proportional differences between the scenarios. All weights were assigned between 0 (zero) and 1 (one) 

(where 0 is the least important and 1 is the most important) but were not normalized to represent the relative 

importance among the parameters.  

The six parameters (PM1–PM6) were weighted for each of the three scenarios based on local knowledge 

of land-management practices (Table 4.4). Higher weightings represented the higher importance of their 

effect on land vulnerabilities in the study area. Higher weights were assigned to the proposed development 

areas (0.8), less regulated areas (0.6), high land-demand areas (0.5), higher land-fragmentation areas (0.5) 

and low-resistance LL areas (0.5). The steep areas in P4 were assigned a relatively low weight (0.3) 

compared to the other parameters, as they were not of equal importance when land markets were 

competitive, that is, higher land demand for proposed development areas.  

The ALVI values were calculated for each cell using the following equation: 

 

 

where 

𝑝𝑖𝑗  = Parameter representation of the i-th cell; 𝑤𝑗 = Spatial weight of the i-th cell; and N = Number of parameters. 

PM1 Proposed development areas 0.1 0.2 0.7

PM2 Proposed regulated areas 0.7 0.2 0.1 0.6 0.1 0.1 0.4 0.1 0

PM3 Demand for land 0.1 0.2 0.7 0.2 0.3 0.5 0.2 0.4 0.4

PM4 Physical barriers on land-use change 0.4 0.3 0.1

PM5 Land fragmentation 0.1 0.2 0.7 0.1 0.2 0.5 0 0.1 0.2

PM6 Resistance by production type (DL>HL>LL) 0.1 0.2 0.7 0.2 0.3 0.5 0.2 0.4 0.4

Parameter weight (Low -high) weight (Low -high) weight (Low -high)

0.2 0.1 0

EDS                              

(Economic Development)

BAU                            

(Bussiness as usual)

EPS                              

(Environmental Protection)

0.9 0.8 0.3

𝐴𝑔𝑟𝑖𝑐𝑢𝑙𝑡𝑢𝑟𝑎𝑙 𝐿𝑎𝑛𝑑 𝑉𝑢𝑙𝑛𝑒𝑟𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝐼𝑛𝑑𝑒𝑥 (𝐴𝐿𝑉𝐼) =
∑ 𝑤𝑖𝑝𝑖𝑗

6

𝑗=1

𝑁
         (1) 
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For every cell in the spatial grid, each parameter (p) was represented by a value of 1 or 0 and the assigned 

weight (w) from Table 4.4. Figure 4.5 illustrates cell categories derived from the source data and the 

associated weights for each parameter that were used to calculate ALVI values. For ease of comparison, the 

actual ALVI values for each cell in each scenario were categorized into the following variability classes: 

Very low < 0.1; Low 0.11–0.3; Medium 0.31–0.4; High 0.41–0.5; and Very high > 0.51. 

Local government area boundaries were overlaid on the land vulnerability grid layer and the land-use 

spatial data in ArcGIS to quantify the land vulnerabilities of the land-use types—three generalized land-use 

types; LL, DL and HL—derived for each of the three scenarios for local government areas in Adelaide’s 

peri-urban zone. The attribute tables of the land vulnerability spatial quantifications created in ArcGIS were 

used to analyse the spatial variation in land vulnerability for each scenario and to calculate the amounts of 

each of the general land-use types located within the highly vulnerable areas. 

4.4 RESULTS 

4.4.1 Agricultural land vulnerability in contrast 

Figure 4.6 illustrates the agricultural land vulnerabilities in the area under investigation for the three different 

scenarios, within the common ranges of ALVI values for better comparisons. The maps in Figure 4.6 

interpret the spatial distribution of agricultural land vulnerability in each scenario on the Adelaide city 

fringes.  

The EDS, which represents high levels of economic development, leads to very high ALVI values of 0.5–

0.7 for the northern Adelaide Plains and the eastern fringes, beyond the hilly conservation areas. These 

values indicate that agricultural land in these two areas is highly vulnerable to conversion to urban land uses. 

Furthermore, this scenario shows a clustering of areas with high ALVI values close to the current built-up 

area. Horticultural land in McLaren Vale to the south has significantly lower vulnerability to conversion to 

urban land uses compared to agricultural land closer to the current built-up area. These areas of economically 

productive multi-functional land (vineyards in the McLaren Vale area) show higher resistance to urban 

pressure on the southern fringes. The larger dryland agricultural land parcels and the winery land at the rural 

edge of the city shows lower land vulnerabilities (ALVI: 0.1–0.2) even under enhanced urban development. 
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Figure 4.6: Agricultural land vulnerability variations in the three scenarios 
Notes: a) EDS; b) BAU; c) EPS;  

Agricultural Land Vulnerability Index (ALVI) values classified in the ranges of 0.1 < Very low < 0.2 < Low < 0.3 < Medium < 0.4 < High < 0.5 < Very high < 0.7. 
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The business-as-usual (BAU) scenario shows the high vulnerability of agricultural land (ALVI: 0.4–0.5) 

to the north of the city. These areas mainly comprise land for livestock rearing around the town of Gawler 

and areas of intensive horticulture, mainly vegetable cultivation, along transport corridors on the northern 

Adelaide Plains. The patchy agricultural land on the eastern fringes of the city has moderate levels of 

vulnerability to urban sprawl. However, within this part of the Adelaide urban fringe, land used for stock 

raising around the fast-growing town of Mount Barker has high ALVI values (0.4–0.5) in this scenario. 

Agricultural land to the south of the city has only low vulnerability to urban development in the BAU 

scenario. 

The EPS, which represents high levels of landscape protection, only generates moderate levels of 

agricultural land vulnerability to urban sprawl (ALVI: 0.3–0.4) around Gawler and Mount Barker. Most 

agricultural land is characterized by lower agricultural land vulnerabilities with livestock farms to the south 

of the city and vineyards in McLaren Vale having very low ALVI values of 0.1–0.2.  

Figure 4.7 presents a summary of the variation in agricultural land vulnerability classes in the study area 

for the three different scenarios. Very high vulnerability of agricultural land to urban sprawl is only found 

under the EDS, whereas high levels of vulnerability are found in both EDS and the BAU scenario. Medium 

levels of vulnerability are very similar in the EDS and the BAU scenario but, in the EPS, decline markedly. 

The largest proportion of land in each scenario falls in the low vulnerability class. The EPS is the only 

scenario in which land with very low ALVI values occurs. 

 

Figure 4.7(a): Level of agricultural land vulnerability variations in the three scenarios (EDS, BAU and 

EPS) 

Sensitivity analysis was used to find the impact of each input parameter on the calculated Agricultural 

Land Vulnerability Index (ALVI) values. By using the statistical data set in SPSS (# 5916 data records 

associated with cells, including parameter input values and the calculated ALVI values for the three 
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scenarios), the sensitivity of ALVI for each parameter (independent variables PM1 to PM6) was tested by 

developing explorative data descriptive statistics through statistical analysis to visualize the overall results in 

box plots (with 95% confidence intervals [CIs] for received mean values). These box plots show the ALVI 

variations against the assigned weights (ascending order) for each parameter type (PM1–PM6) in the three 

tested scenarios (EDS, BAU, EPS). 
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Figure 4.7(b): Parameter weight descriptive statistics 
Notes: This figure presents the independent variables PM1–PM6 and the ALVI values received in each scenario (EDS, 

BAU and EPS). Box plots present the mean values of the ALVI values received with 95% confidence intervals (CIs) 

while visualizing error bars and extreme outliers with dots. For each parameter, the y-axis represents the units of ALVI 

values in each scenario.  
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Figure 4.8: Extent of agricultural land by vulnerability class by local government areas for each scenario 
Note: This figure presents the seven local government areas surrounding Adelaide in relation to each scenario: (a) EDS, 

(b) BAU and (c) EPS. The key to the local government areas is as follows: AH = Adelaide Hills, BA = Barossa; 

LI = Light; MA = Mallala; MB = Mount Barker; ON = Onkaparinga; and PL = Playford. 

 

 

 

  

Figure 4.9: Local government area-based agricultural land vulnerability by production type 
Note: In a) EDS; b) BAU; and c) EPS within the ALVI range of medium (0.3) to very high (0.7). 

 

Table 4.5: Agricultural land-use vulnerability by local government area on Adelaide city fringes 

 

LGA 

Code 

LGA Name 

 

Description 

 

Total land 

(1000 ha) 

Land use of 

DL (1000 ha) 

Land use of 

LL (1000 ha) 

Land use of HL 

(1000 ha) 

AH Adelaide Hills (DC)  Reserve  79,027 1,658 19,837 10,255 

BA Barossa (DC) Agriculture 88,670 9,972 31,611 12,666 

LI Light (RC) Livestock 126,676 92,099 6,171 8,124 

MA Mallala (DC) Horticulture 92,514 57,639 9,388 1,996 

MB Mount Barker (DC) Institution 59,169 4,166 22,287 1,741 

ON Onkaparinga (C) residential 51,598 1,423 6,135 11,253 

PL Playford (C) residential 34,256 3,073 4,791 6,003 

Note: DC = District Council; C = Council; and RC = Regional Council 
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4.4.2 Agricultural land vulnerability in local government areas 

Figure 4.8 illustrates the extent of the different levels of agricultural land vulnerability to urban growth for 

the seven local government areas that surround Adelaide. The figure provides a comparative view of 

scenario-based land vulnerability variations in each local government area, considering the constant land 

extents. Overall, the local government areas on Adelaide’s northern rural fringes (i.e. Light Regional Council 

[LI]; Mallala District Council [MA] and Barossa District Council [BA]) show a substantially higher extent of 

agricultural land that is vulnerable to urban sprawl in comparison to the lesser extent of vulnerable 

agricultural land in the local government areas to the city’s north (Playford Council [PL]) and the city’s 

south (Onkaparinga Council [ON]). In terms of vulnerability, the PL, MB and AH local government areas 

show higher percentages of higher extents of vulnerable agricultural land, compared to the total agricultural 

land presence within these local government areas.  

Table 4.5 summarizes the local government area-based statistics for total agricultural land presence and 

the land extent occupied by each production type on Adelaide’s city fringes. Agricultural land with medium 

to very high (ALVI: 0.3–0.7) vulnerability by production type was quantified in each local government area, 

with the results for the three scenarios shown in Figure 4.9. The comparative representation of the local 

government area-based agricultural land vulnerability variations under the three scenarios demonstrates how 

each local government area is affected by the influence of extreme policy directions.  

 

Figure 4.10: Block plots of overall agricultural land vulnerability variances in each local government area 

on Adelaide’s city fringes  
Note: These block plots illustrate the extent of the land form: minimum, lower quartile, median, upper quartile and 

maximum. 
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Figure 4.11: Agricultural land vulnerability by production type in EDS, BAU and EPS 
Note: The values presented are within the ALVI range of medium (0.3) to very high (0.7). 

 

Figure 4.10 illustrates the overall agricultural land vulnerability variances in each local government area. 

These results show distinct agricultural land vulnerability ranges in local government areas in the study area. 

Figure 4.11 shows the extent of distinct agricultural land occupied by each production type under the three 

defined scenarios, where vulnerability ranges from medium to very high. The agricultural land-use type LL 

shows higher vulnerabilities in the EDS and the BAU scenario, but it shows a significant reduction in the 

EPS compared to DL and HL, the other two types of land use. 

4.5 DISCUSSION 

The multi-criteria approach employed in the current research addresses the methodological challenges of 

integrating land-use change drivers, such as land-use planning, economic behaviour and physical constraints, 

with the spatial arrangement of land to quantitatively assess the vulnerability of agricultural land to 

urbanization on the edge of cities. In land-use planning, spatially-explicit land-use planning instruments are 

regarded as a popular method for developing sustainable urban development strategies (Lauf et al., 2016). 

Nevertheless, their use requires a thorough understanding of land-change drivers and the extent of the land to 

strengthen land-management policies (Thebo et al., 2014). The spatially-explicit method employed in this 

research captures parameter magnitudes as spatial weights that are used to calculate the vulnerability of 

agricultural land to conversion to urban land use in each cell. The approach enables the visualization of the 

spatial distribution of agricultural land’s vulnerability to encroaching urbanization.  

The quantification and visualization of agricultural land’s vulnerability to urban sprawl have been given 

less attention in land-change studies, despite the amount of research on monitoring land use on the fringes of 

cities (Lauf et al., 2016, Colantoni et al., 2016, Ju et al., 2016, Deng et al., 2015, Kuang et al., 2016). The 
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quantification of land use and land-use change is important in understanding the impact of phenomena like 

urbanization on landscapes, and it can strengthen existing land-use management policies (Lambin et al., 

2000) in peri-urban zones. This is important as contemporary land-use research perspectives have changed 

from a focus on land use and land cover to one on land systems which incorporate socio-economic 

interdependencies to try to capture the complexity of land transformation processes (Ornetsmüller et al., 

2016, Lauf et al., 2016, Grau et al., 2013, Lambin et al., 2000). The visual representation of the spatial 

variability of agricultural land vulnerability can improve our interpretation of the causes of agricultural 

land’s transformation to urban land uses in these complex land systems. The facts developed in this approach 

(evidence-based) enable justifiable land-management decisions while improving the knowledge on 

agricultural land-transition phenomena under different policy settings. 

Scenario-based land-use analysis is widely used for predicting future land-use and land-cover changes 

(LULCCs) (Lauf et al., 2016, Yang et al., 2016, Sohl et al., 2016, Ornetsmüller et al., 2016, Jiang et al., 

2016, Houet et al., 2016) but occasionally it is used to synthesize complex land transformations (Priess and 

Hauck, 2014). In addition, scenario analysis can be used to investigate the socio-economic policy 

implications of land-use change (Sali et al., 2016, Lauf et al., 2016, Yang et al., 2016, Koomen et al., 2005, 

Booth et al., 2016). Many studies have illustrated that scenario analysis stimulates creative thinking and 

knowledge exchange amongst a wide range of stakeholder groups (Sali et al., 2016, Kaljonen et al., 2012, 

Haasnoot and Middelkoop, 2012, Sleeter et al., 2012, Zurek and Henrichs, 2007), as it capable of capturing 

land-system sensitivity under different parameter set-ups. The integration of two different modelling 

techniques—parameter-based land-use models with scenario analysis—provides rich information on land 

transitional processes (Lambin et al., 2000). The continuous representation of land vulnerability variations in 

opposing scenarios (Figure 4.7) demonstrates the possibility of synthesizing the increasing agricultural land 

vulnerabilities in excessive urban development conditions, as well as the decreasing trends in landscape-

protected situations. 

4.5.1 Agricultural land vulnerability under different scenarios 

The two extreme scenarios developed to represent the vulnerability of agricultural land to urban growth 

under opposing policy directions—high levels of economic development and strong environmental 

protection—enabled the relationships between land vulnerability and policy directions to be investigated. 

The ALVI values calculated for the EDS and the EPS demonstrated how the vulnerability of farmland to 

urban sprawl varies spatially under these two scenarios, while illustrating the farmland vulnerabilities in the 

BAU scenario under the continuation of current socio-economic and land administrative policy trends. 
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The overall results showed significantly higher levels of agricultural land vulnerability under the 

EDS (very high 5%; high 15%; medium 30%; and low 50%) while showing relatively low levels of land 

vulnerability in the EPS (medium 10%; low 85%; and very low 5%). These results demonstrated that 

land-management policies targeting economic development (the EDS) cause significantly higher levels 

of land vulnerability compared to those of the EPS on the city fringes. The spatial variations of these 

results demonstrate the spatial heterogeneity of these land vulnerabilities in a spatial context 

(Figure 4.6). Agricultural land in closer proximity to the current built-up area shows significantly higher 

vulnerability to urban sprawl under strong urban development policy directions (the EDS) while, in the EPS, 

vulnerability is significantly reduced. However, agricultural land to the north of the city, which includes 

farmland around the neighbouring town of Gawler, shows relatively high vulnerability to urban growth even 

under the EPS with its implied high levels of environmental protection. This demonstrates the inevitability of 

transformations from agricultural land use to urban land use in the northern peri-urban zone. 

Under conditions of high levels of economic and urban development, that is, the EDS, the location of 

farmland that is highly vulnerable to conversion from agricultural to urban land use on the fringes east and 

south of Adelaide demonstrates a leap-frog effect in which land with high ALVI values is generated beyond 

the Hills Face Conservation Zone and McLaren Vale, both of which benefit from protection through 

planning laws. This scenario also reveals that agricultural landowners in these more distant areas to the east 

and south would sacrifice their farmland to meet the demand for land under policies that promote high levels 

of urban growth. The results also confirm that some economically productive, multi-functional agricultural 

practices are more resilient than others to urban sprawl on urban fringes (Zasada, 2011); for example, 

horticulture, based on vines and olives, is less vulnerable to land-use change than dairy production and stock 

rearing. However, this argument may have limited wider application because McLaren Vale also benefits 

from a global profile and protection under the Character Preservation (McLaren Vale) Act of 2012 (South 

Australian Government, 2013).  

As parameter weights were assigned according to the assumptions made in the defined storylines (EDS, 

BAU and EPS), these weights represent the relative differences expected for each scenario. For example, in 

the EPS with a situation of less economic growth, parameter weights assigned for PM3 (demand for land) 

were in the range of Low–high (0.1–0.4) compared to the EDS which had higher market demand for land and 

a range of Low–high (0.1–0.7). This result demonstrates the maintenance of relative importance between the 

parameter weights in each scenario. The overall results show that the lowest level of farmland vulnerabilities 

was under the EPS as, in this scenario, it experiences less urban pressure (represented by weights) in 

accordance with the defined storyline. 
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The sensitivity analysis results show the ALVI values received for each parameter type (Figure 4.7[b]). 

The results for PM1 show a significant increase in ALVI values (3.2–5.1) of farmland vulnerabilities with 

the increase of parameter weights (0.1–0.9) in the EDS (Figure 4.7[b] ALVI_EDS vs. PM1), representing 

future development zones proposed by the land administration. Moreover, a similar trend was also 

experienced in the other two scenarios (BAU and the EPS) although, overall, they received lower ALVI 

values. These results demonstrate the significant impact of PM1, that is, development zones on farmland 

vulnerabilities in peri-urban areas. The ALVI values for PM2 show limited changes over the increase of 

weights in the EDS (Figure 4.7[b] ALVI_EDS vs. PM2), while the BAU scenario and the EPS displayed 

similar patterns. This result demonstrates the minimal importance of PM2 (i.e. proposed land-use regulated 

areas) for calculating farmland vulnerabilities on the city fringes. The calculated ALVI values for PM3 

display an average level (3.0–4.1) of an increasing trend (Figure 4.7[b] ALVI_EDS vs. PM3), with an 

increase in PM3 weights (0.1–0.7) displaying a similar trend in the other two scenarios. This result shows 

that higher weights in economic growth situations (i.e. the EDS) have a greater impact on the calculated 

ALVI values, due to the increasing demand for land to facilitate farmland conversions on city fringes. 

The PM4 results exhibit an interesting outcome by showing a decreasing trend (3.8–3.1) of ALVI values 

with an increase in the parameter weights (0.2–0.4) in the EDS (Figure 4.7[b] ALVI_EDS vs. PM4). This 

result demonstrates that higher weights for PM4 have less impact on land vulnerabilities in an economic 

development situation (i.e. the EDS), as the cumulative weight of the other parameters (PM1–development 

zones and PM3–demand for land) have a greater influence on increasing the ALVI values in the study area. 

In these extensive growth situations, physical barriers to land development on steeper terrain have less 

influence in restraining urban sprawl due to a larger investment in engineering and infrastructure 

development. Although ALVI values for PM5 (land fragmentation) show an increasing trend over increasing 

weights (3.0–3.8), scattered outliers of ALVI values (Figure 4.7[b] ALVI_EDS vs. PM5) demonstrate its 

weakened influence on land vulnerabilities in the low weights for PM5: for the EDS, this was particularly the 

case. The results also show that in high economic growth situations, farmland vulnerabilities can be triggered 

in low fragmenting areas due to other more significant influencing factors, such as a higher demand for land 

within the proposed development area. The ALVI values for PM6 show limited changes with the increase of 

weights in the EDS (Figure 4.7[b] ALVI_EDS vs. PM6) with scattered ALVI values at low weights, while 

displaying similar patterns in the EPS and the BAU scenario. This demonstrates the decreased importance of 

the type of farmland use (PM2–resistance by production type DL > HL >LL) for calculating farmland 

vulnerabilities especially at the lower weights in the EDS, as other parameters (PM1 and PM3) have a 

substantial influence over PM6 for converting farmland to non-agricultural land use. 



 

86 

 

 

4.5.2 Agricultural to urban land-use transformation by local government areas 

Dependencies in land-system changes are created by geographic location and spatial configuration of the 

land use (Ornetsmüller et al., 2016). Estimates of land vulnerability by local government area have the 

advantage of improving local knowledge, in the context of rural-to-urban (R–U) land transformation, among 

stakeholders such as planners and policy makers, urban developers, and primary production and natural 

resource management professionals. Houston (2005) highlighted the importance of quantifying physical land 

occupancy on the fringes of Australian cities to understand the effects of urban sprawl on agricultural land 

uses. In the current research, estimates on the vulnerability of land under three broad types of production—

dryland agriculture (DL), livestock land (grazing and rearing) (LL) and horticulture (HL)—provide detailed 

information that should be assessed to improve industry-specific land-management strategies in local 

government areas. 

The amount of agricultural land in a local government area itself is not an indicator of vulnerability to 

change. For example, the part of the Mallala District Council area covered by this study has over 92,500 ha 

of agricultural land, most of which is used for broad-acre cereal farming (part of the dryland agriculture [DL] 

category). However, it demonstrates less vulnerability to urban sprawl than agricultural land in the Playford 

Council area which only has 34,256 ha of agricultural land but has a higher level of vulnerability due to the 

presence of intensive vegetable gardens in the proposed development land-use zones.  

The agricultural land area derived by production type in the higher vulnerability ranges—medium to very 

high—in Figure 4.9, demonstrates that local government area land vulnerabilities are non-linear and unique. 

Moreover, the results demonstrate the overall land extent occupied by the production types: LL > DL > HL, 

where LL represents a significantly higher level of land vulnerability on Adelaide’s city fringes. In 

particular, the results show significant land vulnerability increments in the eastern and south-eastern local 

government areas (Adelaide Hills [AH] and Mt Barker [MB]—beyond the hilly conservation areas) under 

excessive urban development policies as these create suitable environments for accommodating urban sprawl 

by converting the majority of LL and HL agricultural land uses to urban form. Overall, the livestock land 

(LL) uses (Figure 4.11) show a significant reduction in vulnerability in higher environmental protection 

conditions (i.e. the EPS), although, under EDS and its higher urban development conditions, these land uses 

show a slight increase in vulnerability. This demonstrates that higher environmental protection policies have 

a significant impact on protecting livestock farmland from the sprawl on urban fringes. 

These facts were further confirmed by the unique overall land vulnerability variances. In all three 

scenarios in local government areas (Figure 4.10), these contrasted with the significant differences in land 
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vulnerability variances—the higher variances with larger outliers (Light [LI], Mallala [MA]) and the local 

government areas with low variances (Onkaparinga [ON], Playford [PL]. This proves the necessity of 

capturing local-scale agricultural land vulnerability details for making informed land-management decisions.  

4.5.3 Methodological advances and limitations 

Studies of land-use transformation on the urban fringes of many cities have found that peri-urban agricultural 

land is under pressure and vulnerable to urban sprawl (Zasada, 2011, Robinson, 2004, Vizzari, 2011, 

Malaque and Yokohari, 2007, Heimlich and Anderson, 2001, Lee et al., 2015, Jiang et al., 2013, McFarland, 

2015). The current study confirms this general finding under various policy directions. In addition, the 

patchy land vulnerability feature presented in the study’s scenarios confirms the non-linear nature of peri-

urban land-use transformations (Ornetsmüller et al., 2016, Brown and Robinson, 2006).  

The spatially-explicit maps and analyses of the vulnerability of farmland to urbanization using a scenario 

approach have enabled the likely outcomes of different land-management policies to be compared. Although 

this research focuses on agricultural land on the fringes of one city—Adelaide–the approach adopted could 

readily be applied to other Australian cities that are encroaching onto highly productive agricultural land 

(MacLachlan et al., 2017, Buxton et al., 2011a, McFarland, 2015, James and O'Neill, 2016) and to cities 

elsewhere with similar land-use configurations.  

Successful applications of this method are dependent on selecting the correct parameters, accurate 

integration of spatial data, and quantification of results at various levels of local government administration. 

Correct parameter selection is the most critical of these aspects. Parameters are highly case-dependent 

(Thapa and Murayama, 2008) and the type, magnitude and location of land-use transformations generated 

from each scenario are highly dependent on parameter assumptions about local land-use policy settings 

(Bryan et al., 2016, Koomen et al., 2005). The selection of parameters that are the most influential drivers on 

the target land-use group, that is, agricultural land uses in the current study, is superior to using a wide range 

of parameters (Sali et al., 2016). The parameters selected in the current research project have been widely 

used by the land-use research community to describe land transformation processes on urban fringe 

landscapes. Institutional land policies have been shown to have a substantial impact on agricultural land-use 

transformations on the urban fringe (Malaque and Yokohari, 2007, Lambin et al., 2001). Declared land 

development zones in peri-urban areas attract land developers, while regulating development on primary 

production land in protected land-use zones. The growing economies of urban centres have a significant 

impact on peri-urban agricultural land uses—agricultural infrastructure, production cost, income (Wu et al., 

2011)—and relate to the associated complex social interactions on the city fringes (Ives and Kendal, 2013, 
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Parrott and Meyer, 2012). Agricultural land managers/farmers in peri-urban areas often sell land for non-

agricultural uses due to the high prices generated by the high demand for land (Szabo, 2015). The rate of 

land transformation is often enhanced in areas where land fragmentation is high (Su et al., 2011), while it is 

restricted by physical barriers such as steep terrain on urban fringes. Agricultural landowners’ land-use 

decisions depend on these factors. The agricultural land-change driver-focused parameter representation 

improves model effectiveness, while limiting the uncertainties associated with the policy-responsive scenario 

development process. 

The main limitation of this approach involves the uncertainties generated during modelling and the 

development of scenarios. The fundamental cause of the uncertainties in these scenarios is that land-change 

processes exhibit spatial, temporal and behavioural complexities that are not fully understood (Parker et al., 

2008b). This is certainly the case for Adelaide due to the limited amount of research that has been conducted 

(Houston, 2005, Liu and Robinson, 2016) and can only be partially resolved by the limited number of studies 

from other large Australian cities (Bunker and Houston, 2003, James, 2014, Sinclair et al., 2004). 

In addition, scenario development in modelling increases the level of further uncertainties in the model 

results. Mahmoud et al. (2009) highlighted the importance of addressing three areas of uncertainty—

understanding sources, estimating magnitudes and communicating uncertainties to stakeholders—to create 

modelling scenarios that will perform well. Although uncertainties are unavoidable in creating scenarios, 

accounting for these propagated errors at each stage can improve the precision of the targeted land-use 

change. 

The current research attempts to address the challenge of transferring knowledge about land-use change 

into practice, by quantifying land vulnerability information for different local government areas. These local 

government area-based results demonstrate the importance of identifying the hotspots where significant 

amounts of agricultural land are vulnerable to change, and of quantifying the land vulnerability information. 

This should lead to more informed decisions; however, local government authorities (LGAs) in Australia 

must adhere to State-level planning recommendations for land development. This results in local-scale land-

use changes collectively contributing to changing land use on a metropolitan scale. Therefore, quantification 

of the vulnerability of farmland to transformation to urban land uses at the level of local government areas is 

superior to estimates for entire cities or metropolitan areas when informed decisions must be made. 

In this research, firstly, the multi-criteria approach was used to transfer the parameter-based land-use 

information into knowledge by systematic data compilations and analysis. Secondly, this knowledge was 

transferred into practice by calculating the associated agricultural land vulnerabilities and land extents by 
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production type at the level of local government areas. This research demonstrates the success of using a 

multi-criteria spatially-explicit method together with scenario-based analyses to explore agricultural land 

vulnerabilities in these complex urban fringe land systems. 

4.6 CONCLUSION  

Agricultural land vulnerability is an effect of complex land-use transformation processes occurring on urban 

fringes. The level of vulnerability is non-linear and is highly dependent on the geographic location. Scenario-

based analysis enables an understanding of the land system vulnerability responses under opposing policy 

directions in a policy spectrum ranging from economic development to environmental protection. The 

contrasting results demonstrate that the sacrifice of farmland to urban sprawl is inevitable under economic 

development policy directions in Adelaide, as confirmed in worldwide city-scale case studies.  

The quantification and analysis of agricultural land vulnerability at the level of local government areas 

minimize information gaps among stakeholder policy networks when selecting strategic trade-offs between 

urban development and environmental protection. A step forwards is taken by transforming the acquired 

knowledge to practice on a local scale and is ultimately accountable for creating less land vulnerability on a 

metropolitan scale. Although this study has used a comprehensive parameter representation of the land-use 

change drivers—institutional and socio-economic—a substantial information gap continues to exist in the 

area of integrating the social aspects—agricultural landowners’ land-use decision-making behaviours—for 

precise land vulnerability estimations on the city fringes.  

The advanced version of this approach can achieve highly accurate results by incorporating empirically-

validated socially-indicative parameters, regardless of the uncertainties associated with data integration and 

scenario development. 
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CHAPTER 5 – DRIVERS OF PERI-URBAN FARMERS’ LAND-USE 

DECISIONS 

This chapter focuses on exploring the key factors that govern farmers’ land-use 

decisions in peri-urban land systems. It analyses a series of primary factors 

identified in previous land-change studies to investigate the factors that drive 

farmers’ land-use decisions on Adelaide city’s fringes. A survey is conducted on 

farmers’ rankings of each factor’s importance for their farm’s success or for 

changing the land use/ownership. Statistical analysis factor reduction techniques 

were used to investigate the factors that drive farmers’ land-change decisions 

while identifying farmers’ descriptive statistics in these peri-urban landscapes. 

Contributions to knowledge:  

• Explored peri-urban farmers’ characteristics and land-use decision preferences in the study area. 

• Derived key factors that drive peri-urban farmers’ land-change decisions while demonstrating the 

linkages between primary factors and latent factors (drivers) in the study area.  

5.1 ABSTRACT 

The loss of agricultural land due to urban sprawl has negative impacts on community lifestyles and green 

landscapes in peri-urban areas. However, researchers have rarely investigated the complex decisions made 

by landowners and land managers about changes in farmland use on the fringes of cities. The author sent a 

postal questionnaire to 1,650 farm landowners and managers on the fringes of Adelaide, South Australia, to 

elicit information on internal and external factors driving their land-use decisions. Descriptive statistics were 

developed for farmers’ demographics, farming life, industry and motivations in managing land while 

investigating 28 primary factors representing the socio-economic, environmental and institutional land-

governance influences on land-use decisions. These factors consist of 16 influences on farm success (IFSs) 

and 12 influences on land-use change (ILUCs). Exploratory factor analysis (EFA) was used to identify the 

key drivers from the above primary factors. Results demonstrate the advantage of deriving latent factors to 

identify key drivers, as this process identifies a different set of factors with higher loadings than is provided 

by farmers’ recommendations. These findings can improve the knowledge about farmers’ land-use decision-

making behaviour to model complex land-use transitions on city fringes. 
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5.2 INTRODUCTION 

Peri-urban agricultural landscape transformation is a complex land-change phenomenon which significantly 

affects people and environmental systems on the edge of cities. Contemporary urban expansion is 

accelerating the rates of agricultural land transformation in many peri-urban areas around the world (Ives and 

Kendal, 2013, van der Zanden et al., 2016, Pandey and Seto, 2015, Wang and Qiu, 2017). The loss of 

agricultural land on these fringes has a significant impact on landscapes and their provision of agro-

ecosystem services, in general, and food security, in particular, on urban–rural frontiers (Lee et al., 2015, 

d’Amour et al., 2016, Sali et al., 2016, Thebo et al., 2014, Malaque and Yokohari, 2007, Praweenwongwuthi 

et al., 2017). The land-management decisions of peri-urban farmers (primary decision makers) often lead to 

frequent land-use and land-cover changes (LULCC) in these landscapes. However, knowledge is lacking 

about the factors underlying this kind of decision making and their effects on these land-use transformations. 

This creates challenges for current land-use planning and sustainable land-management practices on the 

fringes of many cities (van der Zanden et al., Thebo et al., 2014, James, 2014). 

Peri-urban landscapes are characterized by land-use heterogeneity (Zasada, 2011) and exhibit substantial 

spatial variations in the world’s regions (Schneider and Woodcock, 2008, Galli et al., 2010, Moreira et al., 

2016), while their land systems are highly commercialized and diversified in comparison with rural 

agricultural land systems (Galli et al., 2010). The agricultural land uses in these diverse landscapes are 

characterized by crops, livestock and multi-functional farming practices (Thebo et al., 2014, Zasada, 2011). 

Agricultural landowners in these land systems have diverse motivations ranging from profit maximization to 

environmental protection for managing their land uses (Ward et al., 2007). In addition, these farm 

management practices vary from individual heritage farming practices to larger farming investments with 

export markets (Liu et al., 2013, Thebo et al., 2014). Land-use research has identified the advantages of 

using empirical information which includes local landowners’ motivations, behaviours and perspectives 

towards land-use decisions to explore complex land-transition processes (Kennedy and Veregin, 2016, 

Nualnoom et al., 2016, Murray-Rust et al., 2014, Bakker and van Doorn, 2009, Tesfahunegn et al., 2016, 

Liang et al., 2016, Solano et al., 2003). 

As a human-dominant land system, peri-urban areas represent these geographies in terms of social, 

economic and environmental insights (Lee et al., 2015, Wu et al., 2011). Peri-urban farmers’ land-use 

decisions have a significant impact on agricultural land transitions on city fringes (Burchfield and Gilligan, 

2016). Yet many land-use researchers focus on exploring land-use transitions through geographic 

exploratory factors (Thapa and Murayama, 2008), rarely investigating landowners’ land-use decision 

behaviours in terms of multi-dimensional factors, such as the social, economic, environmental and 
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institutional regulations associated with these land transitions (Kennedy and Veregin, 2016, Nualnoom et al., 

2016). Apart from these external factors, internal factors, such as landowners’ demographics, livelihood, 

expectations, motivations and perceptions on externalities have a substantial influence on their land-use 

decision behaviours (Adelaja et al., 2011, Lambin et al., 2003, Ward et al., 2007, Nguyen et al., 2017a, 

Nguyen et al., 2017b). Furthermore, Sengupta et al. (2000) highlighted that farmers use non-economic 

motivation for their land-use decisions. Land-use research has highlighted several primary factors that affect 

peri-urban farmers’ land-use decisions (Wu, 2008, Lambin et al., 2003). In varying situations, farmers have 

unique trade-offs between internalities and externalities (Nualnoom et al., 2016), represented by the 

combined effect of latent factors on their land-use decisions leading to complex land-use transitions (Parker 

et al., 2008b). 

Statistical analysis is an effective tool that is capable of testing hypotheses, theoretical assumptions and 

relevant factor rankings for building models to understand complex processes (Hooten and Wikle, 2010). 

The integration of statistical analysis in land-use and land-cover change (LULCC) models improves the 

potential to identify relative factor effects under controlled environments (Munroe and Müller, 2007). In 

non-hierarchical systems, empirical information representing land-use decision factors provides investigative 

pathways for exploring farming land-use decision behaviours (Bakker and van Doorn, 2009, Nualnoom et 

al., 2016). In land system science (LSS), exploratory data analysis methods are used to reduce the number of 

factors, describing the underlying latent factors and classifying the variables into groups (Lesschen et al., 

2005). Latent factor analysis (LFA) is an effective exploratory factor analytical method for reducing the 

series of factors to a manageable set of variables while describing underlying latent factors.  

The current research investigates the social, economic and environmental factors underpinning the 

decision-making behaviour of peri-urban farmers—the primary land-use decision makers—for the farmland 

around the city of Adelaide in South Australia. The specific research questions are: 

1. What are the characteristics of land-use decision makers in terms of participants’ age, education, 

income, production, farming life and motivations towards land management and land-use change?  

2. What are the latent factors governing farmers’ land-use decisions in this land system?  
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5.3 MATERIALS AND METHODS 

5.3.1 Study area 

This study analyses the input of agricultural landowners in peri-urban landscapes within a 60-km radius of 

Adelaide’s city centre (Figure 5.1 [a] [b]). Adelaide, with a population of 1.32 million (2016) is surrounded 

by agricultural landscapes to the north, south and, beyond the Hills Face Conservation zone, to the east. 

Rain-fed wheat, barley and canola; vineyards; olive orchards; irrigated vegetable cultivation; and pastures 

are the dominant agricultural land uses, and the land can be divided into zones of dryland (rain-fed) (DL) 

cultivation, horticultural land (HL) and grazing (LL) practices (Figure 5.1 [a] [b]), Wadduwage et al., 2017). 

Agricultural land parcels adjacent to the city vary from approximately 0.5–3000 ha. When South Australia 

was colonized from 1836 onwards, Adelaide was initially surrounded by large agricultural land parcels: over 

time, these have progressively increased through farm amalgamations and fragmentation as land has been 

incorporated into the city’s urban fabric with the expansion of the city’s peripheries (Figure 5.1 [a] [b]); 

Williams, 1966, Williams, 2017). 

Economic expansion has accelerated agricultural intensification and land fragmentation in these spatially 

heterogeneous landscapes (Bunker and Houston, 2003, Wadduwage et al., 2017, Ford, 1997). This 

heterogeneity extends to returns on investments (ROIs): business-oriented horticulturalists, vignerons and 

irrigated vegetable farmers receive higher economic returns per unit of land area (Houston, 2003) than either 

heritage or hobby farmers who are mainly engaged with livestock and dryland cultivation. Land-

management practices vary in response to markets and industries: different farms are also linked, for 

example, wine-overseas, organic, cereals-export, premium food and wine.  

Farmers in these areas have inherited diverse cultural and farming practices (Mediterranean, Asian) since 

the generation of migrant settlers that first came to Adelaide. The age of individual farmers, the nature of 

their unique farm businesses, and their individual preferences in terms of land management create internal 

influences in land-management decision making. Farmers in these areas are exposed to saline soils and 

experience extreme climatic conditions, such as storms and droughts, with a limited annual mean 

precipitation of 600–820mm (Australian Bureau of Meteorology, 2017). The limited accessibility of water in 

these areas has increased the demand for water resource management in State government land-governance 

policies (Bunker and Houston, 2003). In addition to these socio-economic and environmental externalities, 

local government land administration policies—restrictions on land uses, land subdivisions and increasing 

council rates—have had a substantial institutional impact on farmers’ land-use decisions. In 2012, the South 

Australian Government introduced a road map for city development (The 30-Year Plan for Greater 
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Adelaide) highlighting land-use allocations in peri-urban areas for urban development and primary 

production (Planning SA, 2010). Overall, Adelaide’s peri-urban farmers have their own trade-offs for 

making land-use decisions on their farm businesses, under the influence of both external and internal factors.  

         

Figure 5.1: a) Agricultural land use around the Adelaide city fringes categorized into three classes; and 

b) Farmers and other land managers sent questionnaires within 60 km of Adelaide CBD in three sectors  
Note: For (a), see Wadduwage et al. (2017) 

a) b) 
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Figure 5.2: Local newspaper articles reflecting Adelaide peri-urban farmers’ concerns on urban sprawl 

and labour on farms  
Note: a) Vegetable grower from Adelaide’s south-eastern fringes, b) Hydroponic farmer from Adelaide’s northern 

fringes close to the built-up area. 

Lettuce use foreign skills to grow 

b) Hydroponic farmer from northern Adelaide fringes close to the built-up area – South Australian grower 

Dino Musolino says the government fails to understand the skills needed to operate a hydroponic farm. 

The Australian (2013) 

Urban sprawl threat to food bowls 

a) Vegetable grower from Adelaide south-eastern city fringes – Mt Barker Brussels sprouts grower 

Leigh Samwell. A freeway exit loop is planned for part of his farm. The Advertiser (2011) 

Photograph has been removed due to copyright restrictions   

Photograph has been removed due to copyright restrictions   
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5.3.2 Primary data collection and analysis 

The questionnaire were designed to collect information on the farmers’ age, education, income, production, 

farming life and land-management motivations together with their land-use change preferences (Nulty, 2008) 

(Appendix C5). Their farming heritage, farming experience and their anticipation regarding their farms’ 

continuation were the key focus areas for the farming life, while three land-management motivations were 

provided for their ranking: (i) making good profit from the farm; (ii) caring for the farm environment; and 

(iii) being part of the local community, with these having been identified in agricultural land-use research 

(Vanclay, 2004, Hammond et al., 2017, Guillem et al., 2015). In addition, their perceptions were collected of 

28 influences that may have affected either the success of their farming enterprises (Table 5.1) or their 

decisions about land use (Table 5.2) (DiStefano and Morgan, 2014). Questionnaires were completed by 

people aged over 18 years who were managing a property on the land in question. The questionnaire adhered 

to a comprehensive set of standard ethical considerations which apply to social science research and was 

approved as Project 7043 by Flinders University Social and Behavioural Research Ethics Committee 

(Appendix C5).  

The questionnaire was posted to a sample of 1,650 agricultural landowners—550 farmers in the north, 

and 550 each in the east and south sectors (Figure 5.1[b])—from a population of over 5,200. The recipients 

were identified from trade directories while the land parcels corresponding to their farms were obtained from 

the State government’s land cadastral database (Department of Planning, Transport and Infrastructure, 2016). 

The overall response rate was 11.1% (183 responses), including 16 incomplete responses which were 

omitted from analysis. All questionnaires were coded with a unique ID representing the property location, so 

all responses could be linked to a geographic location. ArcGIS software (ESRI Corp.) was used to identify 

information about the corresponding land parcels (land use and land-parcel size) to cross-validate 

participants’ responses (Nulty, 2008). The 167 completed responses were used as a sample for statistical data 

analysis—north (40), east (60) and south (68)—from the Adelaide peri-urban areas, while representing a 

wider variety of farmers by production, land-use types and land-parcel sizes. 

Exploratory data analysis techniques in SPSS (IBM SPSS Statistics, Version 24 [formerly Statistical 

Package for the Social Sciences]) were used to analyse: (i) how landowners managed their land; (ii) land-use 

preferences amongst landowners and their motivations behind changing land uses; and (iii) farming life. In 

line with the two research questions, these exploratory statistical data analysis techniques were used to 

examine the sampled population (Figure 5.3) as follows: 

• Descriptive statistics and cross-tabulations were used to examine sample frequencies and 

http://www.flinders.edu.au/research/researcher-support/ebi/human-ethics/human-ethics_home.cfm
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dependencies among the prominent variables. 

• Exploratory factor analysis (EFA) was used to identify the underlying factors which affect farm 

success or land-use change.  

The EFA correlations or similarities between the variables were examined to discover the data patterns 

(Muthén and Muthén, 2009). A parallel analytical technique—polychoric correlation matrix (factor rotations 

in SPSS [see Appendix C5, 1])—was used to investigate participants’ responses by targeting the number of 

components that cause higher variance instead of random selections represented by eigenvalues, which are 

widely used in the research community (O’Connor, 2000). The primary data (influences) used for this 

analysis (Tables 5.1 and 5.2) were considered as independent variables. Mplus statistical software was used 

to investigate latent factors and corresponding factor loadings using the parallel analytical technique, 

Geomin rotated loadings (Klinke et al., 2010), which is based on weighted least squares means and variance 

adjustments (WLSMV), and regarded as superior to the maximum likelihood (ML) method (Beauducel and 

Herzberg, 2006). Two sets of latent factors were derived from two sets of primary influences: IFS: 16f for 

farm success (Table 5.1) and ILUC: 12f for land-use changes (Table 5.2) (Appendix C5, 2, 4). This 

separation assisted in maintaining the ratio of the number of factors: number of observations at above 1:10 

for this analysis (Arrindell and Van der Ende, 1985).  

 

 

 

 

 

 

 

 

Figure 5.3: Conceptual framework of the statistical data analysis  

Note: Section 1 consists of the primary data analysis (sample descriptive statistics) and EFA for factor reductions in 

Chapter 5. Section 2 consists of cluster analysis for profile identifications and validations in Chapter 6. 

 

Section 1 –  

Primary data analysis and 

exploratory factor analysis 

(in Chapter 5) 

 

 

Section 2 –  

Cluster analysis and 

validations (in Chapter 6) 

 

Questionnaire Survey  (Age, education, income, production, 

farming life  and motivations towards 

land management) 

Factors for  farm  success: 

(16F reduced to  3LF)  

Factors for land-use 

change: (12f reduced to 4Lf) 

Land-use decision profiles  –  4P (Classes) 

External 

validation 

In ternal 

validation 
Exploring 

profiles 

Sam ple descrip tive  

sta tis tics 
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Table 5.1: Influence on farm success (IFS) 

Factors (16F) 

1. Labour costs  

2. Farm maintenance costs  

3. Investments in new technologies 

4. Overall financial return on investment (ROI) 

5. Access to finance 

6. Crop insurance 

7. Water accessibility 

8. Soil fertility 

9. Long-term climate changes 

10. Severe climate events 

11. Selection of crop/livestock type 

12. Previous farming experience 

13. Neighbouring farmers’ crop/livestock choices 

14. Farming heritage of your family 

15. Having your own land 

16. Being part of a cooperative farming group 

Table 5.2: Influence on land-use change (ILUC) 

Factors (12f) 

1. Demand for your crop/livestock  

2. Infrastructure development 

3. Water price 

4. High market value for your land 

5. Other farmers willing to purchase land in your 

area 

6. Costs of changing land use 

7. Increasing water accessibility 

8. Drought conditions 

9. Decline in number of farmers from your ethnic 

group 

10. Encroaching urbanization in your area 

11. Government regulations on waste water or on 

farming practices 

12. Government land-use planning regulations 
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5.4 RESULTS 

5.4.1 Characteristics of farm landowners in sample 

Descriptive statistics encompassing demography, livelihoods, farming experience, preferences, motivations 

and beliefs were used to identify the characteristics of the 167 farm landowners (139 male, 26 female) who 

completed the questionnaire. Eighty-two percent (82%) were born in Australia. Participants’ ages ranged 

from 25 to over 75, with the most frequently occurring age band being 55–64 (Figure 5.4[a]). Over 89% had 

completed schooling to Year 10 as shown in Figure 5.4(b), while 73% had post-secondary qualifications. 

Many farmers participating in this survey resided in off-farm (Adelaide metropolitan) areas, while managing 

their farms on city fringes. People rearing livestock (37.2%) and owning vineyards (27.9%) comprised over 

half of the farmers surveyed (Figure 5.5[a]). One hundred and fifteen (115) participants sold their production 

at local markets, with almost equal numbers, 69 and 60, focused on national and export markets, respectively 

(Figure 5.5[b]).  

 

   

Figure 5.4: Sample’s descriptive statistics: a) age structure by year ranges; and b) highest level studied at 

school by year 

 

       

Figure 5.5: Sample’s descriptive statistics: a) frequency of agricultural production type; and b) frequency 

of primary market for their production 

 

The land-parcel sizes varied between 0.5 and 1,000 ha, with a median area of 18.5 ha. The two outliers of 
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2,000 and 3,000 ha represented large cereal farms at the outer limits of the 60-km buffer zone in the northern 

sector. Out of 167 participants, 140 confirmed that their production had single or multiple markets: the 

sample frequencies were single market (58); two markets (44); and three markets (38). 

Half of the participants were from farming families. Their farming industry experience varied from one 

year to more than 70 years (mean=29), while the number of years they had lived in the area varied from one 

year to 84 years (mean=31). Participants described their farming industry engagement as full-time 

commercial (48 participants); part-time commercial (44); traditional (43); and hobby farmers (67). 

Unsurprisingly, given this breakdown, over 47% of participants confirmed that less than 25% of their 

household income was generated off farm. In total, 60% of participants were either “somewhat certain”, 

“certain” or “very certain” about remaining in farming for the rest of their lives (Figure 5.6[a]), with 

“somewhat certain” being the most frequent response. Correspondingly, participants expected their 

engagement in farming in the future would be from one to 55 years (mean=13.5). In all, 57 participants 

(35%, n=162) stated that it was very unlikely that a family member would continue their farm business after 

their retirement (Figure 5.6[b]). In all, 41% (44, n=107) of participants who were aged over 54 years 

confirmed that it was very unlikely that their farm business would be continued by any of their family 

members (Table 5.4). 

 

        

Figure 5.6: Descriptive statistics of the farming life  

Notes: a) Remain as a farmer for life (VUC = very uncertain, UC = uncertain, SUC = somewhat uncertain, 

SC = somewhat certain, C = certain, VC = very certain); and b) Family member continues the farm business 

(VUL = very unlikely, U = unlikely, SU = somewhat unlikely, SL = somewhat likely, L = likely, VL = very likely) 

  

0

10

20

30

40

50

VUC UC SUC SC C VC

0

10

20

30

40

50

60

VUL U SU SL L VL

F
re

q
u

en
cy

 

b) Family member continues farm business a) Remain as a farmer for life 



 

101 

 

Table 5.3: Cross-tabulation of observed count for: Age ranges vs. Family member continues the farm 

business 

 

Participants ranked the importance of the three land-management motivations provided, namely, “making 

good profit from the farm”, “caring for the farm environment” and “being part of the local community” in a 

range of unimportant to very important (Figure 5.7). All three were ranked I=important or VI=very important 

by most landowners. Interestingly, VI=very important dominated the responses of “making good profit” 

from the farm and “caring for the farm environment”, while receiving substantially lower numbers for “being 

part of the local community”. In addition, only one participant considered “caring for the farm environment” 

as unimportant, though 20 and 8 participants considered “making a profit” and “being part of the 

community” unimportant, respectively. 

    

Figure 5.7: Land management motivations 

Note: The motivations: “making good profit from the farm”, “caring for the farm environment” and “being part of the 

local community” were ranked as UI = unimportant, MaI = marginally important, MoI = moderately important, 

I = important and VI = very important. 

5.4.2 Land-use decisions 

Using a 4-point Likert scale (“unlikely”, “somewhat unlikely”, “somewhat likely” and “likely”), participants 
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were asked to describe which of the following land-use decisions they would make—change farming 

practices, sell the whole farm, subdivide and sell a part of their land, or lease the land—if, in a hypothetical 

situation, their farming business was unsuccessful.  

 

 

Figure 5.8: Land-use change decisions on the farm being unsuccessful 

Note: U = unlikely, SU = somewhat unlikely, SL = somewhat likely and L = likely. 

The highest preference was to retain their land by changing their farming practices, although selling the 

land was the second-most likely option (Figure 5.8). Few landowners opted to subdivide and sell part of their 

farms or to lease their land. This suggests a dichotomy between keepers and sellers, which is picked up in the 

following discussion. The relationships between the two most frequent responses—changing farming 

practices and selling the entire farm—and participants’ ages are illustrated in Figures 5.9(a) and 5.9 (b). 

Overall, landowners of all ages exhibited a higher preference for changing farming practices rather than 

selling. The tendency to change farming practices was most marked in age groups from 34–44 and 55–64; 

however, among landowners older than 65, the gap between “likely to change” and “unlikely to change” 

narrowed (Figure 5.9[a]). Figure 5.9(b) shows that the relationship was more complicated between selling 

the farm and participants’ age groups. Most of the younger landowners (25–44) and older landowners (> 55) 

were unlikely to sell their land, while those aged between 45 and 54 would most likely sell their entire farm. 

Despite these qualitative trends, 2 test results with likelihood ratios > α=0.05 demonstrated that no 

significant relationships existed between participants’ age groups and their land-use decisions.  
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Figure 5.9: Participants’ land-use decisions by age group  

Note: a) Changing the land use, b) Selling the land: U = unlikely, SU = somewhat unlikely, SL = somewhat likely, 

L = likely. 

Figure 5.10 illustrates the variations in participants’ land-use decisions by production type. A significant 

number of participants in all four production types indicated a relatively high tendency to make land-use-

change decisions if the farm were unsuccessful. Livestock owners and vineyard owners showed the least 

preference for changing land-use practices, while vegetable growers had the highest tendency to change. 

However, regardless of production type, landowners were more likely to change farming practices rather 

than sell their farms (Figure 5.10). Yet again, 2 tests with likelihood ratios > α=0.05 demonstrated that no 

significant direct relationships existed between participants’ production types and their land-use decisions. 

 

     

       

Figure 5.10: Land-use decisions by agricultural industry production type 

Note: a) Livestock, b) Wine, c) Wheat, d) Vegetables: (U = unlikely, SU = somewhat unlikely, SL = somewhat likely, 

L = likely). 
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5.4.3 Factors with influence on farm success (IFS) and land-use change (LUC) 

Participants were asked to describe the importance of 16 factors (IFS) in terms of success in their farm 

enterprise on a Likert scale ranging from “unimportant” (1) to “very important” (5). Mean scores were 

calculated and plotted on a radar diagram (Figure 5.11). Participants identified three economic factors (“farm 

maintenance costs” [F2], “overall financial return on investment” [ROI] [F4] and “having your own land” 

[F15]); environmental factors (“water accessibility” [F7], “soil fertility” [F8] and “long-term climate 

changes” [F9]); and industry-specific factors (“selection of crop/livestock type” [F11] and “previous farming 

experience” [F12]) as the most important in managing a successful farm.  

 

Figure 5.11: Mean responses for 16 factors (16F) 

considered for farm success 

Note: 1 = unimportant, 2 = marginally important, 

3 = moderately important, 4 = important, 5 = very important 

Figure 5.11 illustrates the variations in participants’ responses for each factor in its influence on farm 

success (IFS), within a common range of minimum (“unimportant” = 1) and maximum (“very 

important” = 5). The inter-quartile ranges (IQRs) in the box plots represent the clustered responses between 

Q1 and Q3 (Q1 = 25th percentile and Q3 = 75th percentile), indicating the precision of participants’ responses 

for each factor. For example; variations in participants’ responses for F2 (“farm maintenance costs”) and F16 

(“being part of a cooperative farming group”) were limited to the two extreme ratings, “very important” (5) 

and “unimportant” (1), respectively. This is also shown in the comparison of returns on investment (ROIs) in 

F2 (“farm maintenance costs”) and F7 (“water accessibility”). Although the IQRs of F2 and F7 are between 

“important” (4) and “very important” (5), most responses to F7 indicated the stronger rating of “very 

important” (5), unlike participants’ responses to F2, with the F7 median greater than the median for F2. 
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Table 5.4: Influence on farm success (IFS)  

Factors (16F) 

F1.   Labour costs  
F2.   Farm maintenance costs  

F3.   Investments in new technology 
F4.   Overall financial return on investment (ROI) 
F5.   Access to finance 
F6.   Crop insurance 

F7.   Water accessibility 
F8.   Soil fertility 
F9.   Long-term climate changes 

F10. Severe climate events 
F11. Selection of crop/livestock type 
F12. Previous farming experience 
F13. Neighbouring farmers’ crop/livestock choices 

F14. Farming heritage of the family 
F15. Having your own land 
F16. Being part of a cooperative farming group 
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Figure 5.12: Factors influencing farm success with upper (Q3) and lower quartiles (Q1)  

Note: Importance ranges from 1 = unimportant, 2 = marginally important, 3 = moderately important, 4 = important, 

5 = Very Important. 

Participants also rated the importance of 12 factors in influencing their decisions about land use if the 

farm were unsuccessful, again using a Likert scale ranging from “unimportant” (1) to “very important” (5), 

with these illustrated on a radar diagram (Figure 5.13). Two economic factors (“water price” [f3] and “high 

market value for your land” [f4]); two environmental factors (“increasing water accessibility” [f7] and 

“drought conditions” [f8]); and an institutional factor (“government land-use planning regulations” [f12]) 

were highly important in participants’ land-use decisions if the farm were unsuccessful. 
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Figure 5.13: Mean responses for 12 factors considered 

important in land use decision-making if a farm is 

unsuccessful 

Note: 1 = unimportant, 2 = marginally important, 3 = 

moderately important, 4 = important, 5 = very important 
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Table 5.5: Influence on land-use change 

(ILUC) 

Factors (12f) 

f1. Demand for your crop/livestock  

f2. Infrastructure development 

f3. Water price 

f4. High market value for your land 

f5. Other farmers willing to purchase land in your 

area 

f6. Costs of changing land use 

f7. Increasing water accessibility 

f8. Drought conditions 

f9. Decline in number of farmers from your ethnic 

group  

f10. Encroaching urbanization in your area 

f11. Government regulations on waste water or on 

farming practices. 

1.  
f12.Government land-use planning regulations  
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Figure 5.14: Factors influencing land-use change with upper (Q3) and lower quartiles (Q1)  

Note: Importance ranges from 1 = unimportant, 2 = marginally important, 3 = moderately important, 4 = important, 

5 = very important. 

Figure 5.14 uses box plots to illustrate the variations in participants’ responses for each factor influencing 

land-use change (ILUC) with responses ranging from minimum (“unimportant” [1]) to maximum (“very 

important” [5]). For example, in the comparison of f1 (“demand for crops/livestock”) and f2 (“infrastructure 

development”), although both factors showed median responses in the “important” scale as (4) “likely”, the 

more clustered responses in “very important” (5) for f1 showed that participants selected f1 over  f2, for their 

land-use change decisions. Also, in the comparison of f3 (“water price”) with f4 (“high market value for the 

land”) shows that participants rated f3 as being more important than f4, as the higher number of responses 

were clustered in the 4–5 range on the “likely” scale which was further confirmed by the f3 median being 

greater than the f4 median. 

5.4.4 Latent factor dimensions  

Using EFA, three latent factors were identified from the 16 variables (factors) that are concerned with having 

an influence on farming enterprise success (IFS). These latent factors can be defined by considering their 

correlation patterns with the IFS’s different factor groups (Table 5.6).  

Level of importance 
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• Latent factor 1 (LF1) primarily has high factor loadings for economic factors (F1–F6), ranging 

from 0.56 for “farm maintenance costs” to 0.77 for “labour costs”, “investments in new 

technology” and “overall financial return on investment”. It also has moderate loadings for being 

“part of a cooperative farming group”, the “farming heritage of the family” and the “selection of 

crop/livestock type”. It has no loadings greater than 0.25 on any of the environmental factors. 

• Latent factor 2 (LF2) has very high loadings on three of the four environmental factors— “water 

accessibility” (F7), “long-term climate changes” (F9) and “severe climate events” (F10)—as well 

as a moderate loading (0.48) on “soil fertility”. It also has moderate loadings on “farm 

maintenance costs” (F2) and “neighbouring farmers’ crop choices” (F13). 

• Latent factor 3 (LF3) has high factor loadings on F12 (“previous farming experience”) and F14 

(“farming heritage of the family”), although neither are as high as the highest loadings for LF1 and 

LF2. Interestingly, in line with LF2, it also has moderate loadings on “soil fertility”, “farm 

maintenance costs” and “farming heritage of the family”. 

Table 5.6: Factor reduction from 16F to 3LF with influence on farm success (IFS) 

Factor rotation matrix (Geomin rotated loadings) 

  

Note: Factor loadings < 0.25 are suppressed 

  

LF1 LF2 LF3 F-ID Factors (IFS)

0.77 F1. Labour costs

0.77 F3. Investments in new technology

0.77 F4. Overall financial return on invest

0.71 F5. Access to finance

0.66 F6. Crop insurance

0.56 0.27 F2. Farm maintenance costs

0.47 F16. Being part of a cooperative farming

0.45 F11. Selection of crop/livestock type

0.87 F9. Long term climate changes

0.82 F10. Severe climate events

0.76 F7. Water accessibility

0.48 0.30 F8. Soil fertility

0.30 0.62 F14. Farming heritage of the family

0.60 F12. Previous farming experience

0.45 0.34 F13. Neighbouring farmers’ crop/livestoc

0.29 0.27 F15. Having your own land

Latent Factor Classification
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Table 5.7: Factor reduction from 12f to 4Lf with influence on land-use change (ILUC) 

Factor rotation matrix (Geomin rotated loadings) 

 

Note: Factor loadings < 0.25 are suppressed 

N/A = not applicable for identifying the latent factors. 

Four latent factors were identified from the 12 factors which participants considered in the context of land-use 

decision-making, under influence on land-use change (ILUC) (Table 5.7). These four factors are as follows: 

• Latent factor 1 (Lf1) has very high factor loadings ranging from 0.62–0.99 on “infrastructure 

development” (f2), “water price” (f3) and “increasing water accessibility” (f7). It also has a 

moderate loading on “government regulations on waste water or farming practices” (f11), 

representing the high level of concerns of multi-functional farmers about water accessibility and 

infrastructure development in the area.  

• Latent factor (Lf2) has two very high factor loadings of 0.77 for “other farmers willing to purchase 

land in the area” (f5) and 0.99 “high market value for your land” (f4), as well as a moderate value 

for the “costs of changing land use” (f6), representing factors that agricultural land sellers 

consider, such as land market prices and the availability of buyers in the area.  

• Latent factor (Lf3) obtained a correlation factor loading greater than 0.6 for “costs of changing 

land use” (f6), “drought conditions” (f8) and “encroaching urbanization in the area” (f10), with 

these factors representing the mixed importance of land-change cost, droughts and urbanization 

that are of significant concern among heritage farmers with larger rain-fed cereal crops and 

grazing farmland.  

Lf 1 Lf 2 Lf 3 Lf 4 F-ID Factors (ILUC)

0.99 f7.       Increasing water accessibility

0.67 f2.       Infrastructure development

0.62 f3.       Water price

0.99 f4.       High market value for your land

0.77 f5.       Other farmers willing to purchase land

0.30 0.74 f11.     Government regulations on waste water

0.36 0.61 f12.     Government land-use planning regulations 

0.84 f8.       Drought conditions

0.72 f10.     Encroaching urbanization in your area

0.26 0.60 f6.       Costs of changing land-use

N/A N/A N/A N/A f1.       Demand for your crop/livestock

N/A N/A N/A N/A f9.       Decline farmer from your ethnic group

Latent Factor Classification  
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• The fourth factor (Lf4) obtained high loadings on institutional factors (government regulations on 

waste water or farming practices (f11) and government land-use planning regulations (f12), 

respectively) reflecting the factors that are considered significant by farmers involved in intensive 

farming practices—hydroponic and poultry industries—in the study area. 

 

     

a) Heritage vineyard              b) Commercial farmland 

    

c) Intensive horticultural – hydroponic farm           d) Multi-functional farmland 

 

Figure 5.15: Aerial imagery of identified major land-use categories  
Note: a) Heritage; b) commercial; c) intensive; and d) multi-functional farming practices on the fringes of Adelaide. 
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5.5 DISCUSSION 

5.5.1 Characteristics of peri-urban farmers  

Most survey participants from the peri-urban areas of Adelaide were Australian-born males aged between 55 

and 74 who had completed their secondary schooling. Even though farmers had competitive commercial 

interests on the fringes (Wu et al., 2011), they had a median of 30 years of farming experience and 26 years 

of farming history in their current farm areas, demonstrating their agricultural heritage and attachment to 

farming. Currently, however, a significant proportion (over 50%) of farmers in the areas around Adelaide do 

not reside on the land they are managing. The argument on heritage and attachment is supported by the fact 

that 47% of participants generate less than 25% of their household income from their farms. This might 

suggest that profitability is not a major motivation; however, 67% of the same participants indicated that 

making a good profit on one’s farm was either “very important” or “important” to them (Figure 5.6).  

The dominant types of land use in the sample—grazing land for livestock rearing and vineyards for wine 

production—accounted for 65% of farms. The wide range of land-parcel area (0.5–1000 ha) indicates the 

heterogeneous nature of land use in the peri-urban zone. The smaller median land-parcel size of 18.5 ha 

represented intensive vegetable cultivation and vineyards with higher economic returns than the more 

extensive grazing land and cereal fields. In addition, Figure 5.4(b)’s results confirmed the contribution of 

peri-urban farmers to the local food supply in Adelaide—feeding more than 1.3 million people—by the 

highest number of participants confirming that their production has a local market.  

Prior land-use research (Zasada, 2011, Jat et al., 2017, Irwin and Bockstael, 2007, Brown and McCarty, 

2018, Serra et al., 2017) has highlighted the heterogeneous characteristics of peri-urban land use with its 

intensive and specialised farming elements, and multi-functional agricultural practices and heritage farms 

contrasting strongly with rural agricultural landscapes. The findings of this research indicated the high 

presence of hobby farmers, multi-functional horticultural land uses and elderly heritage farmers, confirming 

these peri-urban agricultural land-use characteristics on Adelaide’s fringes. Walcott et al. (2013) 

demonstrated that Australian agricultural production patterns are the result of complex human–environment 

land systems, which depend on underlying non-random processes and structural set-ups in different 

geographies. The overall reluctance showed by participants regarding changing land use or selling the land in 

a situation in which their farm was not financially viable (Figure 5.9, all four production types) demonstrates 

the unique structural and functional arrangements that are entangled with socio-economic factors and long-

term heritage farming; for example, two well-known world winery heritage regions (the Barossa Valley and 

McLaren Vale) are located on the Adelaide city fringes. Furthermore, proven long-term living (0–84 years, 

mean = 31), farming industry experience (0 to > 70 years, mean = 29) and the mix of farming industry 

engagements (commercial, traditional and hobby farming) provide evidence of the unique nature of farming 
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on the fringes of Adelaide. 

Individual landowners’ expectations and motivations are important in understanding the accumulated 

land-use decision-making behaviour on any one farm or land parcel (Bakker and van Doorn, 2009), with the 

sum of these aspects leading to complex land-transition processes on urban fringe landscapes. Participants in 

this research indicated their limited expectations for active farming (median of 10 years) but had a higher 

expectation of remaining in the farming business for the rest of their lives. This, in turn, would lead to 

increasing demand for labour, automation and agricultural intensification—for example, land leased for 

higher economic returns—to maintain the future sustainability of their farming business. Moreover, 

participants (particularly 44% of the participants who were aged over 54, as shown in Table 5.3) had a high 

level of uncertainty about the continuation of their farming business by any of their family members, thus 

exposing these land uses to the anticipated urban sprawl. Other factors considered in landowners’ land-use 

decisions—lifestyle, health and family—further added to their uncertainty about the continuation of their 

farming business. This demonstrates the effect of farmers’ land-use decisions on both local socio-economic 

transitions and accommodation of urban sprawl on the city fringes. 

Of the three tested land-management motivations, the overall interest in “caring for the farm 

environment” (Figure 5.6) and the existence of different farmer groups (commercial, traditional and hobby) 

in the study area, complied with Vanclay’s (2004) statements “profit is not the main driving forces of 

farmers” and “farmers are not all the same”, respectively. In contrast, the lower level of responses by 

participants who believed in the importance of being in a local farming community showed that the 

statement “farming is a social practice” is invalid in peri-urban areas. Correspondingly, this point was 

reconfirmed by participants who ranked the factor “being part of a cooperative farming group” as 

unimportant as an influence on farm success (IFS) (Figure 5.10). This further describes the peri-urban 

farmers’ individuality compared to that of rural farmers, as peri-urban farmers operate under the extremes of 

the urban economy and institutional regulations on land-management practices (Wu, 2008).  

The land-use decision preferences of participants varied with their age and farming industry engagement 

in the hypothetical situation of a farm being unsuccessful. The overall higher preference for changing 

farming practices and remaining on the land indicates that these farmers were reluctant, as a first priority, to 

consider selling their land if their farm were not financially viable or if they were unable to continue farming 

due to personal circumstances. In addition, their responses reconfirm their attachment to farming and a rural 

lifestyle.  

Although statistically no significant relationship exists between participants’ age groups and their land-

use decisions, landowners aged between 45 and 74 years tended to make more land-use change decisions, 

compared to younger and older farmers. This proves their limited expectation of continuing farming in the 
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study area. The propensity for the older group to sell is most likely based on their desire to retire and raise 

capital for their retirement by selling their farms, especially as many of them already live elsewhere. For 

younger farmers, a wider range of reasons is possible, ranging from, for example, inheriting land they do not 

wish to farm, through to needing to raise capital for another enterprise, for a house purchase, or to attain 

some level of financial stability.  

The resistance demonstrated by participants in all production types to selling their farmland as the first 

choice in this situation reconfirms the existence of heritage and hobby farmers. Although the Chi-square test 

confirmed the non-existence of any direct relationship between land-use decisions and representative 

production types, results indicate that vegetable landowners are more likely to make land-use change 

decisions if their farm is unsuccessful, compared to landowners with livestock or winery land uses on larger 

land parcels. The land-use characteristics of the intensive vegetable production group—with small land-

parcel sizes and the associated lower land-use change cost—demonstrate the feasibility of the 

implementation of new land-management practices by this group compared to the other production groups. 

5.5.2 Latent factors 

In terms of the 16 IFS factors, participants identified farm maintenance cost, accessibility for natural 

resources and farm ownership as factors of higher importance for their land-use decisions (Figure 5.10), 

reflecting the key challenges experienced by farmers on the Adelaide city fringes. The rising cost for farm 

maintenance was due to competitive markets and highly regulated land-management practices on the fringes. 

As Adelaide is a city experiencing water scarcity and soil salinity, farmers in these areas have their farming 

opportunities confined by the limited accessibility of natural resources. Land ownership has a significant 

impact on farmers surviving in a long-term agri-business as they experience frequent income fluctuations 

under highly regulated planning restrictions. 

The emergence of these three latent factors (LFs) through the EFA-3LF process (Table 5.6) demonstrates 

the importance of additional factors which participants did not rank under IFS as being the most significant. 

The economic aspects of LF1—labour cost, investment in new technology and overall return on investments 

(ROIs); the environmental aspects of LF2—long-term climate changes and severe climate events; and the 

social aspect of LF3—heritage farming experience—have a higher impact on farmers’ land-use decisions. 

These socio-economic and environmental aspects are the key considerations for long-term sustainable 

farming on city fringes under conditions of an expanding economy with urban sprawl. 

Based on participants’ consideration of the 12 ILUC factors (Figure 5.12), the following factors were 

identified as needing higher consideration for their land-use decisions—rising property values and demand 

for natural resources—reflecting the common challenges experienced by landowners on the fringes. The 
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higher mean values provided by participants for economic factors (water price) and environmental factors 

(water accessibility and droughts) demonstrate the effect of limited water availability for agricultural 

practices in Adelaide, as recorded by Bunker and Houston (2003) on water-regulated land-management 

practices in the greater Adelaide areas. This is an example of peri-urban farmers prioritising environmental 

and economic factors in their land-use decisions, as described by Wu et al. (2011). In addition, the higher 

values provided for government planning regulations on land-use management reflect participants’ higher 

concern about these factors in their land-use decisions, compared to less regulated rural agricultural 

practices.  

However, the four emergent latent classes (4Lf) (Table 5.7), based on ILUC, demonstrate the connections 

between the factor with higher loadings and peri-urban farmers’ land-use decision priorities in Adelaide. 

Latent factor 1 (Lf1) showed the combined effect of the primary factors—demand for water, infrastructure 

development and land-governing regulations—mostly considered by landowners involved in large-scale 

farming businesses/multi-functional farming, such as wineries with cellar doors, in their land-use decisions. 

The factors of concern to farmers intending to sell their farmland were demonstrated by the latent factor 2 

(Lf2) which showed the combined effect of higher property values and the availability of farm buyers in 

these areas (Zasada, 2011). The third latent factor (Lf3) showed prominent higher factor loadings for urban 

sprawl, drought conditions and costs of changing land use which are highly considered by heritage farmers 

engaged in long-term stable farming practices (Adelaja et al., 2011). The fourth latent factor (Lf4) showed 

the combined effect of local government regulations on waste water and land-use planning with higher factor 

loadings, which were of high concern to landowners with intensified vegetable garden practices in their land-

use decisions in the proximity of built-up areas (Bunker and Houston, 2003).  

From the 28 factors considered, the factor reduction techniques assisted in successfully identifying seven 

latent classes. The statistical representation of participants’ preference for these factors in both situations 

(IFS and ILUC) did not recognize those factors that emerged through the latent factors as important. Overall, 

these facts demonstrate the importance of identifying latent factors in exploring the drivers behind farmers’ 

decisions, as this process provides additional factors which have substantial impacts on land-use decisions on 

city fringes.  

5.5.3 Opportunities and limitations 

The derived connections between the factors (IFS and ILUC) and the latent factors are useful for 

underpinning the key drivers behind peri-urban farmers’ land-use decisions that lead to complex land-

transitional processes. Identification of these drivers and the associated primary factor influence have 

potential contributions to make in describing complex land-use changes on city fringes through the 

understanding gained on the relevant causes and effects. Furthermore, the knowledge of these key drivers is 
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essential for addressing the methodological challenges in modelling complex land-use changes by improving 

the parameter inputs for justifiable results. 

The main limitations of this approach are the limited response rate received from participants due to their 

off-farm residences and the competitive nature of farming businesses in these peri-urban areas that can also 

be experienced in similar geographies. The limited responses (the ratio of primary factors: number of 

responses < 1:10) can restrict the use of statistical analysis tools—for example, EFA—by violating the 

required preconditions. The multiple data-collection techniques—direct contact in market gatherings, 

corporate farmers’ meetings and cultural events—proved to be useful in increasing the response rate. In 

terms of distributing the survey questionnaires, the use of email was less effective than postal surveys (Shih 

and Fan, 2009, Nulty, 2008). 

5.6 CONCLUSION 

In human-coupled land systems, land-use change decisions determine the complex land transitions leading to 

land-use change and cover change (LULCC) in these landscapes (Parker et al., 2008b). This study focuses on 

peri-urban farmers’ land-use decisions on city peripheries predominantly surrounded by farmland under the 

pressure of urban sprawl. Limited understanding of key drivers behind farmers’ land-use decisions, with both 

internal and external insights, forms the methodological challenges in conceptualising the land-use change 

model simulations under unclear parameter inputs. 

This study’s statistical investigations confirm the non-significant relationships between landowners’ land-

use decisions and their age group or production type, while providing descriptive statistics to demonstrate the 

general characteristics of farmers on the Adelaide city fringes. The factor dimension reduction methods used 

in this exploratory approach show the possibility of identifying latent factors in terms of the primary 

influencing factors (IFS and ILUC) considered for the analysis. The connections developed between the 

primary influencing factors and the derived latent factors are important in identifying the key drivers behind 

farmers’ land-use decisions on city fringes.  

Therefore, this study demonstrates the advantage of using EFA for improving knowledge of the factors 

which drive farmers’ land-use decisions, while ensuring justifiable inputs for farmers’ land-use decision 

behaviours in modelling complex agricultural transitions. Despite the current study being restricted to 

Adelaide, this approach can be used in different geographies by identifying the associated primary factors 

that influence farmers’ land-use decisions. 
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CHAPTER 6 – PERI-URBAN FARMERS’ LAND-USE DECISION-MAKING 

PROFILES  

As a continuation of the previous research approach in Chapter 5, this chapter 

investigates peri-urban farmers’ land-use decision-making profiles and the 

associated decision rules for conceptualising the agent-centric models targeting 

the exploration of agricultural land-transition phenomena on the Adelaide city 

fringes. By considering the questionnaire survey responses (in Chapter 5) as the 

source data, this chapter statistically investigates the suitable number of 

decision-making profiles and decision behaviours in connection with the 

previously identified latent factors and the primary influences on land-use change 

decisions.  

Contributions to knowledge:  

• Derived land-use decision-making profiles in terms of farmers’ land-management motivations. 

• Identified the profiles’ land-change decision behaviours in terms of their properties and the decision 

rules for complex land-system modelling. 

6.1 ABSTRACT 

The decisions of peri-urban farmers about land use make substantial contributions to urban sprawl in farming 

landscapes on the fringes of cities. These decisions are fundamental in developing agent-centric bottom-up 

models of complex land transitions in peri-urban geographies. Therefore, the identification of target agents 

and their decision-making behaviours is a key methodological challenge for developing agent-based model 

(ABM) simulations of peri-urban farmland transitions. In this study, non-hierarchical cluster analysis was 

used to identify and characterize the profiles of groups of farmers through their anticipated land-use decision 

behaviours based on an analysis of farmers on the urban fringes of Adelaide. The profiles derived were 

validated internally and externally using the primary land-change factors selected by survey participants. 

Moreover, empirical justifications were used to cross-reference the profile properties and decision 

behaviours. The four farming profiles derived were: P1 = heritage farming interest; P2 = commercial farming 

interest; P3 = selling the farmland; and P4 = multi-functional/hobby farming interest. A multiple cluster 

comparison post hoc test provided evidence of a significant difference in characteristics of the P3 profile 

(P3)—selling the farm—compared to the other profiles, with this having the highest impact on peri-urban 

land transitions. In this approach, the results demonstrate the possibility of identifying land-use decision-

making profiles by farmers’ motivations toward land management, instead of their demography, production 
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type or financial status that have generally been used in land-change studies. This method can be replicated 

in different peri-urban geographies for exploring land-use decision-making profiles based on farmers’ 

response patterns.  

6.2 INTRODUCTION 

Contemporary land systems research identifies the human and bio-physical processes that drive land-change 

processes in diverse socio-economic, cultural and environmental situations (Lambin et al., 2000, Lambin et 

al., 2003, Parker et al., 2008b, Liu et al., 2007). Agent-based models (ABMs), which are often represented as 

agent-centric land-use models in land-change science, capture human decisions through the definition of the 

agents and their decision-making behaviours (Sterman, 1989). These models have methodological advances 

over conventional land-change models, as improvements are incorporated in the empirical, behavioural and 

heuristic knowledge of the modelled land systems (Axelrod and Tesfatsion, 2006, Filatova et al., 2013). The 

definition of target agents’ areas of autonomy (their properties and functions, as well as the decision rules) 

are important in developing ABMs, as this oversees agents’ interactions and decision behaviours in the 

associated model environments (Parker et al., 2003). In terms of modelling the behaviour of a target group, 

improved knowledge about the heterogeneity of agents in the group, that is, differences between agents in 

terms of their properties and decision rules, are key to making assumptions when developing ABMs (Kaye-

Blake et al., 2010). However, the capture of these data is challenging in peri-urban complex land systems, as 

farmers (agents) experience multi-dimensional influences ranging from socio-economic to psychological 

variables when making their land-use decisions. 

Research on farmers’ land-management decisions has shown that they have different priorities, 

understandings, issues and values (Vanclay, 2004, Wu, 2008) which interplay with their individual 

experiences and the opportunities provided by farmland resources (Aalders, 2008). Generally speaking, peri-

urban farmers have specific land-use decision behaviours with multiple priorities for managing their farms 

(James, 2014, Bakker and van Doorn, 2009). Exploring farmers’ land-use decision-making profiles and 

decision similarities—decision patterns—is important in understanding the rationalities behind farmers’ 

land-change decision behaviours (Magliocca et al., 2013). However, the concerns behind farmers’ land-use 

decisions are often unseen and difficult to identify due to privacy matters (Aalders, 2008). 

Land-use change research has shown that primary factors, such as the socio-economic and environmental 

setting, and land-use regulations, strongly influence land-use decision making (Wu, 2008, Lambin et al., 

2003). This includes the non-economic motivations for farmers’ land-use decisions, such as maintaining the 

farm lifestyle, their past experience and observations of neighbouring farmers (Sengupta et al., 2000). In the 

peri-urban complex land systems, farmers’ heterogeneous land-use decisions are not organized in a decision 
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tree with a sequence of actions. In these non-hierarchical land systems, decision-pattern identification 

amongst land agents has two main methodological challenges: (i) identify the groups of farmers that make 

similar patterns of decisions—the decision-making profiles; and (ii) identify the decision-making behaviours 

of the derived profiles. 

The land-use modelling experts recognize the importance of adapting the data, parameters and validation 

to the modelling processes to increase the user’s confidence in the models. However, many land-use 

modelling applications have given less attention to model verification and validation than they might have 

done (van Vliet et al., 2016, Robinson, 1997), while few studies have acknowledged the practical difficulties 

of incorporating new data for validation (Mörtberg et al., 2013, Verburg et al., 2012). Many agent-centric 

land-change models have demonstrated the advantages of conducting internal and external validations 

through the use of empirical data (Caillou, 2012, Ligtenberg et al., 2010, Villamor et al., 2013). In particular, 

ABM research targeting the high process accuracy of system dynamics has emphasised the importance of 

empirical validation (Berger and Schreinemachers, 2006), as the validity of these models is contingent on the 

modelling outputs matching real-world processes (Brown et al., 2005b). As this study focused on identifying 

a set of representative land-use decision-making profiles for an anticipated ABM with higher process 

accuracies, the profile validations are important for identifying the agents’ areas of autonomy in order to 

parameterise the agents in the land system. Validation through the data used for deriving the profiles 

analysed (internal validation) and validation through the data not used in deriving the profiles (external 

validation) were incorporated in this research.  

The study focuses on the identification of peri-urban farmers’ land-use decision-making profiles and their 

decision-making behaviour in the context of peri-urban land systems, to identify the agents’ areas of 

autonomy in the anticipated ABM in order to parameterise the agents. The farmer—the land agent—is 

defined in this research as the individual or group of people who make the primary decisions on land use, 

including land managers, tenants or off-farm landowners. 

The specific research objectives are to: 

i) Identify the land-use decision-making profiles to represent the farming population. 

ii) Identify the decision-making behaviour of these derived profiles 

iii) Internal and external validation of the decision-making behaviours of these derived profiles. 

In this approach, the decision-making profiles were investigated by survey participants’ decision patterns, 

while exploring the decision-making behaviours through responses of the corresponding grouped 

participants. Statistical data analytical methods were used to identify the decision-making profiles and the 

decision-making behaviours while using the primary factors and the previously derived latent factor 

connections for internal and external validations. 
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6.3 METHODS 

Responses to a survey questionnaire about farmers’ land-use decisions completed by 167 farmers located on 

the fringes of Adelaide (Chapter 5) were used to derive the profiles of land-use decision-making behaviour. 

Figure 6.1, Section 2 ‘Cluster Analysis and Validations’ mainly focuses on responses to participants’ 

primary concerns (Influence of Farm Success [IFS] in Table 6.1 and Influence on Land-Use Change [ILUC] 

in Table 6.2), their motivations in managing their farms, and their preferred land-use decisions given the 

hypothetical situation that their farm became unsuccessful, that is, not financially viable for continuing the 

farming business (i.e. survey questionnaire questions 4, 8, 9 and 10 [Appendix C5]). Furthermore, the 

derived latent factors in Section 1 (Chapter 5, Table 5.6 ‘Factor reduction from 16F to 3LF’ and Table 5.7 

‘Factor reduction from 12f to 4Lf’) make connections between the primary factors and the identified decision 

preferences of the profiles.  

 

 

 

 

 

 

 

 

 

Figure 6.1: Conceptual framework of the statistical data analysis 
Notes: Section 1: consists of primary data analysis (sample descriptive statistics) and EFA for factor reduction in 

Chapter 5. Section 2: consists of cluster analysis for profile identifications and validations in Chapter 6. 

  

 

Section 1 –  

Primary data analysis and 

exploratory factor analysis 

(in Chapter 5) 

 

 

Section 2 –  

Cluster analysis and 

validations (in Chapter 6) 

 

Questionnaire Survey  (Age, education, income, production  type, 

farming life  and motivations towards 

land management) 

Factors for influence on 

farm  success (IFS) (16F 

reduced to  3LF) 

Factors for influence on land-

use change (ILUC) (12f reduced 

to 4Lf) 

Land-use decision-making 

profiles: 4P (Classes) 

External 

validation 

In ternal 

validation 

Exploring 

profiles 

Descriptive  sta tis tics  of sample of 

farmers 



 

120 

 

 

Table 6.1: Influence on farm success (IFS) 

Factors (16F) 

1. Labour costs  

2. Farm maintenance costs  

3. Investments in new technologies 

4. Overall financial return on investment 

5. Access to finance 

6. Crop insurance 

7. Water accessibility 

8. Soil fertility 

9. Long-term climate changes 

10. Severe climate events 

11. Selection of crop/livestock type 

12. Previous farming experience 

13. Neighbouring farmers’ crop/livestock 

choices 

14. Farming heritage of your family 

15. Having your own land 

16. Being part of a cooperative farming group 

Table 6.2: Influence on land-use change (ILUC) 

Factors (12f) 

1. Demand for your crop/livestock 

crop/livestock 2. Infrastructure development 

3. Water price 

4. High market value for your land 

5. Other farmers willing to purchase land in 

your area 

6. Costs of changing land use 

7. Increasing water accessibility 

8. Drought conditions 

9. Decline in number of farmers from your 

ethnic group  

10. Encroaching urbanization in your area 

11. Government regulations on waste water or 

on farming practices 
12.  12. Government land-use planning regulations 
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Exploratory cluster analysis (ECA) is a method of investigating patterns among participants—across a set 

of categorical variables—for grouping them into class variables (profiles/groups of participants) (Kaufman 

and Rousseeuw, 2009, Halkidi et al., 2001) with this process also categorical (Hadzi-Pavlovic, 2009). In land 

system science (LSS), ECA has been used to identify land-use decision-making profiles (farming groups) in 

complex land systems that consist of non-linear and non-hierarchical land-change processes (Bakker and van 

Doorn, 2009, Ward et al., 2007). The non-hierarchical ECA method—K-mean classification—enables the 

exploration of a similar group of participants in unstructured decision processes, while investigating the 

appropriate number of clusters (k). However, in non-hierarchical cluster analysis, class selection (number of 

classes=k) is a subjective decision that focuses on the objectives of the analysis (Nylund et al., 2007, 

Kaufman and Rousseeuw, 2009). The varying K numbers in ECA therefore open investigative pathways for 

exploring the most appropriate number of groups that have similar decision behaviours in these complex 

human-dominant land systems. Hence, this study utilized ECA to identify statistically similar decision-

making profiles in the peri-urban zones of Adelaide. 

Exploratory data analysis was used to examine the farmers’ responses as follows.  

• Firstly, the number of decision-making profiles of the farmers sampled (classes) was determined from the 

primary factors (ILUC in Table 6.2), using non-hierarchical cluster analysis (ECA) (K varies from 3–5, 

based on the key number of classes identified by cluster analysis).  

• Secondly, the types of land-use decision-making behaviour for each class were determined by comparing 

the mean behaviour of the members of a class with their individual profiles (using post hoc test results 

[Appendix C6, 3]).  

• Finally, internal validation (using F values in the analysis of variance [ANOVA]: k=3, k=4 and k=5 

[Appendix C6, 1[a], 1[b)] and 1[c]) and external validation (using F values in ANOVA of the primary 

factors considered for farm success [Appendix C6, 9]) were undertaken to cross-reference the profile’s 

behavioural concerns with the primary factors.  

Non-hierarchical cluster analysis (in SPSS, version 24) was used to derive the profile classes. In using 

this technique, it is assumed that no hierarchical organization of the variables exists (i.e., peri-urban farmers’ 

land-use decisions are not structured or following a sequence of actions) in the studied land system. A one-

way ANOVA was used to identify class memberships (farming participants grouped into classes) and the 

land-use decision-making behaviours of these classes (profiles, see Appendix C6, 2). Three sets of cluster 

options (where k=3, k=4 and k=5) were investigated to identify the highest suitable cluster grouping, 

demonstrating the connections with the derived latent factors (in Chapter 5). In these three options, the factor 

variabilities of ILUC were examined by the F values derived in ANOVA (Appendix C6, 1[a], 1[b] and 1[c]). 
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The primary factors in Table 6.2 (ILUC), utilized to derive the profile classes, were used to internally 

validate the derived class behaviours. External validation was accomplished by using the factors concerned 

with farm success (IFS) in Table 6.1.  

6.4 RESULTS 

6.4.1 Land-use decision-making profiles and internal validation  

Figure 6.2(a) shows the number of participants in each classified option that was used to identify the 

decision-making profiles. The classified classes, C3, C4 and C5, are where k is equal to 3, 4 and 5, 

respectively. The variations in participant responses, calculated by ANOVA for each classification, for each 

of the primary factors are shown in Figure 6.2(b). The F values derived in ANOVA (Appendix C6, 1[a], 1[b] 

and 1[c]) were only used to describe the variability of the primary factors, as the clusters had already been 

selected to maximize the differences between cases. In this analysis, the higher the F means, the higher the 

response variability of the class participants (Figure 6.2[b]). The factor f3 (water price) in the C3 class shows 

a significantly higher level of response variations compared to the other two classes, C4 and C5. The factor 

f9 (“decline in the number of farmers from a participant’s ethnic group”) in C5 displays the highest level of 

response variations, compared to the other two least-response variations observed in classified classes C3 

and C4.  

 

     

Figure 6.2: Cluster group frequencies and F values derived for each factor 
Notes: a) Cluster group frequencies of the three classifications (C3 [k=3]; C4 [k=4] and C5 [k=5]) demonstrate the 

number of farmers classified into classes in each option; and b) F values derived for each factor (from the ANOVA), 

carried out on each classification demonstrate class members’ response variability for each ILUC factor. The higher the 

F means, the higher the response variability of class members. 

The 12 factors (means of responses) associated with each classification were mapped against each final 

cluster centre (mean value of the 12 factors, see Appendix C6 1[a], 1[b] and 1[c]). The final cluster centres 
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of the C4 classification (in Figure 6.3) demonstrate the highest interpretability of the derived classes (profiles 

[4Ps]) in terms of the corresponding factors (12f). As an example, participants in Cluster 1 (Class P1) 

showed heritage farming interest with higher concerns about the factors of drought conditions (f8) and urban 

sprawl (f10). Table 6.3 shows the highly correlated primary factors for all the derived clusters in C4 (P1, P2 

P3 and P4). These points suggest that C4 was the most representative class for land-use decision-making 

profiles in the study area, as this class demonstrated higher interpretability of primary influences with less 

variances (Figure 6.2[b], k=4) in participants’ responses.  

The mapped correlations between the derived profiles (P1–P4), latent factors and the associated primary 

factors for land-use change decisions with higher factor loadings, as in Table 6.3, demonstrate the 

association of these profiles and the primary factor considerations of these grouped participants. The primary 

factors identified in each cluster group (profiles P1–P4) in Figure 6.3 display similar results with higher 

importance (average mean values). That is, in Cluster 1 (P1), the grouped participants had higher average 

mean values for the two primary factors, drought conditions (f8) and urban sprawl (f10), that were highly 

considered by heritage farmers (farmers on rain-fed land) with larger land parcels on the city fringes. 

Moreover, participants in Cluster 3 (P3) identified the primary factors of higher importance as being: high 

market value for land (f4); demand for your crop/livestock (f1) and availability of land buyers in the area 

(f5). In other words, these were the key concerns of highly profit-oriented landowners with less attachment 

to the farmland or environment. In addition, participants in Cluster 4 (P4) identified the primary factors of 

higher importance as water price (f3), water accessibility for farming (f7) and decline in the number of 

farmers from their ethnic group (f9). These factors were highly concerning to long-term farmland holders 

with commercial/hobby farming interests and who depended on irrigation for multi-functional farming 

practices on the fringes. These points further confirm the land management motivational characteristics of 

the derived classes (profiles) and their connections with latent factors and primary factors prioritised by the 

profiles for their land-use decisions when their farm’s continuation was not viable. 
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Figure 6.3: Frequencies of 12 constructive factors in four cluster groups  
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Table 6.3: Derived profile correlations with latent factors and correspondent primary factors 

 

Cluster Group Latent Factor 

Correspondents 

Correlated Primary factors (with higher factor loading) 

Cluster 1-(P1) Lf3 Drought (f8), urban sprawl (f10) 

Cluster 2-(P2) Lf4 Gov. regulations on farming (f11), Gov. planning regulations (f12) 

Cluster 3-(P3) Lf2 High market value for land (f4), availability of land buyers (f5) 

Cluster 4-(P4) Lf1 Water accessibility for farming (f7), infrastructure development (f2) 

Note: The derived profile correlations with latent factors and the correspondent primary factors (with higher factor 

loadings) concerned with land-use change decisions. P=profile 

Figure 6.4 illustrates the spatial distribution of the derived cluster participants as land-use decision-

making profiles (P1 = heritage farming interest; P2 = commercial interest; P3 = selling the farmland and 

P4 = multi-functional/hobby farming interest) in the study area. Although these land-use decision-making 

profiles were difficult to understand by land-use type, the land-management motivational differences were 

identified as follows. 

P1 (Heritage interest):  Highly attached to the farmland and less profit-oriented. 

P2 (Commercial interest): Large-scale commercial farming businesses (profit-oriented but caring for 

the farm environment).  

P3 (Selling interest): Highly profit-oriented (intensive farming), less attachment to the farmland 

and less caring of the farm environment. 

P4 (Multi-functional/  Farmers with commercial interest/hobby farmers (less profit-oriented but 

hobby farming interest)   highly caring for the farm environment). 

These classified profiles (n=148, the clustered participants) were mapped based on the geographic 

location identified through a survey ID that referred to the physical location of participants’ farms. This 

showed the heterogeneous distribution of this sample of profiles in these peri-urban landscapes.  
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Figure 6.4: Land-use decision-making profile overlay on land use on the Adelaide city fringes 
Notes: Key profile interests identified if the farm is viewed as not viable: P1 = Heritage farming interest, 

P2 = Commercial interest; P3 = Selling the farmland and P4 = Multi-functional/hobby farming interest. The three land 

use types in the background are: horticultural land (HL) (green), dryland agriculture (DL) (brown) and livestock land 

(LL) (light green). 
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6.4.2 External validation of derived profiles 

Figure 6.5 illustrates the mean response variation of each primary factor (Table 6.1 ‘Influence on farm 

success [IFS]’) of the clustered profiles. All 16 primary factors were found to be statistically significant in 

the ANOVA test (Appendix C6, 9). However, the factors representing substantially higher F values where 

F is greater than 8—F1 (“labour cost”), F2 (“farm maintenance”), F3 (“investment in new technologies”), 

F4 (“return on investment [ROI]”), F5 (“demand for land”) and F7 (“water accessibility”)—with higher 

response variability between groups, demonstrate a higher possibility of contrasting responses between the 

derived profiles. 

 

Figure 6.5: Primary factor response variability (for external validation of profiles) 

6.4.3 Land-use change decision-making behaviours of profiles 

Figure 6.6 shows the land-use change action preferences of the participants grouped into four land-use 

profiles (P1–P4). The mean preference variations of these land-use change decisions were in contrast with 

the land-use change decision behaviour of the derived land-use profiles. All four profiles (4Ps) exhibited a 

high preference for changing the land use in a situation where the farm was unsuccessful. Participants in P3 

showed the highest preference for selling the land, with those in P2 the second highest and participants in P1 

showed the least preference for giving up agricultural land-use practices in the study area. These results 

confirmed that the grouped participants in P3 had the highest interest in selling their land, with higher 

concerns about the “market value of their land” (f4) and the “availability of land buyers in their farming 

area” (f5), as shown in Table 6.3. 
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Figure 6.6: Mean responses of land-use decision-making profiles (4Ps) 
Notes: P1 = heritage farming interest; P2 = commercial interest; P3 = Selling the farmland and P4 = Multi-

functional/hobby farming interest). On the y-axis – increases likeliness: 1-Unlikely, 2-Somewhat Unlikely, 3-Somewhat 

likely, 4-Likely 

 

6.4.4 Land-use decision-making profile contrasts 

The mean comparison test—one-way ANOVA—confirms that the profile descriptive statistics—age 

group, gender, household income, farmer type and industry experience—demonstrate non-significant 

differences between the profiles—that is, the grouped participants—in the sample, with this recorded with 

non-significant p-values (p > 0.05) (Appendix C6, 8, 10, 11). Although the vegetable-cultivation land use 

showed a significantly lower p-value in ANOVA (p = 0.024) (Appendix C6, 5), the post hoc test results 

showed the difference between P2 and P3 to be non-significant (p > 0.051) with respect to the vegetable 

cultivation land use, as it was not less than p = 0.05 (Appendix C6, 3).  

In the mean comparison tests, the lower p-values (p < 0.05) of land-management motivations, “making 

good profit from the farm” (p = 0.001) and “caring for the farm environment” (p = 0.008), showed a 

significant difference between these two land-use profile motivations while the third motivation “being part 

of the local community” (p = 0.084) was non-significant among the profiles (Appendix C6, 6). 

Table 6.4 lists the results from the mean comparison test (ANOVA) by land-use change decisions within 

and between the profiles in order to explore the decision preferences. The significantly higher F value and 

the lower p-value (p < 0.05) in the option to sell the land (P3) confirmed that participants had a significantly 

higher preference (95% confidence interval [CI]) for selling the land in a situation where the farm was 

financially unsuccessful/it was not viable to continue the farming business. The mean responses of 

participants grouped in Profile 3 (Figure 6.6) demonstrated a significantly higher land-use change decision 

behaviour for the option of selling the land in contrast to the other profiles (P1, P2 and P4).  
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Table 6.4: ANOVA of land-use change decisions between different cluster groups 

Option Sum of Squares df Mean 

Squared 
F (p) Sig. 

Change the farming 

practices  

Between groups 0.503 3 0.168 .121 0.948 

Within groups 175.878 127 1.385   

Total 176.382 130    

Sell the farm  

Between groups 21.968 3 7.323 4.732 0.004 

Within groups 204.267 132 1.547   

Total 226.235 135    

Subdivide and sell 

part of the farm  

Between groups 3.303 3 1.101 0.993 0.398 

Within groups 138.573 125 1.109   

Total 141.876 128    

Lease the land  

Between groups 4.777 3 1.592 1.195 0.314 

Within groups 171.855 129 1.332   

Total 176.632 132    

In addition, the current study used a multiple cluster comparison based on the Benferroni method as the 

post hoc test recorded a statistically significant mean difference between P1 and P3 and between P2 and P1 

in terms of participants’ preferences for the option of selling the farmland (Appendix C6, 4). In comparison 

to profiles P1, P2 and P4, the above results contrast the land-selling preferences of P3 which has the highest 

impact on the conversion of farmland into non-agricultural land-use practices in the study area. 

6.5 DISCUSSION 

The quantitative analytical methods used in this study address the methodological challenges faced when 

trying to identify land-use decision-making profiles of farmers on city fringes. In this exploratory approach, 

the primary factors affecting farmers’ land-use decisions were mapped into clusters of farmers with 

statistically similar decision-making profiles in the peri-urban zones of Adelaide. This section discusses the 

study results and the methodological aspects of this approach. 

6.5.3 Opportunities and limitations 

The derived connections between the primary factors of land-use change, latent factors and land-use 

decision-making profiles are useful in deconstructing the complex land-transitional processes through their 

associated causes and effects. The latent factors redraw the linkages between the essential parameter 

arrangements—primary factor influences—and the probable land-use decision behaviours of the profiles to 

demonstrate the micro-scale land-use conversions which accumulate to macro-scale complex land-

transitional processes on urban fringes (Kim and Batty, 2011). These cause-and-effect linkages are useful in 

bottom-to-top land-use change modelling approaches, such as ABM simulations constructed on agents’ 
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functional behaviours to explore the complex system process characteristics, such as self-organization and 

path dependencies (Rauws and De Roo, 2011, Millington, 2012b, Rindfuss et al., 2008), in dynamic 

environments. Although the current study is not solely designed for this purpose, the conceptual similarities 

of the multi-agent system principles demonstrate the possibility of using profile decision-making behaviour 

as an optimising agent in land-use modelling (Schreinemachers and Berger, 2006) while, in ABMs, the 

agents are parameterised. 

The non-standard number selection for group classification (k value) in non-hierarchical cluster analysis 

is a major limitation for exploring the target decision-making profiles and the decision behaviours of the 

representative farming populations. The preliminary data investigation, expert knowledge integration and 

empirical validation are useful in selecting the representative number of profiles to avoid result diversion 

from the target research objectives. The internal validation technique used in this method is an effective way 

of selecting the required number of farming profiles based on the associated primary factor response 

variations of participants, with this having the potential to apply in different geographies. 

6.5.1 Land-use decision-making profiles 

Figure 6.2(a) illustrates the number of participants classified into classes at each clustering option: C3, C4 

and C5. The uniquely identified primary factor response variabilities for the three classifications (where k=3, 

k=4 and k=5) in Figure 6.2(b) demonstrate the strengths and weaknesses of the classified group responses at 

each primary factor. The primary factors, f2 (“infrastructure development”), f8 (“drought conditions”) and 

F11(“government regulations on waste water or farming practices”), show strong responses with lower 

variability, while f3 (“water price”) and f9 (“decline in the number of farmers from a participant’s ethnic 

group”) demonstrate weaker responses with higher variability. After comparing the three clustering options, 

C4 was selected to identify the profiles as it demonstrated lower response variability overall for the 

important factors (shown in Figure 6.3) of “water price” (f3), “property values” (f4) and the “potential for 

selling land” (f5) which were highly considered by farmers in farmland ownership changes on the city 

fringes (Zasada, 2011). Furthermore, compared to the other two options, C4 demonstrated the highest degree 

of interpretability of the observed primary factor responses (Figure 6.3) and the associated latent factors 

(Table 6.3) for farmers’ land-use decisions in the study area. For example, C3 (P3) showed higher response 

frequencies for the factors, “market values” and “potential farmland buyers”, achieving higher factor 

loadings for Lf2, thus being of high concern to the farmland-selling profiles (in Figure 6.3). Moreover, C1 

(P1) showed higher response frequencies for the factors, “drought conditions” and “urban sprawl”, both of 

which were associated with Lf3 thus being of high concern to heritage farmers on the Adelaide fringes. In 

the C4 classification, the profile P2 showed the highest number of similar participants (Figure 6.2(a), where 

P2 = 73, P4 = 33, P3 = 29 and P1 = 13), representing farmers engaged in commercial agri-businesses who 

had higher concerns about “government regulations on farming”, “land management”, “water price” and 
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“water accessibility”. These connections were further confirmed by the correspondent latent factor Lf4 

which showed similar concerns on land-use decisions (Table 6.3). 

In summary, Table 6.3 shows the mapped farming profiles against the correspondent latent factors with 

higher factor loadings, constructing the linkages between the classified farming profiles and the latent factors 

used for their land-use decisions. These internal validations demonstrate the representative strengths of the 

correspondent latent factors against the classified land-use decision-making profiles. This enhances the 

interpretability of these land-use decision-making profiles in terms of their unique latent factor consideration 

patterns for land-use decisions in situations where the farm is financially unsuccessful/not viable due to 

personal circumstances (such as age, health and long-term debts).  

Halkidi et al. (2001) stated the importance of cluster result validations and interpretations in the process 

of clustering data—quality assessment—for maintaining the validity of results. The external validation 

results shown in Figure 6.5 demonstrate higher primary factor variabilities (higher F numbers) for the factors 

with higher factor loadings for the correspondent latent factors derived in Chapter 5 (economic [LF1], 

environmental [LF2] and social [LF3] in terms of the primary factors [IFS] considered for their farm 

success). The correspondent latent factors were associated with “economic consideration” and “water 

accessibility” which were the prominent issues experienced by farmers in the study area. These cross-

validated results—by external and internal examinations—justified the validity of the land-use decision-

making profile classifications in terms of the latent factors that influenced the farmer profiles’ collective 

land-use decisions, but acted as hidden land-change drivers. 

The spatial distribution of the profiles overlaid on the land-use classifications (Figure 6.4) demonstrates 

the profile of agri-industry involvement in the spatial context. Although the classified profiles were restricted 

to the clustered sample of participants (n = 148), this distribution shows the area-specific connection between 

decision-making profiles and associated land-use types. The derived profile P2 with its commercial agri-

business interests shows a substantial engagement with the horticultural land-use types in Adelaide’s 

southern McLaren Vale wine-producing areas and vegetable gardens beyond the eastern hilly conservation 

zone. The decision-making profile participants with higher interest in selling their farmland (P3) showed a 

mix of land-use representation and were mostly located in the rural areas of the Adelaide fringes. The higher 

number of P3 profile participants in the eastern livestock lands—landscapes beyond the Adelaide Hills 

conservation areas—demonstrates the higher land vulnerability risk of livestock agri-businesses in these 

areas to accommodating the urban sprawl. Most P4 profile participants had higher interests in hobby farming 

and multi-functional agri-businesses and were located closer to built-up areas, while the limited number of 

P1 profile participants—represented by heritage farmers—were dispersed around the study area. 
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6.5.2 Land use decision-making behaviours of profiles 

Vanclay (2004) described farmers’ land-management practices based on motivational factors. The current 

study results confirm this point, indicating that classified land-use decision-making profiles identify a range 

of motivations ranging from agricultural land preservation to selling the land, in terms of their decision 

making. The land-use decision-making profile P3 shows the highest preference for selling the land, while the 

profile P1 (heritage farming interest) shows the least motivation for changing the land’s ownership and/or 

subdividing. The mean response variations of the grouped participants in Figure 6.6 demonstrate the 

distinguishable land-use decision-making behaviours of the profiles: P1, P2, P3 and P4. The post hoc test 

results (Appendix C6, 4) contrasted the land-selling preferences among the profiles P1, P2 and P3, while the 

ANOVA test results confirmed a significantly higher preference for selling the land by the P3 profile in a 

situation where the farm was unsuccessful (Table 6.4). The above points reveal a range of profile preferences 

on land-use decision-making behaviours in the order of least to most likely to sell their land—P1 < P4 < P2 

< P3—where the P3 profile (land sellers) has the highest impact on the extinction of peri-urban agricultural 

land due to urban sprawl (Hussain and Hanisch, 2013).  

The two extremes of the profiles, P3 (selling the farmland) and P1 (heritage farming), demonstrate the 

contrast through the motivational differences of farmers’ land-use decision-making behaviour in profit 

maximization and their attachment to the land, respectively. Overall, the results confirm Ajzen's (1991) 

statement of potential, using behavioural attitudes to predict the profiles’ decision-making behaviours. Based 

on these points, the author argues that the farmers’ land-management motivations should be prioritised, 

instead of using conventional biophysical or socio-economic measurements, when investigating peri-urban 

agricultural land transitional processes in terms of farmers’ land-use decision-making behaviours. 

In focusing on the research objectives, the investigative cluster selection process followed in ECA 

demonstrates the advantage of examining the response variability of primary factors for deriving land-use 

decision-making profiles. The post hoc test results improve the understanding of the linkages between the 

derived profiles and the associated land-use decision motivations while demonstrating the distinguishable 

differences between the profiles in terms of their land-management motivations. These points reveal the 

possibility of using sample inferences to statistically examine these land-use decision-making profiles and 

their land-use decision-making behaviour to represent the entire farming population in the study area. 

6.6 CONCLUSION  

Peri-urban farmers’ land-use decision-making behaviour has a significant impact on farmland transitions on 

city fringes. The limited understanding of farmers’ decision-making profiles—that is, a group of farmers 

who show similar decision-making patterns—and their decision-making behaviours are the major challenges 
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experienced by land-use modellers when parameterising objects in their models to examine complex 

agricultural land transitional processes (Bakker and van Doorn, 2009). 

The exploratory clustering techniques used on the analysis of participants’ responses—the questionnaire 

survey data set—demonstrate the possibility of identifying farmers’ land-use decision-making profiles and 

their decision-making behaviours in relation to their land-management motivations. Although this study 

focused on a set of primary factors relevant to Adelaide, the incorporation of the area’s specific land-use 

influences and the study’s empirical justifications can further improve the knowledge of peri-urban farmers’ 

land-use decision-making profiles and decision-making behaviours in different geographies. Targeting the 

collection of detailed information on farmers’ land-management motivational aspects in questionnaire 

surveys can improve the profile classifications. The derived land-use decision-making profiles and decision-

making behaviours are used as information sources to make assumptions for parameterising the agents—

spatial agents with properties and decision rules—in the anticipated ABM simulations (in Chapter 7) on the 

Adelaide city fringes. 
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CHAPTER 7 – ABM SIMULATIONS OF PERI-URBAN AGRICULTURAL 

LAND TRANSITIONS 

This chapter explains the proposed agent-based model (ABM) in detail, including 

the agent profiles used, their properties and decision-making behaviours. It 

identifies land vulnerability variations as the model environment, which 

represents the combinational effects of socio-economic and biophysical aspects of 

peri-urban agricultural land transitions. The ABM utilizes empirically validated 

decision profiles and decision-making behaviours, as described in Chapter 6, to 

identify agents and decision rules, while using the Agricultural Land 

Vulnerability Index (ALVI) values found in Chapter 4 for creating the model 

environment. The spatially-explicit model environments represent three land-

management policy scenarios for analysis. Finally, the ABM simulations evaluate 

peri-urban agricultural land-transition processes in terms of land-system 

feedback and land-transition trends based on farmers’ land-change decision-

making behaviours. 

Contributions to knowledge:  

• Developed an agent-based model (ABM) using the farmer decision-making profiles to investigate 

peri-urban agricultural land-transition phenomena. 

• Evaluated the agricultural land transition dynamics in three different scenarios, representing the 

farmer population, using agent-based models (ABMs). 

 

7.1 INTRODUCTION 

In human-dominated land systems, the use of agent-centric or agent-based model (ABM) simulations has 

been shown to have many advantages as a learning tool for understanding the complex land transition 

processes associated with land-use decisions made by people (Magliocca et al., 2014). For example, ABM 

simulations are useful in complex system analysis as they provide insight into system interdependencies, 

heterogeneity and feedback (Wise et al., 2016). Agent-based model (ABM) simulations can also capture non-

linear land system dynamics and spatially-explicit changes that enable land transitions to be evaluated in 

terms of feedback in land systems, as well as trends in land transitions associated with complex system 

processes (Brown and Xie, 2006, Borshchev and Filippov, 2004). These simulations can simultaneously 

reduce the complexity that is explicit in land-system processes (Murray-Rust et al., 2014b). 
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Contemporary land-use research has identified the advantages of capturing the behaviour, actions and 

responses of people within land systems, in particular, to address behavioural questions that are rarely 

implemented in biophysical land-change models (Brown et al., 2014, Malanson and Walsh, 2015). Land 

system science (LSS) researchers have emphasised the advantage of representing endogenous drivers in 

land-change modelling to evaluate the complex land-system feedback in dynamic environments (Verburg et 

al., 2015). In complex urban systems, ABM is superior to biophysical modelling as it has capabilities that 

cannot be accomplished through improvements in numerical biophysical models (Zou et al., 2012).  

In socio-ecological systems modelling, ABM simulations explain the causal effects of human decisions 

on landscape level changes, while also representing human decision-making behaviour, for example, 

decision preferences and priorities (Murray-Rust et al., 2011, Ford, 1999, Simon, 1957). In ABM, the 

decision behaviour of heterogeneous agents is used to describe heterogeneous land-transition processes in 

land systems (Bakker et al., 2015, Malanson and Walsh, 2015, Murray-Rust et al., 2014b, Arneth et al., 

2014, Macal and North, 2005). The land-change models grounded on rural agricultural land uses demonstrate 

a significant knowledge gap in capturing farmers’ decision-making behaviour, and the decision rules applied 

in land-change decisions (Morgan and Daigneault, 2015, Kennedy and Veregin, 2016). 

The research problem in ABM needs to be addressed by carefully selecting the agents, the interactions 

between agents, and the model environments that are sensitive to agent behaviour (O’Sullivan et al., 2016, 

Macal and North, 2005). As well as exploring land-transition processes, human behaviour and the underlying 

drivers of land change, ABMs are also useful when defining precise local-scale decision behaviour to assess 

spatial land-transition patterns and trends on a macro scale (Kelley and Evans, 2011). As the ABM is 

research purpose-dependent, agent-centric model descriptions need to be developed in parallel to the 

research objectives in ABM applications (Müller et al., 2014, Castle and Crooks, 2006). Overall, these 

models require appropriate attention in the stages of model design and experimentation, as well as the 

effective communication of results in parallel to the research objectives (Dorin and Geard, 2014) by 

visualizing the targeted system feedback (Grignard and Drogoul, 2017). 

Agent-based models (ABMs) are often challenged due to their complex parameterisation of human 

behaviour and local land-transition processes (Murray-Rust et al., 2014a). Empirically-validated 

parameterisations are important in these models which heavily depend on agents’ decision rules based on 

assumptions about the characteristics of agent behaviour (Smajgl and Barreteau, 2017). Agent-targeted data 

collection approaches—tailored to the research objectives—are effective in ABM, as they enhance the 

empirical evidence about assumptions made on local agents’ parameters (Robinson et al., 2007). 

Questionnaire-based surveys are a useful way of collecting behavioural information about agents: also 

useful, is the empirical validation of the assumptions made about the agents’ areas of autonomy, that is, their 
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perception and capabilities, and the decision rules (Kelley and Evans, 2011). Moreover, surveys focusing on 

specific population groups in land systems improve the capture of the behaviour of target groups among the 

mass of heterogeneous agents (Jokar Arsanjani et al., 2013, Robinson and Brown, 2009). Research has 

identified the importance of having empirical assumptions and validations in ABM to understanding 

complex land-transition processes (Kelley and Evans, 2011, Hulse et al., 2016, Heckbert et al., 2011). 

The integration of scenario analysis in ABM enhances the interpretability of complex system feedback 

under different model environments. Land-use research has demonstrated the advances accumulated from the 

integration of scenario analyses in ABM, as it demonstrates system dynamics and model sensitivity under 

alternative parameter arrangements (Morgan and Daigneault, 2015, Valbuena et al., 2010, Long and Zhang, 

2015, Hosseinali et al., 2015, Ligtenberg et al., 2004). Although these integrative models are often used to 

simulate future land-use transitions, some authors have utilized ABM as a learning tool for understanding 

LSS theories associated with complex land-transition processes (Murray-Rust et al., 2013, Parker et al., 

2003, Grimm et al., 2005). These points demonstrate the improved comparability of system feedback 

between different scenarios when integrating scenario analysis into agent-based modelling (ABM).  

The integration of GIS data into ABM carries location intelligence to the model simulations while 

enabling visualization of the results in a spatial context (Brown et al., 2006). The spatial representation of 

system feedback is important in understanding complex land transitions, particularly when addressing the 

methodological question of “where they occur” (Cioffi-Revilla et al., 2011). The integration of GIS data with 

the object-oriented data modelling capacities in the ABM provides advanced computational facilities for 

entities in all models by identifying agents as “instrumental computing agents” (Brown and Xie, 2006, 

Sengupta et al., 2000). A spatially-explicit ABM has many advantages over other types of models in 

exploring, for example: spatial interactions among target agents (Hywood et al., 2016); complex adaptive 

systems (Tang and Bennett, 2010); the scale dependency of system feedback (An et al., 2005, Evans and 

Kelley, 2004); and the spatio-temporal phenomenon of land transitions (Brown et al., 2005), and in analysing 

model sensitivity while explaining the uncertainties generated in modelling processes (Ligmann-Zielinska, 

2013). Spatially-explicit ABM is popular among the LSS community as it adds location intelligence to the 

results and enhances research communication between land-use researchers and land administrative 

practitioners (Millington and Wainwright, 2016, O’Sullivan et al., 2016, Crooks, 2006). The modelling 

software used in this study, NetLogo, uses notions of object-oriented data modelling and is capable of 

integration with GIS data (Dahal and Chow, 2014, Berryman, 2008). Geographic information system (GIS)-

integrated NetLogo applications improve ABM simulations, as they use information in the spatial feature-

attribute tables in the GIS for model computations and for visualizing simulations (Hosseinali et al., 2015, 

Anderson et al., 2017, Grignard and Drogoul, 2017). 
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Agent-based modelling (ABM) simulations have been used extensively in analysing urban sprawl (Malik 

and Abdalla, 2017, Brown and Robinson, 2006, Parker and Meretsky, 2004) and land-use changes associated 

with agricultural practices and policies (Millington and Wainwright, 2016, Murray-Rust et al., 2014b, Alam 

et al., 2013, Matthews et al., 2007, d’Aquino et al., 2002). Agent-based modelling (ABM) has been 

successfully used to explore agricultural land-use change by considering the decision-making behaviour of 

heterogeneous farmers or groups of farmers as agents which significantly affects complex land-transition 

processes on city fringes (Valbuena et al., 2010, Smajgl et al., 2011, Bakker and van Doorn, 2009, Matthews 

et al., 2007). Agricultural land-change research has also explored the possibility of defining agent 

typologies—that is, defining and identifying groups of farmers likely to behave in a similar manner—for 

agent-based analysis in rural landscapes (Valbuena et al., 2008). However, less attention has been given to 

the use of ABM simulations to better understand agricultural land transitions in peri-urban landscapes when 

exploring the loss of agricultural land due to urban sprawl. 

This study focuses on developing ABM to target peri-urban agricultural land loss due to urban sprawl on 

the fringes of Adelaide, South Australia. The study uses the land-use decision-making behaviour of peri-

urban farmers as the key driver of land transitions, while identifying four types of farmland decision profile 

autonomy to simulate the process dynamics in a spatial context. Spatially-explicit land vulnerability indexes, 

which represent exogenous socio-economic and biophysical effects on agents’ decision-making behaviours, 

were used as the model environment. The two main research objectives in applying ABM were: 

1. To explore agricultural land-use transition phenomena through the decision-making behaviour of 

agents (land-use decision-making profiles) in the peri-urban land system. 

2. To explore farmers’ land-use decisions that lead to agricultural land loss trends in the peri-urban land 

system under varying land-governing policy directions in the three scenarios of economic 

development (EDS), business-as-usual (BAU) and environmental protection (EPS).  

7.2 MATERIALS AND METHODS 

7.2.1 Data 

The knowledge gained in Chapters 3, 4, 5 and 6 (see Figure 7.1) was used to define the agents, their 

characteristics and decision rules, and the interactions between them and the model environment to make 

assumptions for building the models. Four peri-urban farmer land-use decision-making typologies 

(P1 = heritage farming interest, P2 = commercial interest, P3 = selling farmland interest and P4 = multi-

functional/hobby farming interest) were derived from information gathered in a questionnaire survey of 

farmers/landowners in the study area (Chapter 6). Participants were geo-located using the geographic 
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coordinates of their farmland, which were obtained from South Australian government land cadastral data 

and used to develop a data set named Sample of Farming Agents (Table 7.1). The profile-based spatial data 

set was manipulated to create the Entire Population of Farming Agents data set by spatially analysing the 

centroids of agricultural land parcels in the land cadastral data in Adelaide. An alternative agent data set 

(Alternative Entire Population of Farming Agents) was created by changing the profile configuration to 

represent the agents’ increased spatial heterogeneity in the land system. The Agricultural Land Vulnerability 

Index (ALVI) values for the three scenarios (EDS, BAU and EPS) (Chapter 4) were attributed to the 

polygons in a grid laid over the study area. All the spatial data sets were created and managed in the ESRI-

ArcGIS 10.4.1 desktop platform while assigning the profile parameters: properties, sensitivity to model 

environment (weights) and exposure to exogenous vulnerabilities (ALVI) in the attribute tables. Table 7.1 

outlines these data sets. 

Figure 7.2 shows the spatial distribution of the sample of farming agents (Figure 7.2[a]) and the entire 

population of farming agents (Figure 7.2[b]), with these points identified in the developed ABMs as the 

farming agents that represented the decision profiles. The properties and associated decision rules of these 

agents—farming decision profiles—were linked to the associated attribute tables in GIS and as the agents’ 

parameter inputs.  

As demonstrated in Figure 7.1, the land vulnerabilities identified in Chapter 4, in association with the 

explored land fragmentation zones in Chapter 3, were used as the spatially distributed land vulnerability data 

to representing the ABM environment. Furthermore, the questionnaire survey results used to identify the 

drivers of land change in this land system (Chapter 5) were also used to validate the decision profiles, as 

described in Chapter 6, and, in the developed ABMs, to make assumptions about the agents. 
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Table 7.1: Spatial data with agents’ (profile) properties and exposure to land vulnerabilities 

Data Sets Data 

Type  

No. of 

records 

Fields in attribute tables 

1. Sample of Farming Agents (Vdata) 

Farmers who responded to the questionnaire survey, each of 

whom had geo-located information and was assigned to one of the 

four profiles (P1–P4) (Chapter 6). 

Points 144 ProfCODE, WV, WN, RT, 

STAGE, V1, V2, V3 

2. Entire Population of Farming Agents (VdataALL) 

The profile information assigned to the entire farming population: 

a manipulated spatial data set (Data Set 1) of points derived 

through spatial analysis of the agricultural land-parcel centroids. 

 

Points 6525 ProfCODE, WV, WN, RT, 

STAGE, V1, V2, V3 

3. Alternative Entire Population of Farming Agents (VdataALL_2) 

Manipulated data from Data Set 2, with alternative profile type 

allocations for the farming population. 

Points 6525 ProfCODE, WV, WN, RT, 

STAGE, V1, V2, V3 

4. Agricultural Land Vulnerability Index (ALVI)  

Spatial representation of land vulnerability under different 

scenarios: EDS, BAU and EPS (Chapter 4). 

 

Grids 

 

5916 EDS (V1), BAU (V2), EPS (V3) 

Notes: The text in bold font represents the data labels used in the NetLogo code for ABM development; Data fields: ProfCODE = 

profile type; WV= vulnerability weight; WN = neighbourhood weight; STAGE = Starting age of the profile; V1 = vulnerability in 
EDS scenario; V2 = vulnerability in BAU scenario; V3 = vulnerability in EPS scenario.  
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Figure 7.1: Development of ABM represented as an information flow diagram  
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Figure 7.2: Spatial distribution of sample and entire population of farming agents  
a) Sample of farming agents (Data Set 1) overlaid on land-use classes; b) Entire population of farming agents 

(Data Set 2) overlaid on agricultural land vulnerability data from BAU scenario 

 

7.2.2 Methods 

In the current study, the ABM has been structured to focus on agents’ land-use change decision-making 

behaviour, and on the interactions between similar type of agents and between agents and the model 

environment. The four farming profiles (P1, P2, P3 and P4, see Chapter 6) were used to define the types of 

decision-making agents in the land system. The agents’ properties and their autonomous decision-making 

behaviour, as shown in Table 7.2, describe the agents, that is, their dominant land uses, starting age and 

resilience to different types of vulnerability (the resilience threshold [RT]); the weights that indicate each of 

the four profiles’ sensitivity (exposure to land vulnerability [WV] and to neighbouring agents [WN]); and the 

behavioural action (change of profile type), based on the derived profiles’ decision-making behaviours and 

their empirical justifications in Chapters 5 and 6. As an example, when comparing P1 (heritage farmers) with 

P2 (commercial farmers), P1 has a higher sensitivity to land vulnerability (WV) and to the neighbourhood 

    

b) Entire population of farming agent profiles a) Sample of farming agent profiles 
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(WN), due to expectations of lower economic returns from the farmland, and higher attachments to the 

neighbouring farming community, respectively. In addition, P1 was assigned higher resilience threshold 

values and a higher starting age representing the less profit-oriented, ageing heritage farming community on 

the Adelaide city fringes. 

  Table 7.2: Parameter assumptions and weights for agent profiles (P1 to P4) 

 Profile types “ProfCODE” P1  P2  P3  P4   

 Dominant land 
uses for agents 
in each profile 

- Heritage  

farming  

Commercial 

farming 

Selling 

farmland  

Multi-functional 

/hobby farming 

Agent sensitivity 

to the model 

environment 

 

For land 
vulnerability 

WV 0.8 0.3 0.5 0.6 

Agent sensitivity 

to other agents 

 

For the 
neighbourhood  

WN 0.6 0.1 0.1 0.2 

Decision 

pathway 

Profile change  P1 to P2 P2 to P4 Die P4 to P3 

Memory of 

previous state  

 

Resilience 
threshold (RT)  

RT 50 30 20 40 

Decision rule Condition for 
action 

- IF R >= RT OR 

age >= maxage 

IF R >= RT 

OR age >= 

maxage 

IF R >= RT 

OR age >= 

maxage 

IF R >= RT OR 

age >= maxage 

 Starting age  ST_AGE 60 35 40 50 

Notes: Weights: WV and WN have possible ranges of 0 to 1; WN is applicable only IF # same type of profile agents >= 3 within a 
proximity of radius (= r); maximum age of an agent = 85; profile memory (R) updates at each model iteration; Die = disappear from 
the land system (i.e., land sold to a developer); Profile change = land sold to another farmer 

In the ABM, two profile attributes, agents’ age (Age) and resilience to land vulnerability (Memory R), 

were set up for all the profiles, so they would update endogenously for each iteration of the model, using the 

ALVI values for agent memory updates. The profile memory calculations were based on Equation [1]: 

 

 

Where, 

WV =  Land vulnerability weight  
WN =  Neighbourhood effect weight  

V =  Agricultural Land Vulnerability Index (ALVI) value  

R0 =  Previous record value 

R =  New memory 

 

In this approach, agent mobility was excluded, with this decision based on the assumption that agents do 

𝑀𝑒𝑚𝑜𝑟𝑦 (𝑅) =  𝑅0 + V( WV −  WN )                     [1] 
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not move within the area modelled—an assumption supported by the questionnaire responses. Moreover, 

agent mobility is not relevant to achieving the objectives of the research. In the model, agent mobility is 

replaced by the agent actions of “Profile change” (where the land is sold to another farmer) or “Die” (where 

the land is sold to a land developer). This approach allowed the dynamics of farmland extinction in the ABM 

to be examined. Although these profiles were not set up for any goal directions or system adaptations, their 

action performance was dependent on the set conditions (Table 7.2).  

All changes in a profile follow a sequential rule of actions that change the status of the profile types from 

P1 to “Die” (Figure 7.3). This sequence was identified in parallel to the occurrence of land transition 

common practices in the study area, with this supported by responses from questionnaire participants. 

Heritage farmers often sold their farms to new agricultural farming investments due to the lack of labour, 

their age and the generational shift for other employment which represented the conversion of P1 to P2. 

Following that, large-scale commercial practices (P2) were often converted to multi-functional/hobby 

farmland uses (P4) due to the lower economic returns which characterized farmland subdivisions for 

multiple farmland uses. Furthermore, converting P4 (multi-functional/hobby farmland) into P3 (intensive 

farming practices) was prevalent to achieve higher economic returns from smaller land parcels (i.e. shed 

farming) on city fringes. These intensive agricultural land uses located closer to built-up areas were highly 

vulnerable to urban sprawl due to higher land market values and also, often due to land abandonment owing 

to frequent crop price fluctuations.  

 
 

P1(Heritage) P2(Commercial) P3(Seller) P4(Multi-fun. /Hobby)      Die  

 

Figure 7.3: Sequential rule for profile changes in ABMs 

The ABMs were set up to represent a calendar year at each tick (loop) in the simulations. At each tick, 

every agent in each profile updates memory (R) and age (Age) with these being attributes in the ABM results 

(agent attributes are provided in Appendix C7, 2). The dynamic interaction of these agents with neighbouring 

agents belonging to the same profile type is represented by the assigned weighting “WN” that reduces the 

memory increments (representing the negativity of the neighbourhood effect for land vulnerability). This is 

also subject to the condition of having at least three agents of the same profile within a radius of r (units) in 

the system. This approach provides land parcel-level detail for the agents, with land-transition trends 

emerging on the scale of the entire study area. This model is supported by adding new agents to the system 

when the agent type converts from P2 to P4, representing subdivision of larger farmland parcels into several 

(Die = disappear from 

the land system) 
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medium-sized farming practices, which is often observed in Australian peri-urban land systems. To provide a 

detailed description of the ABM, the “overview, design concepts and details + decision” (ODD + D) protocol 

standards were used, focusing on these key ABM structural elements and the model development details, as 

guided by modelling experts (Müller et al., 2013, Grimm et al., 2010).  
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Table 7.3: ODD + D protocol including comprehensive model description 

Structural Elements of ABM Description 

I) Overview  I(i) Purpose The purpose of this study is to explore agricultural land-use transition 

phenomena through the decision behaviour of the agents (land-use 

decision-making profiles) in the peri-urban land system. 

 

The study aims to explore farmers’ land-use decisions that lead to 

agricultural land loss trends in the peri-urban land system, under 

varying land-governing policy directions in the three scenarios of 

economic development (EDS), business-as-usual (BAU) and 

environmental protection (EPS).  

 

This model is designed for peri-urban agricultural stakeholder groups 

(land-use planners, land administrative policy groups, primary 

production land-use stakeholder networks and the academic research 

community). 

 

 I(ii) Entities, state 

variables and scales 

This model contains four types of agents (land-use decision-making 

profiles) behaving in the model world (domain) sensitive to the model 

environment (with set Agricultural Land Vulnerability Index [ALVI] 

values). 

 

Each model entity, that is, each agent type (land-use decision-making 

profile) is attributed a starting age and parameters for decision rules; 

sensitivity to the model environment; previous memory; and the same 

type of neighbouring agents, as well as decision rules and action 

pathways, as summarized in Table 7.2.  

  

The factors/drivers of the model (the ALVI values) are defined at 

each geographic location representing the economic, physical and 

land administrative influences (as described in Chapter 4) driving 

land transitions on the city fringes 

 

This model world (space) represents the entire study area—peri-urban 

Adelaide—by identifying the farmers within their property as points 

of data while the background represents the land vulnerability with a 

gradient pixel colour range where darker red represents a higher level 

of vulnerability. On each iteration, one “tick” represents annual 

changes in the land system. 

 

 I(iii) Process 

overview and 

scheduling 

In every iteration, each agent type (P1–P4) behaves according to the 

defined action pathway (Figure 7.3) by checking the pre-conditions 

and previous memory, as described in Table 7.2. 

 

The new agents added to the system (P4s – when the profile type 

changes from P2 to P4) use the same assumptions made with the 

existing agent type P4. 
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II) Design 

Concepts 

II(i) Theoretical and 

empirical 

background 

This model’s rationale is based on using the empirical approach (the 

questionnaire survey) to identify land-use decision-making profiles 

(groups of farmers making similar decisions, P1–P4) and behaviours 

to explore complex land-use transitional processes on city fringes. 

 

The assumptions about agents’ decisions (represented by parameters 

in Table 7.2) were based on the results in Chapter 6 derived through 

cluster analysis and its empirical observations. The aggregated data 

for each agent-type (land-use decision-making profile type) represent 

each agent’s properties, interaction with neighbouring agents and 

sensitivity to the model environment (land vulnerability), through the 

weighted parameter effects at each iteration at each point (over 

6500 points in the entire study area). 

 

The ABM was particularly used to model the land-use transitional 

processes as this model is superior to conventional numerical or 

cellular automata (CA)-based models to address land-system 

complexities as described in Chapter 2’s literature review. 

 

 II(ii) Individual 

decision making 

The agents in these models make decisions to change their land use 

with this represented by a change of profile type. This is in 

accordance with the sequential rule in Figure 7.3 (selling/leasing the 

farm to another farmer = “Profile Change”; or selling the farm to non-

agricultural practices = “Die”) which represents land transitions 

depending on agents’ accumulated exposure to externalities 

(interaction with other agents and the model environment) in the land 

system. These decisions rules were defined based on the empirical 

justifications provided in Chapter 6, including the uncertainties. The 

behaviour of the agents (four profile types [4Ps]) responds to the 

changing endogenous (neighbourhood) and exogenous (land 

vulnerability) effects in the model. 

 

On each iteration, a combination of the four different types of agents 

(over 6500 agents) in the system calculates the Memory (R) while 

checking the preconditions (threshold value [RT] and maximum age 

[“maxage”]) before executing the profile action to change the profile 

type or “Die” in the entire land system. Therefore, this model 

represents city-level agricultural land transitions focusing on the peri-

urban areas of Adelaide. 

 

 II(iii) Learning The “resilience to vulnerability”, represented by Memory (R) in 

Equation (1) with unique threshold values for each agent type 

(Table 7.2), is aggregated as a combination of the parameter weights 

of WV (agricultural land vulnerability exposure) and WN 

(neighbourhood effect), with spatial rules and accumulated experience 

(RO) from previous model iterations as the agents’ learning 

mechanism that is used to decide the change of profile type or “Die” 

(removal) from the land system. 

 

 II(iv) Individual 

sensing 

The agents (decision-making profiles) have a uniquely defined way of 

sensing the model environment (land vulnerabilities are obtained in a 

spatially-explicit way from the model environment) and of sensing a 

similar type of agent in their spatial proximity to check preconditions 

(neighbourhood effects) at each agent point, before making a decision 

for behavioural action in the land system. Therefore, each agent in the 
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model individually senses other agents’ spatial proximities and the 

model environment to continuously update their learning memory to 

decide upon their action. 

 

 II(v) Individual 

prediction 

The agents in these models do not utilize any existing data to predict 

future conditions; however, they use the ALVI values, reflecting their 

consideration of land-use zoning, socio-economic effects and physical 

conditions that influence agricultural land transition on the fringes, 

with these used to calculate the agents’ resilience for making land-use 

change decisions. The models focus on the accuracy of the land-use 

change process over the predictions; therefore, agents’ actions depend 

on the values calculated on each iteration. Moreover, the unique 

differences of each agent type are represented by the weighted values, 

starting age and the resilience threshold (RT) values as defined in 

Table 7.2. 

 

 II(vi) Interaction On each iteration of the model, the interaction of the similar type of 

agent depends on spatial proximities (30 units) in the model’s spatial 

domain to identify the neighbourhood effect. 

 

 II(vii) Collectives The emerging aggregations during the model simulations, formed by 

the affected individual agents in the system, capture the path 

dependencies in the land-transition processes to represent the 

collective form of trends. 

 

 II(viii) Heterogeneity The different agent types (land-use decision profiles: P1–P4) 

represent the heterogeneity of agents in terms of their properties, 

interactions, sensitivity to the model environment and the decision 

action rules. Furthermore, the agent data set created for ABM-3, 

representing agents with increased spatial heterogeneity, was used to 

explore the land-transitional processes in this complex land system. 

 

 II(ix) Stochasticity This model was not tested for stochasticity as it used statistically 

derived sample information (questionnaire survey responses, with 

ECA to identify the profile types) to represent the entire peri-urban 

farming population. In this approach, ABM-1 used the sample raw 

agents for model initialization, while ABM-2 and ABM-3 used the 

extrapolated data set for modelling. 

 

 II(x) Observation These models observed the total number of that agent type (P1–P4) 

remaining in the land system at each iteration (the “tick” point 

representing the land-use composition on that occasion). During the 

simulations in each tested scenario, the overall trends of the decision 

profiles (through all iterations) emerged, providing land-transitional 

patterns over time. These trends are important when understanding 

land-transition phenomena on city fringes under different land-

management policy directions that are represented as land 

vulnerabilities in the scenario-based models.  

III) Details III(i) Implementation 

details 

The ABMs were developed and implemented using NetLogo software 

according to the following key steps (Figure 7.4 ‘Information flow 

diagram’) that are undergone on each iteration. 

The NetLogo code for this model (including the code descriptions) is 

available in Appendix C7, 3, for reference and future modifications.  
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7.2.3 ABM development in NetLogo 

The software NetLogo version 5.3.1 (https://ccl.northwestern.edu/netlogo/) was used as the agent-based 

modelling (ABM) environment in this research, in addition to the NetLogo GIS extension which facilitates 

the transfer of spatial data sets (ArcGIS Geo-database files) to the NetLogo modelling environment. All 

spatial data layers were projected and visualized on the NetLogo display, in accordance with the GDA 1994 

South Australia Lambert coordinate system. The agents in the spatial data sets (Vdata, VdataALL, 

VdataALL_2) were represented as points (Figure 7.5), using GIS to link the agents’ properties and their 

status in the attribute tables. The grid-based Agricultural Land Vulnerability Index (ALVI) values were 

spatially joined to the agent point data sets using the ArcGIS spatial join function. This technique simplifies 

ABM development in NetLogo as the agents’ attributes and vulnerability information for different scenarios 

are stored in a single attribute table in the agent point data layers. 

The flow diagram of ABM development in NetLogo is shown in Figure 7.4 and the graphical user 

interface (GUI) in Figure 7.5. Initially, the model defined the model domains, the agents (as turtles) and the 

connections to the GIS spatial data sets. The ABM used object-based programming concepts, with the 

common profile class (p) defined in the NetLogo programming code, while uniquely identifying the profile 

types (as objects) and the associated decision-making behaviours of the agents in the land system 

(Appendix C7, 3 ‘ABM Code’). The model was initiated by “Setup” and ran with “Go”, executing the 

agents’ defined functions (profile-based decision rules and behavioural action) repeatedly over each “tick”. 

 III(ii) Initialisation The initial state of the model “world” of the ABMs represented the 

entire study area with all the agents in their geographic locations. 

 

The initialisation of the model always remained the same, but it 

allowed parameter variations in the model environment and 

proximities (i.e., selecting vulnerability with respect to the considered 

scenarios and changing proximities to neighbouring agents) between 

simulations. 

 

In these models, the initial values chosen (at “Setup”) were based on 

the provided data sets. 

 

 III(iii) Input data These models used external spatial data sources from GIS software 

(agent geographic coordinates and land vulnerability pixel values) to 

represent agent information and the model environment. 

 

 III(iv) Sub-models Three different agent-based sub-models were created with different 

agent data sets as follows. The vulnerability information remained the 

same. 

1. Sample of Farming Agents (Vdata) 

2. Entire Population of Farming Agents (VdataAll) 

3. Alternative Entire Population of Farming Agents 

(VdataAll_2) 

https://ccl.northwestern.edu/netlogo/
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These iterations continuously calculated the agents’ Memory (R) and age (Age) at each “tick”. Looped 

execution in the model simulated the behaviour of agents, and the interactions between them and the model 

environment for the set time period.  

Three ABMs were developed. The first, ABM-1, focused on the first research objective, while ABM-2 

and ABM-3 addressed the second objective: 

ABM-1  Analyses land transitions using the Sample of Farming Agents (Vdata) for all three scenarios: 

EDS (V1), BAU (V2) and EPS (V3). The numbers of agents in the four profiles (sampled 

profiles) at the start of ABM-1 model runs were set at P1 = 12, P2 = 72, P3 = 27 and P4 = 33. 

ABM-2  Analyses the land transitions using the Entire Population of Farming Agents (VdataALL) for all 

three scenarios and investigates the neighbourhood effect caused by interactions between agents 

using three radiuses (10, 30 and 50 units). The numbers of agents in the four profiles at the start 

of ABM-2 model runs were set at P1 = 2319, P2 = 2839, P3 = 486 and P4 = 881(Figure 7.6[a]). 

ABM-3 Repeats the analyses in ABM-2 using the Alternative Entire Population of Farming Agents 

(VdataALL_2) for the three scenarios with increased numbers of agents in P2 and P4 (with 

increased spatial heterogeneity of the agents in the system) at the start of the model runs, that is, 

P1 = 1236, P2 = 3600, P3 = 486 and P4 = 1200) (Figure 7.6[b]). 

An agent data set was created for the entire farming population—Entire Population of Farming Agents—

by identifying the farmland location (centroids of each land parcel) and the land use of the representative 

farming population on the city fringes. The profile types were allocated (P1 = heritage, P2 = commercial, 

P3 = intensive and P4 = multi-functional/hobby farming) for these farmers by identifying their agricultural 

land functions and the area-specific empirical observations from the study area. Farmers engaged in 

agricultural practices, such as olives or grazing on medium-sized land parcels were allocated to P1 

(heritage); farmers in areas with commercially operated agricultural companies were allocated to P2 

(commercial); farmers in areas dominated by intensive farming practices (e.g., hydroponic or shed farming) 

on smaller land parcels were allocated to P3; and the observed multi-functional farming practices on single 

land parcels/less profit-oriented farmlands were allocated to P4. These profiles were allocated to the entire 

farming population while considering the maintenance of proportional differences between farming groups 

in the study area (i.e., clustered P3 profiles comprising  farmers with intensive agricultural practices on the 

northern fringes closer to built-up areas) and representing the spatial heterogeneity of the study area’s 

farming population. 

The profile configuration data set used in ABM-2, called the Entire Population of Farming Agents 



 

150 

 

(VdataALL), was changed to an Alternative Entire Population of Farming Agents (VdataALL_2) to test the 

effects of different preconditions on the existing ABM-3 farming profile. This alternative profile 

configuration was mainly created by increasing the P2 (commercial) count and decreasing the P1 (heritage) 

count in the data set, while increasing the spatial heterogeneity of the agents (the diversity of profile types in 

specific geographic areas within the land system). The ABM-3 simulation results, based on the Alternative 

Entire Population of Farming Agents (VdataALL_2) data set, enabled the comparison of land transitional 

process changes under alternative preconditions with higher spatial land-use heterogeneity in the land 

system. 

 



 

151 

 

 

 

Figure 7.4: Flow chart of ABM development in NetLogo 

 

Define the model domain and the spatial data 

storage. 

Set up model by clearing all previous data 

records. 

Ask Profile Class (P) to identify the defined agent 

categories. 

Agent Identification. 

Calculate Agent Memory. 

 

IF the selected Profile Memory satisfies the 

condition, execute action of Profile Change/Die. 

If changing to new Profile, update to new status. 

Update Memory and age according to the agent 

status. 

Use this information to initiate the next process 

through looping. 
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Figure 7.5: ABM-2 GUI showing agents as profiles-spatial interface 
Notes: Buttons—“Setup” (to initiate the ABM); “Go” (to run); “Radius” (to select radius 1–100); “Vulnerability” (to 

select V1, V2 or V3); the profile boxes— “#P1”, “#P2”, “#P3”, “#P4”—to show profile number change over time; and 

“Plotter” to show the plotted profile variations over time. 

 

                

Figure 7.6: Representation of agent-profile display 
a) Agents in ABM-2 Entire Population of Farming Agents; b) Agents in ABM-3 Alternative Entire Population of 

Farming Agents.  

Notes: Four profile types: P1 (Red – heritage), P2 (Blue – commercial), P3 (Green – sellers) and P4 (yellow – multi-

function/hobby) at the start of ABM (“Setup”); local government area boundaries only for visualization.  

b) Alternative Entire Population of Farming Agents. a) Entire Population of Farming Agents 
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7.3 RESULTS 

 

 

 

 

Figure 7.7: Sample profile count changes by profile type in three scenarios in ABM-1 
Notes: a) EDS (V1); b) BAU (V2); and c) EPS (V3) where the radius = 50 units considered for WN; these are the 

profile dynamic curves from the raw data of NetLogo Plotter results (Appendix C7, 3). 
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7.3.1 ABM simulation of sampled farmers – ABM-1 

The ABM-1 simulated results in Figure 7.7(b) illustrate the profile extinction trends by the profile types (P1, 

P2, P3 and P4) in the BAU scenario. In this analysis, the land-use decision-making profile P1—generally 

represented by heritage farmers—showed the shortest lifespan, dropping over 50% of its numbers midway to 

its extinction. This result represented the heritage farmer generational shift to non-farming businesses on the 

fringes. Although P3—commonly characterized by farmers of intensified agriculture—showed a sudden 

drop at the initial stage of the simulation, it maintained a lower number of farmers in the land system for long 

periods, compared to P1 and P4. The profile P4—multi-functional/hobby farmers—showed stable numbers 

and longer lifespans over the heritage farmer profile (P1) as most of these farmers were financially stable, 

even though they were not fully dependent on their farming businesses. The profile P2—commonly 

characterized by commercial farmers—showed the longest lifespan even when losing numbers, and it 

maintained constant numbers through profile changes in the system (from P1 to P2; in other words, heritage 

farmers selling their land for commercial farming practices on the fringes). The long-term stability of P2, 

compared to the intensified farming group P3, would be faced with extinction as they were not expecting 

higher economic returns from their farmland. These simulation results demonstrated the profiles’ ascending 

lifespans from P1 < P4 < P3 < P2, while demonstrating the unique profile number extinction rates in the land 

system. 

The ABM-1 simulated results for the other two scenarios, the EDS (V1) and EPS (V3), demonstrated the 

comparative result of the profile type extinctions, as seen in Figure 7.7(a) and Figure 7.7(c), respectively. 

The profile P3 showed a rapid drop in numbers and a shorter lifespan in V1 compared to the results in V3, 

due to the rising demand for land in the EDS causing the conversion of intensified farming land located 

closer to the built-up areas. The profile P4 showed a higher reduction rate in numbers with constant lifespans 

in V1, compared to the results in V3, due to the higher sensitivity of multi-functional farming practices to the 

economy, and the possibility of hobby farmers making quick decisions to sell the land for higher economic 

returns. The profile P2 showed constant profile numbers in both scenarios (V1 and V3) as these profiles were 

less sensitive to externalities due to their financial stability. The profile P1 maintained slightly higher profile 

numbers in V3, due to the land-governing policies in the EPS that focused on environmental sustainability, 

reducing the heritage farming extinction rate in peri-urban landscapes. 
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Figure 7.8: Total profile count changes (VdataALL) by profile type in three scenarios in ABM-2 
Notes: EDS (V1); b) BAU (V2); and c) EPS (V3) where the radius = 50 units considered for WN; these are the profile 

dynamic curves from the raw data of NetLogo Plotter results (Appendix C7, 3). 
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7.3.2 ABM simulation of entire farmer population – ABM-2 

The ABM-2 simulated results in the BAU scenario (Figure 7.8[b]) demonstrated similar profile extinction 

patterns in parallel to those of ABM-1. The profiles’ lifespans in ABM-2 (V2) followed the ascending order 

P1 < P4 < P3 < P2 with unique profile number extinction rates which were particularly featured in the later 

parts of the extinction curves (Figure 7.8[b]). The heritage group profile P1 showed shorter lifespans as was 

the case in the ABM-1 results, demonstrating the heritage farming generational shift, even though higher P1 

profile numbers existed in the model’s initial stage. In this total farming ABM simulation in the BAU 

scenario, the profiles P3 and P4 were able to maintain long-term stable profile numbers due to the profile 

change processes (selling farmland to different farming practices or changing land-management/crop types 

representing the complex farmland transitions on the fringes). Overall, the ABM-1 results (Figure 7.7[b]) 

based on the sample of farmers represent the total farming population behavioural dynamics in ABM-2 

(Figure 7.8[b]). 

The ABM-2 simulated results for the other two scenarios, the EDS (V1) and EPS (V3), demonstrated the 

comparative results of the profile type extinctions in Figure 7.8[a] and Figure 7.8[c], respectively. The 

profile P3 showed a rapid drop in numbers and a shorter lifespan in V1 compared to the results in V3, due to 

the higher land demand for urban development that exerts pressure on intensified farming land located closer 

to built-up areas. The highest number of farmers represented in the P2 profile maintained a stable number of 

profiles for a longer lifespan and showed a sudden increase, or a “tipping point”, where it attracts many 

farmers for commercial farming practices parallel to the economic development trends in these geographic 

locations. As P1 showed constant lifespans in both scenarios (V1 and V3), this profile extinctions in this land 

system were demonstrated as being inevitable during land transition processes. 

The profile dynamics in the BAU scenario (Figure 7.8[b]) were tested for changes in the spatial 

interaction effects between agents in ABM-2 (radius options; 10, 30 and 50 units considered to be assigned 

to neighbourhood weights [WN] in agent memory calculations) and showed no effect on the profile 

dynamics. These non-significant changes in all three radius options demonstrated minor interactions between 

agents leading to land systems which had less neighbourhood effects contributing to their land-use decisions. 

The results for the other two scenarios (V1 and V2) utilizing the same investigation confirmed the point that 

neighbourhood effects were minimal. 
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Figure 7.9: Total profile number changes by profile type under BAU (V2) 
a) Total profile number changes (VdataALL) in ABM-2; and b) Total profile number changes (VdataALL-2) in ABM-3 

Notes: where the radius = 50 units considered for WN; profile configuration in VdataALL (P1 = 2319, P2 = 2839, 

P3 = 486, P4 = 881) and in VdataALL_2 (P1 = 1236, P2 = 3600, P3 = 486, P4 = 1200). 
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Figure 7.10: Total profile number changes (VdataALL-2) by profile type in three scenarios in ABM-3 
Notes: EDS (V1); b) BAU (V2); and c) EPS (V3) where the radius = 50 units considered for WN; these are the profile 

dynamic curves from the raw data of NetLogo Plotter results (Appendix C7, 3). 
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7.3.3 ABM simulation with alternative profile configuration of population – ABM-3 

The results in ABM-3 (Figure 7.10) demonstrated similar profile count changing patterns in parallel to the 

ABM-2 results, while illustrating slightly different lifespan variations in all profile types. Although the 

profile configuration changed in the ABM-3 agent data set (P2 and P4 increased by 800 and 500 agents, 

respectively), the profile lifespans in ABM-3 (V2) followed the same order as in ABM-2 (V2) as 

demonstrated in Figure 7.9. However, the varied profile extinction rates in the profile P4 (see P4 dynamic 

curves in Figure 7.9[b]) demonstrated its contribution differently to the configuration of peri-urban 

agricultural landscapes. It demonstrated the initial condition of some decision-making profiles (the profile 

numbers) having an influence on profile dynamics of these land transitional processes. Although P1 and P2 

were illustrated with stable profile numbers and constant lifespans in both simulations (Figure 7.9), these 

profiles would experience sudden changes, demonstrating that they can only survive or stable for a certain 

period and that the occurrence of urban sprawl into these areas is inevitable. 

The comparative results of ABM-3 (Figure 7.10) in the three scenarios (V1, V2 and V3), showed 

distinguishably shorter lifespans for the profile P3 in V1, compared to V2 and V3, demonstrating the fact 

that land-governing policies directed in the EDS can affect the decision-making profiles of intensified 

agriculture farmers over the rest of the farming community on the fringes. On the other hand, it showed the 

possibility of maintaining higher P4 profiles (less extinction rates) in V1 even under the EDS scenario policy 

directions. Overall, these results illustrated the following points: these profiles make different configurations 

in static points in peri-urban landscapes, are continually subject to sudden changes as a system and are 

retained only within the period of the profiles’ lifespans.  

7.4 DISCUSSION 

Although ABM has been utilized in land-use research to analyse urban expansions, less attention has been 

given to utilizing farmers as central decision agents when seeking to understand farmland extinction 

processes in peri-urban agricultural landscapes due to urban sprawl. The novelty of this approach involved 

using farming decision-making profiles as primary agents, instead of farming groups identified by their 

physical status (income level, production type, land use, farm ownership or land-parcel extent) as commonly 

utilized in ABM development. In this approach, the developed ABMs were grounded on peri-urban farming 

decision profiles that explored the profile type change processes in three land-governing scenarios to capture 

land-system transitions under different land-governing policy directions on the city fringes of Adelaide. 

7.4.1 Decision-making profile sample representation in ABM 

The ABM-1, developed based on the sampled decision profiles, derived from farmers’ survey response 

clusters in Chapter 6, showed the possibility of parameterising the decision profile behavioural 
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characteristics to develop agent-centric models. In ABM development, the sampled profile’s sensitivity to 

the model environment (land vulnerability), to other agents (other agents in the same profile group—the 

neighbourhood effect) and behavioural actions (associated with decision rules and conditions) are the 

important relative aspects when making assumptions on the profiles’ land-use decisions (presented in detail 

in Figure 7.3 with the ODD + D protocol). These uniquely identified profile characteristics and dynamic 

circumstances for agents’ decisions (Table 7.2) at each agent location and time unit (“tick”) in ABM 

continually updated agents’ memory and age, demonstrating the model’s capability of capturing the 

heterogeneous autonomy of agents’ dependency on their previous state. The model environment, consisting 

of spatially varied ALVI values (in Chapter 4, based on socio-economic and environmental indicators), 

captured the spatial heterogeneity of land vulnerabilities in the studied land system. Due to these points, the 

developed ABM was based on sample agents’ decision-making behavioural characteristics and the spatially 

varied model environment, creating an artificial model that represented the areas of agents’ autonomous 

actions and spatial heterogeneity over time. It was useful to deconstruct the complex land transitional 

processes that originated through the farming profile decisions (individual/as a group) in these peri-urban 

land systems. Moreover, the empirical justifications of the profile behaviours—the clustered farmer grouped 

responses in Chapter 6—were useful for interpreting the profile dynamics (the profile extinction patterns), as 

illustrated through the ABM simulations. 

As described in the previous section (ABM-1 simulation results), the sample profiles showed the 

autonomous behavioural dynamics characterized by the unique profile lifespans and the profile number 

changing patterns in the simulated graphs. These distinguishable profile curves demonstrated the represented 

farmers’ land-use decision behaviour that ultimately caused farmland transitions based on the profile count, 

while emphasising the causal interdependencies between profiles in the land system. Furthermore, these 

profile dynamic curves provided the combinational profile count at each tick point, indicating the land-use 

decision-making profile configuration dynamics in the land system. Although these dynamic curves were not 

aligned solely with the study area land-use changes, they improved the knowledge on profile-changing 

mechanisms (profile lifespans, increasing (or extinction) rates and patterns) that ultimately created non-linear 

complex farmland transitions in peri-urban landscapes. 

The integration of scenario analysis in ABM showed plausible agent behavioural trends in various land 

systems. Comparison of the profile dynamic curves under these three scenarios, namely, the EDS, the BAU 

scenario and the EPS, considered for this analysis (as described in Chapter 4), demonstrated the effects of 

land vulnerability variations (between V1, V2 and V3) for each profile type. The ABM-1 results 

demonstrated the possibility of connecting the profile land-use decision-making characteristics with the 

scenario storylines to justify the profile dynamic curves. These connections improved the knowledge of 

unique profile dynamics (changing lifespans, extinctions and sudden drops) under the vulnerabilities created 
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in the scenario storylines. For example, the dynamic curves of profile type P3—the majority of intensified 

agriculture farmers—in the EDS showed a quicker “tipping point” profile count drop compared to the EPS, 

due to the higher land demands (higher property markets) created in the EDS which can, compared to the 

EPS, potentially transform intensified farmland to urban form more quickly. Alternatively, these scenario 

analyses could be used to identify the long-term profile count dynamic curves in response to different land-

management policy directions which eventually described the probable farmland transition processes in the 

studied land system. For example, the dynamic curves of profile type P2—the majority of commercial 

farmers—in the three scenarios showed an increasing pattern in the farmer count in EDS (V1) > BAU (V2) 

> EPS (V3). It also showed the same pattern of decreasing numbers of the P1 profile (heritage farming) in 

the land system, confirming the point that quick heritage farmland conversions to commercial practices 

would occur more rapidly under the EDS compared to the EPS, as a result of land-management policy 

directions that favoured economic development. 

7.4.2 Developing ABM based on sample profiles 

The demonstrated similar patterns of the profile dynamic curves in ABM-1 and ABM-2 emphasised the 

possibility of using sample data assumptions grounded on empirical observations (farmer survey 

information) to develop an ABM for the entire peri-urban farming community (like ABM-2). The agent 

classifications, based on the sample profile information, created knowledge of the individual farming agents’ 

land-use decision-making behaviours in the entire farming population. The ABMs developed based on these 

spatially distributed agent data sets consisted of agents’ areas of autonomy that are useful in simulating the 

entire farming population dynamics (targeted at the agent type changing patterns) in the land system. As seen 

in the ABM-2 results displayed in Figure 7.8, these simulations provide rich information on the profile type 

land-use transitional trends and lifespans, as well as the emergent land transitional patterns in specific 

geographic areas in the landscapes. As an example, the intensified vegetable gardens (P3) clustered to the 

north of Adelaide and bounded by built-up areas, showed a rapid farmland extinction hotspot that was 

accommodating urban sprawl into these northern peri-urban landscapes. Furthermore, the ABM-2 simulated 

results (Figure 7.8[a], [b] and [c) confirmed the capture of the profile dynamic curve differences under the 

defined scenarios represented by the unique land vulnerability model environments (V1, V2 and V3).  

In addition to information provided by the profile dynamic curves, the detailed spatial data integration 

(spatial data manipulated from the land cadastral GIS data) in ABM provided spatially-explicit dynamic 

profile extinction information on the land system by visualizing the area-specific land transitional processes. 

The spatially-explicit visualization of the profile dynamics in ABM-2 (Figure 7.8) demonstrated the 

dynamics of the intensified agricultural land extinctions on the northern fringes and the landscape 

configuration dynamics of the eastern agricultural landscapes, reflecting the non-linear agricultural land 

transitional processes in a spatial context. Spatially dynamic information in these specific areas is important 
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for interpreting land transitions that have connections with local empirical justifications.  

7.4.3 Peri-urban agricultural land system feedback  

In ABM simulations, the incorporation of spatial interactions between agents was found to be useful when 

capturing the dynamic spatial heterogeneity in land-transitional processes. These interactions have the 

potential to change the associated profile decision-making behaviour when it is highly sensitive to land-use 

decisions of the profiles. As an example, the profile P1—heritage farmers—showed a higher level of 

sensitivity to the neighbouring community than was the case with the profit-oriented farmers, mostly 

represented by P2 and P3, when making land-use decisions (assumptions based on survey results from 

Chapter 6). These neighbourhood effects were however less effective when retaining peri-urban farming 

industries over time, as these profiles were continually exposed to highly competitive markets, thus diverting 

their concerns to financial priorities (rising property values, new market opportunities and labour cost) over 

neighbourhood influences. The ABM-2 (BAU scenario) tested simulated results for neighbourhood effects 

(WN) in three radius buffering zones (spatial analysis radius = 10, 30, 50 units, around the agents at each 

“tick”) confirming that no significant impact had occurred on profile decisions in these simulations, as 

similar profile dynamic curves were maintained under the three spatial analysis options. These results also 

confirmed the occurrence of weakened neighbourhood effects in peri-urban land system dynamics, 

influenced by the existence of neighbouring urban land use, due to urban sprawl (Wu, 2008). Some 

geographic locations, displayed with clustered land transition dynamics in the ABM-2 simulations, were 

mainly due to the decision profile type: properties, sensitivity to the model environment (land vulnerability) 

and resilience thresholds (RTs), represented based on socio-economic status, while having a minimal 

neighbourhood effect. This finding demonstrated the point that, overall, this land system was less self-

organized in terms of farmland transitions due to the minimal neighbourhood effects involved in the profile’s 

land-use decision processes. 

The ABMs tested for alternative profile configurations (ABM-3 vs. ABM-2 in Figure 7.9) showed that 

some profiles (i.e., P4 and P1) demonstrated the effects of the initial profile numbers on the profile dynamics 

in the land system. Furthermore, the comparative results of ABM-2 (Figure 7.8) and ABM-3 (Figure 7.10) in 

the three scenarios showed that the alternative profile configurations simulated in ABM-3 were illustrated, in 

comparison with ABM-2, with different profile configurations in the simulations. These points emphasised 

the path-dependent characteristics of the overall land system, represented by unpredictable non-linear 

farmland transitions and sudden profile number changes that were influenced by the profile pre-conditions 

represented by parameter inputs. The comparative results further demonstrated the processes associated with 

the agents’ (profile) land-change decisions and behavioural autonomy, while being sensitive to the model 

environment which addressed the complexity in these path-dependent land systems. 
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In the ABM simulation results, based on the three scenarios (Figure 7.8 and Figure 7.10), some profile 

dynamic curves showed significant variations in the EDS that, compared to the BAU scenario and the EPS, 

created more demand for land and frequent land fragmentation. In both model simulations (ABM-2 and 

ABM-3), profile P3 (sellers with intensive farming interest) and P4 (multi-functional/hobby farming interest) 

in the EDS showed rapid profile count increases within shorter periods, demonstrating their higher sensitivity 

to situations with substantial economic development policies (the EDS). These quicker profile count 

increases in the land system were mostly influenced by the rising demand for land and the tightening land-

use regulations imposed by land administration on the city fringes. These points demonstrated the anticipated 

profile land-change decision-making behaviours influenced by the EDS, leading to higher land vulnerability 

on the fringes. Overall, the ABM simulation results revealed that the profiles in this land system, under the 

EDS, had a higher sensitivity to land vulnerability. 

7.5 CONCLUSION  

Peri-urban farmers’ land-use decisions drive agricultural land extinctions in the urban fringe land systems 

and consist of complex land-transitional processes. However, limited knowledge has been developed on their 

land-use decision-making behaviours to help in understanding these complex land extinction processes under 

different land-governing policy directions.  

This study focused on exploring the extinction trends of predefined land-use decision profiles (derived 

from farmers’ land-use decision-making behaviours), while examining system feedback in three land-

governing policy scenarios. Spatially-explicit ABM simulations were used to analyse agricultural land 

transitional processes while exposing the profiles to land vulnerabilities created in the three scenarios (EDS, 

BAU and EPS). The ABM simulation results demonstrated the agricultural land transitional processes as 

being highly path-dependent but less self-organized and largely dependent on the land administration and 

economic effects prevalent on the Adelaide city fringes. Furthermore, the simulated results demonstrated that 

the sacrifice of farmland for urban sprawl was inevitable under all three scenarios in Adelaide. The results 

also sounded the alert to the rapidity of farmland transitions (the conversion of heritage farmland to 

commercial practices and intensive farming land uses ultimately increasing farmland fragmentation) in the 

land system, under accelerated financial growth in the EDS that focused on land-governing policies targeting 

economic development. This study shows the possibility of effectively using sampled profile land-use 

decision-making characteristics for developing ABM to understand the complex peri-urban agricultural land 

transitions. However, the limited accessibility of information for farmers’ land-change decision-making 

behaviours (external and internal) for agents’ parameterisations has been identified as the major limitation of 

developing ABM based on farmers’ motivations towards land management on the city fringes. 
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The results show the advantage of focusing in land-management policies on the decision profiles which 

were mostly represented by intensified farming and multi-functional/hobby farmers that were highly 

sensitive to the urban sprawl on the Adelaide city fringes. This agent-based modelling (ABM) approach, 

based on farmers’ decision profiles, can be further improved by underpinning farmers’ concerns on market 

mechanisms in peri-urban areas (Bakker et al., 2015). Although this ABM approach has focused on the 

process accuracies of peri-urban land transitions, it can be further improved by validating the simulations 

through area-specific empirical justifications. 
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CHAPTER 8 – CONCLUDING DISCUSSION  

As the final section of the thesis, this stand-alone chapter discusses the overall 

knowledge improvements achieved in the topic area where the knowledge gaps 

identified in the literature review (Chapter 2) exist, in parallel to the set 

objectives. Although the previous chapters (Chapters 3 to 7) provided detailed 

discussion on chapter-specific methods and results with reference to the study 

area, this chapter addresses the overall research problem in the context of land 

system science (LSS) focusing on the topic area “Peri-urban agricultural land 

transitional processes” through examples from Adelaide. The final part of this 

chapter focuses on concluding the thesis by presenting the overall argument, the 

research approach strengths and recommendations grounded on the findings for 

future improvements in the knowledge of these land transitions in peri-urban 

landscapes.  

8.1 INTRODUCTION 

Overall, this study focused on deepening our knowledge of peri-urban agricultural land transition phenomena 

due to urban sprawl, which has caused significant impact on ecological services, food security and the 

community lifestyle in peri-urban landscapes. A combination of contemporary socio-economic changes, 

deteriorating eco-system services and the influences of dynamic land administration policies has created 

complex land transitional processes in peri-urban land systems. This has caused major challenges for the 

land-use research community when deconstructing these complex land transitions to underpin the causes and 

subsequent effects of agricultural land extinctions in these peri-urban land systems. Moreover, these land 

transitions demonstrate the effects of spatially heterogeneous farmland extinction in peri-urban landscapes, 

further complicating the possibilities of understanding farmland conversions. To address this problem, the 

current study has attempted to improve knowledge in the specific areas that show information gaps within 

the land-system literature. 

This study was mainly designed to explore agricultural land transition phenomena in peri-urban 

landscapes under the following sub-topics: agricultural land presence in land fragmentation zones; land 

vulnerability to urban sprawl; drivers behind land transitions; behaviours of land-use decision-making 

profiles; and overall agricultural land-system dynamics on the Adelaide city fringes.  

The specific objectives established for this study were  

Objective 1: To analyse the peri-urban land-parcel structure and land-use compositional arrangement to 
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investigate the agricultural land presence in land fragmentation zones. 

Objective 2: To analyse peri-urban agricultural land vulnerability at a local level, under opposing policy 

directions.  

Objective 3: To explore peri-urban farmer characteristics, the drivers behind land-use decisions, the decision-

making profiles and their land-use decision behaviours. 

Objective 4: To explore agricultural land transition process characteristics and responses of land system 

dynamics under varying agent-based model (ABM) environments.  

By reviewing over 330 referenced articles (see Chapter 2) in the area of land system science (LSS) and 

associated sub-topics, several information gaps were identified, while suitable methods used to address these 

gaps were evaluated. Furthermore, this literature review evaluated the advantages of the methods selected for 

this research over the techniques commonly used in land-change science—such as remote sensing, cellular 

automata (CA) and numerical modelling methods—for exploring the implications of urbanization on peri-

urban land-use transitions. Parallel to the above research objectives, the following information gaps were 

identified through the literature review in Chapter 2: 

• Agricultural land presence in land fragmentation areas.  

• Peri-urban agricultural land vulnerability in local government administrative areas.  

• Underlying factors which drive peri-urban farmers’ land-use decisions.  

• Farmers’ land-use decision-making profiles and the decision rules. 

• Agricultural land transition processes in peri-urban landscapes under the dynamics of land-

management policy directions. 

The study’s key empirical findings are summarized within their respective chapters (Chapters 3 to 7). The 

knowledge obtained through these empirical findings with reference to the Adelaide city fringes are listed 

against each chapter topic area in Table 8.1 below. 

This is the author’s original contribution to the knowledge of land system science (LSS) in the area of 

peri-urban agricultural land systems. 
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Table 8.1: Contribution to the knowledge of land system science (LSS) in each chapter of thesis 

Chapter Topic Contribution to LSS knowledge improvement  

3 Analysis of land use on urban 

fringes 

• Identified land fragmentation zones in the peri-urban 

landscapes.  

 

• Showed the advantage of spatially quantifying agricultural land 

in the land fragmentation zones, for informed land-management 

decisions. 

4 Agricultural land vulnerability 

on urban fringes 

 

• Spatially quantified the ALVI in three scenarios, representing 

land-management policy directions ranging from economic 

development to environmental protection. 

 

• Identified variations in agricultural land vulnerability in local 

government administrative areas.  

5 Drivers of peri-urban farmers’ 

land-use decisions 

 

• Explored peri-urban farmers’ characteristics and land-use 

decision preferences in the study area. 

 

• Derived key factors driving peri-urban farmers’ land-use 

change decisions while demonstrating links between primary 

and latent factors (drivers) in the study area. 

 

6 Peri-urban farmers’ land-use 

decision-making profiles and 

decision behaviours 

 

• Derived land-use decision profiles in terms of peri-urban 

farmers’ land-management motivations. 

 

• Identified the profiles’ land-change decision behaviours in 

terms of their properties and decision rules for complex land-

system modelling.  

7 Agent-based simulations of 

peri-urban land transitions 

• Developed an ABM using farmer decision-making profiles for 

investigating peri-urban agricultural land transition phenomena. 

 

• Evaluated agricultural land transition dynamics in three 

different scenarios using ABMs representing the farmer 

population of the Adelaide city fringes. 

 

The following section synthesises the empirical findings from the Adelaide city fringes to address the 

specific research objectives of this study. 
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8.2 IMPLICATIONS OF URBANIZATION ON PERI-URBAN 

AGRICULTURAL LAND EXTINCTION  

Australian cities are highly urbanized. As is the case with the other major Australian cities, Adelaide is 

subject to urbanization due to population growth (external migration) and employment opportunities created 

during the past few decades. Adelaide’s rising need for infrastructure development, dwellings and 

commercial facilities has created a significant demand for peri-urban land predominantly consisting of 

agricultural farmland. Contemporary socio-economic changes and local land management have a substantial 

effect on land-parcel arrangements (land cadastre) in peri-urban landscapes that display a range of high to 

low land-parcel densities. Peri-urban land closer to commercial facilities, major road networks and housing 

development areas shows a higher possibility of changing the spatial structure of its land-parcel arrangement 

(by land subdivisions), compared to the larger land parcels surrounded by medium and large agricultural land 

parcels in rural areas (Pearson et al., 2010). However, these spatially heterogeneous differences are 

indistinguishable in land cadastral data sets when identifying the land fragmentation zones in Adelaide. 

Chapter 3 addressed this issue by proposing urban-to-rural (U–R) gradient transects in combination with 

landscape metrics (parcel density [PD] vs. mean parcel density [MPS]) to examine the extremely fragmented 

areas within the study area. When considering the land-parcel arrangement along the three transects from the 

city centre to peri-urban areas, the results demonstrated a common range of 7 N/km2 < PD < 35 N/km2 in the 

land fragmentation zones on Adelaide’s fringes. Furthermore, these ranges were used to identify the land 

fragmentation zones along the three transects and to spatially quantify the agricultural land within the zones 

and total transect cells. The results demonstrated a significant difference in agricultural land presence within 

the fragmentation zones compared to the total extent of agricultural land within the transects. These results 

clearly indicate the advantage of identifying farmland (primary industries) within the fragmentation zones for 

targeted land-management practices with the higher possibility of converting this farmland to non-

agricultural land uses in these peri-urban landscapes. By classifying land uses by production type, the less-

regulated horticultural land uses are concluded as being the land-use type exposed to the highest possible 

degree to urban sprawl, compared to the larger presence of livestock land in the Adelaide peri-urban areas. 

To improve the robustness of this method, the author suggests applying it in urban fringe landscapes in 

different geographies. 

In this attempt, urban-to-rural (U–R) gradient analysis was applied on the Adelaide city fringes that are 

arranged with larger areas of farmland in the rural hinterland without any larger cities existing closer to these 

fringes, with this like the North American urban fringe land-parcel arrangements. However, application of 

this urban-to-rural (U–R) transect method can vary in alternative urban fringe landscapes, such as the city 

peripheries of European nations which are mostly characterized by fragmented and small-scale farmland as 

well as closer cities that share common peri-urban areas (Verburg et al., 2008, Corbelle-Rico et al., 2012) 
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and city fringes in eastern Europe with limited information on landscapes (Plieninger et al., 2016). The 

application of this urban-to-rural (U–R) gradient technique in developing nations, such as the countries of 

East/South-east Asia with cities of high population densities and limited smaller areas of farmland (Wang et 

al., 2017, Schneider et al., 2015, Anseeuw et al., 2012, Hassan, 2017); highly dense African cities with 

abundant/smaller areas of farmland (Murayama et al., 2015, Makita et al., 2010, Hou et al., 2016); or cities in 

South America commonly characterized by high elevated terrain and limited agricultural land presence due 

to rural–urban migration (Aide and Grau, 2004), can be varied based on specific spatial land-parcel 

arrangements in these geographic areas.  

Variations in application could occur in terms of the transect length; PD versus MPS dependencies (the 

definition of a unique PD range to identify land fragmentation zones); and empirical evidence of land use in 

the studied geographies. Therefore, this method could be used to investigate specific-area land fragmentation 

zones, while identifying farmland located within these zones when prioritising land-management practices. 

The author also identifies the likelihood of integrating this technique with environmental impact assessments 

(EIAs), as it is highly regarded in peri-urban land management, to identify urban fringe farmland with a 

greater exposure to urban sprawl.  

The urban-to-rural (U–R) gradients have been widely applied on North American city fringes to 

understand land transitions and associated effects due to the expanding cities nearby (McDonnell and Hahs, 

2008, Weng, 2007, Bridges et al., 2007, Luck and Wu, 2002). Moreover, on many occasions, the urban-to-

rural (U–R) gradient analysis has been successfully used in European cities to investigate land-use changes 

due to urban sprawl (Haase and Nuissl, 2010, Vizzari et al., 2015, Larondelle and Haase, 2013). However, 

very few research attempts have considered using urban-to-rural (U–R) gradients with landscape metrics to 

understand the effect of urbanization on peri-urban agricultural land transitions around the cities of eastern 

Europe, Asia (except for eastern China [Zhang et al., 2016]), Africa and South America. To improve the 

knowledge on anticipated farmland extinctions from urban expansion, the author highlights the importance 

of applying this method in cities experiencing rapid urban growth and exhibiting limited concern for 

farmland preservation. Overall, this method has the potential to improve the understanding of the effects of 

urbanization on peri-urban agricultural landscapes by spatially quantifying the extent of farmland within 

fragmentation zones. Furthermore, the plotted land-use configurations embedded within the urban-to-rural 

(U–R) gradients present a visualization of the changing patterns of land use along the gradients, with this 

useful for developing area-specific information for land-use analysis. These quantifications are important for 

land-use researchers and land-management practitioners to identify the magnitude of current urbanization 

impacts on peri-urban landscapes, ecological services and local community lifestyles. 
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8.3 LOCAL LAND ADMINISTRATIVE POLICIES AND AGRICULTURAL 

LAND TRANSITIONS IN PERI-URBAN AREAS 

The local land administrative policies play a major part in land-use planning and management in peri-urban 

areas. As a result of urban pressure from nearby cities, land in peri-urban zones is frequently subject to land-

use changes due to “push” factors (i.e., increasing employment opportunities, property value, future 

development zones, services and expanding infrastructure to rural areas), while restraining the sprawl with 

“pull” factors (i.e. land zones conserved by legislation, farmland with higher economic returns). This leads to 

non-linear land-use transitions on the city fringes. Land-use planners and policy makers seek justifiable 

evidence to select strategic land-management solutions in these landscapes when maintaining peri-urban 

landscape sustainability. As one of the major land-use types on the city fringes, agricultural land uses are 

often subject to conversion into non-agricultural practices to satisfy the growing demand for land (Pannell 

and Vanclay, 2011, Ichikawa et al., 2006, Lee et al., 2009). However, only limited attempts have been 

undertaken to identify land vulnerability (land-use conversion) to urban sprawl and to estimate the risk of 

agricultural land conversions in a spatial context.  

Chapter 4 addressed this issue by proposing spatially-explicit multi-criteria methods integrated with 

scenario analysis, using the Adelaide city fringes as a testing site. Although Chapter 3 was focused on three 

transects, Chapter 4 considered the entire peri-urban area of Adelaide as a study area for investigating land 

vulnerabilities in a spatial context. In this attempt, the Agricultural Land Vulnerability Index (ALVI) values 

were derived through six geographically weighted indicative parameters that significantly impacted on 

agricultural land extinction in Adelaide. By focusing on the major aspects of urban sprawl on city fringes 

(i.e., institutional effects such as land-use planning/management, and socio-economic and physical land-

use/land-parcel arrangements), the parameters were classified as follows: institutional effects (development 

and protected zones); socio-economic influences (property market value, financial strength by agricultural-

production type); and physical land arrangement (steep terrain and land fragmentation zones). However, 

applying this method in different peri-urban/geographic areas would benefit from selecting parameters based 

on the effects of institutional, socio-economic and physical status specific to the study areas. A detailed 

reflection of the socio-economic effects in parameter representations could also more precisely identify land 

vulnerabilities. 

The spatially-explicit results of the current study demonstrates the spatial heterogeneity of land 

vulnerabilities in the studied landscapes. In peri-urban land systems, the trade-offs between urban expansion 

(“push”) and the power to restrain urban sprawl (“pull”) create spatially heterogeneous land vulnerabilities in 

specific locations. This provides evidence for the patchy evolution of land-use changes on urban fringes, due 

to area-specific complex land transitions. These non-homogeneous land vulnerability estimates are important 

in identifying locations where agricultural land is at risk due to urban sprawl. This provides grounds for 
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exploring connections between the causes and the effects occurring at specific geographic areas. The 

knowledge developed on land vulnerability is useful when identifying the risk of farmland conversions to 

non-farmland uses, under different land-management policy directions. 

The plausible scenario representation of this analysis has demonstrated the situation-based land 

vulnerability variations in a spatial context, answering the question “in what situations does urban sprawl 

accelerate and where is land vulnerability significantly increased?” by demonstrating the initial set-up of the 

land system and the magnitude of the impact under these situations in different locations. This helps in 

understanding the location-specific trade-offs (“push” and “pull”) and the effects under different land-

management policy set-ups. This information is highly regarded by land-use planners and policy makers to 

identify what type of land management strategies affect peri-urban landscapes and where it can occur in 

different magnitudes.  

Land-use researchers have identified the advantage of using scenario analysis for evaluating land-

management policies in complex land systems (Verburg et al., 2010, Thapa and Murayama, 2012, Adams et 

al., 2016). Although this study has investigated land vulnerabilities in three scenarios under the spectrum of 

land-management policy options (the EDS, the BAU scenario and the EPS), there is the possibility of 

expanding this method to investigate scenario-based land vulnerabilities with temporal dynamics for future 

predictions. However, in this attempt, the author focused on developing three sets of land vulnerability 

model environments for the ABM, representing the spatially-explicit impact on agricultural land uses under 

the selected land-management policy directions. 

The development of a scenario’s storyline provides a foundation for analysis. Although this study defined 

the scenarios based on study area-specific local knowledge and planning reports, this method could be 

further improved at a different study site by incorporating the broader view of stakeholder engagements. As 

an example, a recent scenario’s planning attempt in the northern coastal areas of the same study area has 

successfully used broader representation of stakeholder participation to define the storyline for its scenario 

analysis (Sandhu et al., 2018). The importance of wider stakeholder engagement and strong empirical 

justifications in a developed storyline in land-system analysis is also demonstrated through the studies of 

other authors (Griewald et al., 2017, Westhoek et al., 2006, Patel et al., 2007, Herrero et al., 2014). 

In this analysis, the unique land vulnerabilities exhibited in the local government areas emphasised the 

advantage of developing local government area-based knowledge of the farmland at risk, to select strategic 

land-management policies at the level of local peri-urban land administration. Transferring the knowledge 

(spatially-explicit land vulnerability information) into land-use planning or land-management practices is 

challenging in local government land administration. The author has identified the advantage of 

incorporating this land vulnerability information into spatial data sets (GIS layers): these are readily 
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available for integration with the current local government area land-use planning spatial-analysis tools to 

offer evidence for strategic policy decisions. Moreover, spatial information on land vulnerability can fulfil 

the need for common information media to be used to identify the implications of location-based urban 

sprawl on productive agricultural landscapes, among local government land administration and stakeholder 

policy groups represented at different levels (Bateman et al., 2013). Overall, this study (in Chapter 4) was an 

attempt to improve the level of knowledge of peri-urban agricultural land vulnerabilities under different 

land-management policy directions, through the views of land-use planners and policy makers. 

8.4 DRIVERS FOR PERI-URBAN FARMERS’ LAND-USE CHANGE 

DECISIONS AND DECISION BEHAVIOURS 

Peri-urban farmers’ land-use change decisions make a significant contribution to the transformation of peri-

urban farming landscapes into non-farming land uses by deciding on the continuation of farming businesses 

or to sell the farmland, under their own land-management implications. These decisions affect the rate of 

urban sprawl into peri-urban landscapes. Understanding the rationale behind these decisions is a complex 

task due to wider insights of external considerations (such as markets for their production, water accessibility 

and climate changes) and internal considerations (such as labour, return on investment [ROI], debts, family 

and health). The investigation of key drivers behind these complex land-use decisions is important to reveal 

the factors which have greater influence on land transitions. The land system science (LSS) literature shows 

that only limited knowledge has been developed on farmers’ land-use decisions in these peri-urban areas that 

demonstrate substantial human–environment interactions.  

Chapter 5 addressed this knowledge gap by surveying a sample of farmers representing the peri-urban 

farming population in Adelaide, South Australia, while statistically investigating their farming characteristics 

and the key drivers behind their land-use change decisions. The initial statistical tests confirmed the absence 

of any significant correlations between the farmers’ land-use decisions and their age group or industry type, 

demonstrating the complexity of the land-change decision processes in these peri-urban areas. The latent 

factors derived through EFA over the 16 factors considered by the farmers to influence farm success showed 

higher factor loadings for the following primary factors: climate change (long-term/severe conditions), 

labour cost, return on investments (ROIs), investment in new technologies and water accessibility on the 

fringes of Adelaide. The emergence of internal economic factors, such as labour cost and investment in new 

technologies which were not identified as priority concerns by the farmers for their farming business success, 

demonstrated the advantage of using EFA to investigate the key drivers behind farmers’ land-use decisions. 

Furthermore, the latent factors derived from 12 primary factors (considered for land-use change decisions in 

the situation where their farming business was not considered viable) showed higher factor loadings for the 

following primary factors: water accessibility, property market value, availability of buyers in the area, 
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drought conditions and government regulations on waste water or farming practices. These results 

demonstrate that the local economy, the environment and local land administration play a major role in 

farmers’ land-use decisions on the Adelaide fringes. Overall, the above points reveal that the key drivers 

behind farmers’ land-use decisions have internal and external considerations for farmland transitions on 

Adelaide city fringes, which could potentially change in different geographies with area-specific land-system 

arrangements. 

Applying this technique in contemporary peri-urban land systems can be especially challenging due to the 

substantially varied local conditions that drive agricultural land-change decisions. As an example, in the 

contemporary peri-urbanization occurring due to rapid government-led land-use changes on the fringes of 

eastern Chinese cities (Shanghai, Tianjin and Shenzhen) (Bai et al., 2011, Tian et al., 2017), peri-urban 

farmers (including heritage farmers) have limited options when deciding to continue their farming practices 

on their heritage farmland (Tian, 2015). In this situation, the government-led land-change policies will 

appear to be the key driver controlling the land transitional processes while leaving very limited room for 

farmers to decide whether to remain in their farming businesses in these rapidly developing peri-urban zones. 

Also, when applying this exploratory approach in developing nations (city peripheries of South-East Asian 

and African cities) that are commonly characterized by less regulated land, farms with low economic returns 

and abandoned farmland (Mertes et al., 2015, Murayama et al., 2015), it is necessary to carefully select the 

evident area-specific factors for farmland transitions including the economic shift from farming to small-

scale industries. Furthermore, when applying this method to research on the fringes of heritage cities that 

exhibit teleconnections and higher concerns about climate change (such as cities in the European Union 

having direct trade relationships with other world nations [Roberts, 2014]), it is necessary to represent the 

variety of socio-economic factors that have a substantial influence on local farmland transitions. 

Chapter 6 addressed another key knowledge gap that emerged through this study’s literature review: 

“what are the farmers’ land-use change decision-making profiles and their decision rules in peri-urban land 

systems?” Based on the peri-urban farmers’ questionnaire survey in Adelaide, four land-use change decision-

making profiles were derived by clustering the farmers’ responses (grouping them by response patterns), 

while exploring the decision behaviours of the grouped participants. In this approach, the author 

demonstrated the possibility of classifying the land-change decision-making profiles in terms of their 

motivation towards land management. The derived four profiles were as follows:  
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P1 (Heritage interest):  Highly attached to the farmland and less profit-oriented. 

P2 (Commercial interest): Large-scale commercial farming businesses (profit-oriented but caring for 

the farm environment).  

P3 (Selling interest): Highly profit-oriented (intensive farming), less attachment to the farmland 

and less caring of the farm environment. 

P4 (Multi-func./hobby interest):  Farmers with commercial interest/hobby farmers’ involvements (less profit-

oriented but highly caring for the environment). 

These derived profiles distinguished the targeted differences in land management of their respective types of 

farmers in the peri-urban areas. These results carried the different dimension of identifying the decision-

making profiles and the land-change decision rules to deconstruct the complexity associated with their 

farmland transitions. 

By grouping the farmers based on similar objectives for their farming businesses, these emerging clusters 

helped to identify their decision-making profiles as farmers with similar attitudes and opinions on land-

change decisions were grouped together. Once the grouped participants were identified as a profile, their 

land-use change decision behaviours could be uniquely identified in these land systems. In this exploratory 

approach, statistical investigations demonstrated that the profile P3 (farmland sellers) had tight clusters (less 

cluster variability between participants) while the other three profiles (P1, P2, P4) showed loose clusters. 

However, each of these three profiles was characterized by distinguishable behavioural differences. The 

demonstrated strong clustering of the farming participants in profile P3 (farmland sellers)—their land-change 

decisions having the highest impact on land conversions—shows the robustness of this approach in 

understanding farmland transitional processes in complex peri-urban land systems.  

8.5 EVALUATION OF FARMLAND TRANSITIONAL PROCESSES ON 

CITY FRINGES 

Land-use modellers are often challenged by the complexity associated with land transitional processes in 

peri-urban landscapes with extensive human–environment interactions. The LSS literature is developing, but 

limited knowledge on peri-urban farmland transition dynamics is often experienced in many city peripheries 

around the world. Chapter 7 of this thesis has addressed this gap by developing agent-based models (ABMs), 

representing the “agents” of the derived farmland decision-making profiles and using spatially-explicit land 

vulnerabilities as the “model environment” in which to evaluate the complex farmland transitional processes 

in the study area on the peripheries of Adelaide. To understand the transitional processes, the developed 

ABMs were focused on maintaining the accuracy of land transitional processes by defining the properties of 

the agents (groups of farmers/farmland decision-making profiles) and the behavioural functions, with these 

represented by information from the farmers’ survey and local empirical observations. Furthermore, this 
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study was extended to examine farmland transitions under different land-management policy directions to 

explore the sensitivity of the decision-making profiles (agents) to the model environment through these 

tailored ABM simulations.  

The developed ABMs were focused on addressing major complexity challenges: spatial, behavioural and 

temporal dynamics associated with these farmland transitional processes. In this modelling exercise, spatial 

complexities were addressed by focusing on the following: spatial auto-correlations (by examining agents 

with similar profiles in defined proximities with a set radius), spatial dependency (by integrating spatially 

distributed land vulnerability in the model environment) and spatial heterogeneity (by changing the spatial 

diversity of agents in the system in ABM-3) in these farmland transitions. In many instances, the system 

behavioural complexities were addressed, by measures such as: path dependency (PD) of the agents (by 

maintaining the agents’ previous knowledge as “memory” that was updated at each model iteration) and 

agents’ behavioural complexities (by identifying the derived profile agents as specific class-based objects in 

NetLogo—with code to represent the unique decision rules for their actions and to capture the multiple goals 

of these profiles through the assigned conditions for their actions). Furthermore, the behavioural complexity 

(path dependency) of this land system was examined by incorporating varying model environments through 

meaningful scenario analysis in a spectrum of policy directions (the EDS to the EPS). This scenario-based 

analysis helped in developing an understanding of the path-dependent trajectories of the alternative land-

management policy implications for farmland transitions. In the ABM simulations, the temporal 

complexities of the agents (profiles) were addressed by assigning unique life expectancies and a “starting 

age” while assigning constant (annual) periods for the iterations. Overall, the spatial, behavioural and 

temporal complexities of the farmland transitional processes were represented in the developed ABM 

simulations. 

The ABM simulation results demonstrated the opportunity of using the farmers’ land-use decision-

making profiles as the agents in these land systems to gain an understanding of the farmland extinction 

processes represented by the disappearance of farmers and conversion of their farmland to different land-use 

practices over time. Although some profiles showed constant and stable lifespans in the profile dynamic 

curves (P1 [heritage] and P2 [commercial]), the developed tipping-points midway into the simulations 

demonstrated that the farmers’ extinction (P1 [heritage]) or increased commercial farming (P2 [commercial]) 

in this land system were inevitable, after a certain time. Furthermore, the unique profile’s dynamic curve 

patterns of the profiles P3 (sellers, intensive farmers) and P4 (multi-functional/hobby farmers) significantly 

increased the profile count midway into the simulations. This showed subjective variabilities in the land 

extinction processes that explained the higher risk of increasing these types of land uses in the land system, 

as they can easily be converted into non-farming practices due to the pressure of urban sprawl in Adelaide. 

This path-dependent feedback demonstrated the profiles’ behavioural dependencies with the 
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initial/previously experienced situations in the simulations. 

The unaffected dynamic curves of all four profiles in varied spatial proximities of the neighbourhood 

(varying radiuses – analysing the spatial correlations between individual agents belonging to the same profile 

type) demonstrated the farmers’ individuality in their land-change decision-making behaviours that had the 

least effect on farmland transitions. This provided evidence for less self-organization of the profiles in land 

transitions, indicating their autonomous adaptive preferences for their-land-change decisions. This was 

further confirmed by the higher percentage of farmers residing off site, with less consideration for their 

neighbourhood when making land-use decisions on the Adelaide city fringes.  

In the study’s scenario-based simulations, the sensitivity of the tested profiles to the three land-

management policy trajectories indicated that profiles P3 (intensive farmers) and P4 (multi-functional/hobby 

farmers) were highly sensitive to these policies, compared to the profiles of heritage or commercial farmers 

who were represented with stable and constant lifespans. The rapidly increasing profile count represented by 

these types of farmers (P3 [intensive], P4 [multi-functional and hobby farmers]) in a high economic 

development scenario (EDS), demonstrated that the expected urban sprawl into these landscapes would 

occur, particularly at the cost of heritage and larger commercial farmland with less economic returns. The 

conversions of these types of farmland are highly dependent on the emergent economies in these peri-urban 

areas due to rising property market values and local demand for their production. Due to the small scale of 

their farming practices, these farmers can make quick decisions to sell the farm, in comparison to heritage 

farmers or large-scale commercial farming businesses. Therefore, these land conversions latently, but 

substantially, contribute towards the peri-urban landscape transition.  

The accelerated farmland transitional trends on the northern Adelaide fringes provide indicative evidence 

for converting these types of farmland (characterized by grazing and intensive farming) into housing 

development. Furthermore, hobby farmers and multi-functional farmers with lower economic returns, whose 

farms are located beyond the eastern hilly conservation areas, also indicate a higher tendency for 

transforming their farmland into non-agricultural practices to maintain their wealth. The land-governing 

authorities have the legal mandate to manage these farmlands by regulating land use, subdivisions and 

natural resources within the farms. However, these authorities have given less attention to the evaluation of 

alternative land-use policies when assessing the impact of these farming practices on the Adelaide city 

fringes. These points show the advantage of evaluating alternative land-management policies to identify the 

farmlands with a major contribution to make in transforming productive agricultural landscapes into urban 

form on the fringes of Adelaide.  

In this approach, the knowledge, developed in the ABM simulations that captured the complexities of the 

farmers’ land-use change decisions, was used to examine the farmland extinction phenomenon on the 



 

177 

 

Adelaide city fringes. However, the method and application of this approach in different peri-urban areas 

needs to be tailored to represent area-specific profiles (based on farming motivations) and farmers’ 

autonomous decision behaviours while focusing on the sensitivity of the profiles to the tested model 

environments. The identification of these sensitive profiles is important for targeting strategic land-

management policies for specific farmland uses and effective land management on urban fringes.  

8.6 CONCLUSION AND RECOMMENDATIONS 

This study was mainly designed to explore peri-urban agricultural land transition phenomena due to urban 

sprawl using Adelaide, South Australia, as a study area. In parallel with the key research objectives, this 

study developed the knowledge on the agricultural land areas; their presence in land fragmentation zones; 

farmland vulnerability in specific local government areas; farmers’ land-use change decision-making 

behaviours; land system transitions; and feedback under plausible scenarios. In the developed ABMs, the 

identification of agents as decision-making profiles in terms of their land management motivations (heritage, 

commercial, sellers with intensive farming interest and multi-functional/hobby farming interest) brings a new 

dimension to exploring the complex land transitions on the city fringes.  

The ABM simulation system feedback showed that the extinction of agricultural land on the fringes of 

Adelaide due to urban sprawl is unavoidable over time. Specifically, the results demonstrated the advantage 

of managing long-term commercial farming businesses and heritage farms to restrain urban sprawl from 

entering the peri-urban landscapes in Adelaide. By facilitating the gradual conversion of heritage farms with 

shorter lifespans to stable commercial farming investments with longer lifespans, the power of this land 

system to restrain urban sprawl could also be increased. Furthermore, the study’s results showed the urgent 

need to focus on land administration policies that affect farmland consisting of intensive, multi-functional 

and hobby farms with these exhibiting a higher risk of conversion to non-agricultural practices on the urban 

fringes.  

Based on the knowledge developed in this research, the author has identified the advantage of “preparing 

the peri-urban” for the anticipated urban sprawl in the near future by establishing long-term sustainable land-

management goals to avoid irreversible changes to the current peri-urban landscapes. To prepare “the peri-

urban” for such future challenges, a broader dialogue needs to exist with wider stakeholder participation 

(including land-governing agencies, planners, politicians, community leaders and academics) to evaluate the 

plausible land-transitional options that aim to increase human well-being, economic development and 

ecological services in the peri-urban regions. This will assist stakeholders to agree on sustainable, area-

specific goals (i.e., the kinds of landscapes required in these areas in the future) and to establish long-term 

development goals in State and local government development plans and legislation to streamline future 
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peri-urban land-use transitions. 

A major limitation experienced in this research was the requirement to collect a large amount of 

information on farmers’ socio-economic factors, their properties and land-use change decision-making 

behaviours in order to parameterise the agents in the ABM development processes. Although this study was 

focused on the Adelaide city fringes, diverse case studies targeting the area-specific complex peri-urban 

farmland transitional processes could further improve the knowledge in different geographies. The LSS 

research community could further explore these peri-urban farmland transitions by focusing on farmland 

vulnerabilities and policy implications in local government areas as well as by undertaking detailed 

examinations of social and micro-economic factors driving farmers’ land-change decisions. Identification of 

farmers’ land-change decision-making profiles could also be investigated by focusing on their land-

management motivations for the ABM simulations, as profiles extremely sensitive to plausible peri-urban 

scenarios were prioritised for land-system analysis. 
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APPENDIX C3:  

Homing in on city fringe land use 

Small-scale livestock agistment and hobby farms near city fringes 

are most vulnerable to development, says Flinders GIS researcher 

Suranga (Sam) Wadduwage. 

Pockets of small landholdings used for hobby farms and grazing are 
most susceptible to urban infill and industrial development, leaving 
larger horticultural and dryland farms for food production, according to 
Flinders University researchers. 

A new spatial planning tool, based on maps of Adelaide and its surrounding areas, could be adapted and used in rapidly 
growing cities in Australia and overseas to improve urban planning and major infrastructure development, says Professor 
Andrew Millington, an expert in Geographic Information System (GIS) and land science at Flinders University’s School of 
the Environment. 

“We’ve used this GIS mapping technique to draw up a vulnerability map of the Adelaide region. It shows a number of 
highly fragmented peri-urban areas which could be targeted for land development as the city grows,” Professor Millington 
says. 

“According to our metrics of State Government data, there are several areas with marginal economic value which are 
most susceptible to development, including hobby farms to the south and north of Adelaide. 

“They could be the focus of development in order to preserve those valuable and often more economically viable food 
production farming areas in the future.” 

While smaller horticultural and livestock grazing land is increasingly falling prey to housing, roads and other development 
on Adelaide’s urban fringes, dryland farming, larger-scale horticultural enterprises and heritage-protected vineyards are 
generally less vulnerable. 

Around Adelaide, the researchers identified several key areas currently most vulnerable to development, including: 

• To the north of Adelaide – the Gawler Belt, north of Virginia and the western end of the new Northern 
Expressway, between Edinburgh and Virginia. 

• To the south – the O’Halloran Hill-Black Rd and Kangarilla areas 

• To the east – some patches around Mt Barker and the Littlehampton hills-face zone. 

“The test of this technique would be to apply it to another city which is expanding rapidly to see the potential hotspots 
which could be rezoned to encourage industry and developers to concentrate on acquiring these areas,” Professor 
Millington says. 

However, these peri-urban agricultural lands which are more vulnerable for fragmentation can be protected with 
community engagement and other support, says the lead researcher Suranga Wadduwage. 

Major city urban planning to reduce urban sprawl would benefit from close examination of underutilised, less productive 
land over more valuable, capital intensive food and wine agricultural land. 

Apart from the planning authorities, these peri-urban areas come under the radar of different stakeholder policy 
networks, such as primary production, NRM boards and conservation groups, Mr Wadduwage says. 

“It is possible to take an alternative view and rally the support of these stakeholder networks in collective planning 
strategies. 

“These landholdings subject to lower economic returns can have a sustainable and enduring future rather than be 
consumed by urban developments, which has irreversible consequences for a city’s future.” 

Urban sprawl puts hobby farms in the firing line 

https://indaily.com.au/news/local/2017/04/28/urban-sprawl-puts-hobby-farms-firing-line/ 

https://indaily.com.au/news/local/2017/04/28/urban-sprawl-puts-hobby-farms-firing-line/
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APPENDIX C5: 

Ethics approval for data collection 

FINAL APPRO VAL N O TIC E  

Project No.: 7043 

 

Project Title: Agricultural Land Dynamics at the Urban Fringe: Adelaide 

 

Principal Researcher: Mr Suranga Wadduwage 

  

Email: wadd0025@flinders.edu.au  

 

 

Approval 

Date: 
9 November 2015 

 
Ethics Approval Expiry Date: 1 January 2019 

 

The above proposed project has been approved on the basis of the information contained in the 

application, its attachments and the information subsequently provided with the addition of the 

following comment(s): 

Additional information required following commencement of research: 

1. Permissions 

Please ensure that copies of the correspondence granting permission to conduct the research from the 
individuals and/or organisations involved (i.e., Mayor, City of Playford; Mayor, City of Onkaparinga; 

Mayor, Adelaide Hills Council) are submitted to the Committee on receipt. Please ensure that the SBREC 

project number is included in the subject line of any permission emails forwarded to the Committee. Please 

note that data collection should not commence until the researcher has received the relevant permissions 

(item D8 and Conditional approval response – number 7). 

mailto:wadd0025@flinders.edu.au
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Survey introductory letter 
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Questionnaire survey form 
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Exploratory factor analysis results 

1. Latent factor analysis (LFA) in SPSS for Question 8 

Initial factor analysis results in SPSS - Q8 for 16 Primary Factor analysis  

 

2. Latent factor analysis (LFA) in Mplus: Question 8 for analysis of 16 primary factors  

Represent 3 significant factors Eigenvalue > 1   

 

1 2 3 4 5 1 2 3 4 5 1 2 3 4 5

Labour cost .780 .182 .073 -.083 -.154 -.095 .625 .090 .081 .028 .634 .133 .039 .105 -.197

Maintenance cost .670 .234 -.063 -.004 .086 .127 .631 .161 .028 .054 .548 .213 -.025 .148 -.037

Investments in new machinery or technology -.022 .052 .843 -.096 .250 -.106 .028 .025 .016 .603 .035 .026 .677 .044 -.018

Selection of crop type or farming practise .480 -.131 -.236 -.152 .169 .090 .372 .011 .199 -.123 .394 -.018 -.143 .196 .087

Overall financial return on investment (ROI) .868 .074 -.039 -.110 -.131 -.109 .884 -.045 .031 -.099 .854 .024 -.068 .084 -.229

Water accessibility .126 .746 -.227 .082 .007 -.083 .057 .754 -.122 -.182 -.010 .828 -.161 -.012 -.160

Soil fertility .246 .236 -.531 .000 .150 -.021 .048 .383 .247 -.449 .111 .293 -.372 .189 .091

Climate change -.149 .610 -.103 -.275 .322 .136 .003 .590 -.042 .040 .060 .535 .019 -.109 .342

Severe climate events .120 .658 .151 .043 -.006 -.006 .063 .341 .009 .034 .058 .345 .053 .009 .021

Previous farming experience .657 -.061 .054 .387 .335 -.098 .198 .029 .519 -.028 .068 .048 .005 .748 -.156

Neighbouring farmer crop/livestock choices -.004 .252 .148 -.043 .772 .156 -.055 .423 .308 .220 -.042 .327 .183 .335 .319

Farming heritage of your family .534 -.253 -.031 .094 .476 .086 .065 -.125 .805 -.033 .204 -.167 -.037 .604 .181

Having your owned land -.109 .016 -.544 -.164 .480 .955 .079 .008 -.002 -.151 .067 .086 -.312 .057 .451

Being part of a cooperative and/or  farming 

group

.106 .030 .002 -.787 -.021 .039 .268 .115 .003 .023 .384 .049 .030 -.112 .167

Access to finance .684 .001 -.084 -.213 -.053 .096 .806 -.085 -.082 .014 .724 -.036 -.056 .003 .004

Crop insurance .388 -.151 .143 -.506 .155 -.032 .371 -.023 .214 .062 .479 -.085 .099 .085 .135

Component 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5

1 1.000 .108 -.121 -.190 .282 1.000 .153 .267 .146 -.097 1.000 .308 -.118 .506 .230

2 .108 1.000 -.103 -.109 .126 .153 1.000 .360 .564 -.101 .308 1.000 -.117 .193 .260

3 -.121 -.103 1.000 .090 -.117 .267 .360 1.000 .235 -.067 -.118 -.117 1.000 -.079 -.034

4 -.190 -.109 .090 1.000 -.124 .146 .564 .235 1.000 -.005 .506 .193 -.079 1.000 .102

5 .282 .126 -.117 -.124 1.000 -.097 -.101 -.067 -.005 1.000 .230 .260 -.034 .102 1.000

Component Correlation Matrix Factor Correlation Matrix

Extraction Method: Principal Component Analysis.  

 Rotation Method: Oblimin with Kaiser Normalization.

Extraction Method: Maximum Likelihood.  

 Rotation Method: Oblimin with Kaiser Normalization.

Extraction Method: Principal Axis Factoring.  

 Rotation Method: Oblimin with Kaiser Normalization.

Extraction Method: Principal Component Analysis. 

 Rotation Method: Oblimin with Kaiser Normalization.

Extraction Method: Maximum Likelihood. 

 Rotation Method: Oblimin with Kaiser Normalization.

Extraction Method: Principal Axis Factoring. 

 Rotation Method: Oblimin with Kaiser Normalization.

a. Rotation converged in 18 iterations. a. Rotation converged in 7 iterations. a. Rotation converged in 18 iterations.

Pattern Matrix
a

Pattern Matrix
a

Pattern Matrix
a

Component Factor Factor
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Total Variance Explained 

Factor Initial Eigenvalues 

Total % of Variance Cumulative % 

1 4.768 29.797 29.797 

2 1.780 11.124 40.921 

3 1.280 8.002 48.923 

4 1.073 6.706 55.629 

5 1.042 6.510 62.139 

6 .901 5.630 67.769 

7 .839 5.243 73.012 

8 .690 4.311 77.322 

9 .676 4.226 81.548 

10 .582 3.640 85.189 

11 .535 3.344 88.532 

12 .472 2.949 91.482 

13 .406 2.536 94.018 

14 .360 2.249 96.267 

15 .344 2.150 98.416 

16 .253 1.584 100.000 

Extraction Method: Principal Axis Factoring. 

 

 

Factor reduction (16F to 3F) Factors influence on farm access. 

 

 

 

F-ID Factor LF1 LF2 LF3 LF1 LF2 LF3 LF1 LF2 LF3

F1 Labour cost 0.774 0.06 -0.006 0.744 0.066 0.018 0.742 0.099 0.024

F2 Maintenance cost 0.556 0.266 0.217 0.524 0.304 0.149 0.625 0.317 -0.028

F3 Investments in new machinery 0.766 -0.04 -0.173 0.827 -0.116 -0.179 0.721 -0.108 0.162

F4 Selection of crop type 0.453 0.026 0.212 0.449 0.049 0.185 0.548 0.063 -0.114

F5 Financial return on investment 0.772 0.007 0.083 0.721 0.037 0.131 0.77 0.084 -0.08

F6 Water accessibility -0.013 0.755 0.117 -0.134 0.86 0.001 -0.013 0.789 0.235

F7 Soil fertility 0.085 0.482 0.3 -0.01 0.598 0.207 0.182 0.564 0.006

F8 Climate change 0.007 0.874 -0.08 0.045 0.857 -0.352 0.006 0.746 0.557

F9 Severe climate events 0.037 0.819 -0.016 -0.025 0.869 -0.186 0.004 0.798 0.405

F10 Previous farming experience 0.241 0.01 0.599 0.048 0.211 0.712 0.443 0.226 -0.525

F11 Neighbouring farmer crop choices -0.007 0.449 0.338 0.002 0.5 0.158

F12 Farming heritage of your family 0.301 -0.133 0.62 0.275 -0.015 0.568 0.584 -0.024 -0.433

F13 Having your owned land -0.046 0.286 0.269

F14 Being part of a cooperative groups 0.469 0.091 -0.163 0.527 0.024 -0.211 0.43 0.004 0.219

F15 Access to finance 0.706 0.008 -0.004 0.718 -0.023 0.004 0.69 0.024 0.003

F16 Crop insurance 0.658 -0.121 0.007 0.718 -0.165 -0.006 0.726 -0.212 0.029

Option-1 Option-2 Option-3
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MPlus results for Option – 1 (selected factor reduction option) 

 
 

 

EXPLORATORY FACTOR ANALYSIS WITH 3 FACTOR(S): 
 

 

MODEL FIT INFORMATION 

 
Number of Free Parameters                       45 

 

Chi-Square Test of Model Fit 
 

          Value                            108.607* 

          Degrees of Freedom                    75 

          P-Value                           0.0068 
 

*   The chi-square value for MLM, MLMV, MLR, ULSMV, WLSM and WLSMV cannot be used 

    for chi-square difference testing in the regular way.  MLM, MLR and WLSM 
    chi-square difference testing is described on the Mplus website.  MLMV, WLSMV, 

    and ULSMV difference testing is done using the DIFFTEST option. 

 
RMSEA (Root Mean Square Error Of Approximation) 

 

          Estimate                           0.052 

          90 Percent C.I.                    0.028  0.073 
          Probability RMSEA <= .05           0.417 

 

CFI/TLI 
          CFI                                0.981 

          TLI                                0.969 

Chi-Square Test of Model Fit for the Baseline Model 
 

          Value                           1847.081 

          Degrees of Freedom                   120 

          P-Value                           0.0000 
SRMR (Standardized Root Mean Square Residual) 

 

          Value                              0.052 
MINIMUM ROTATION FUNCTION VALUE       0.53964 

 

 

           GEOMIN ROTATED LOADINGS (* significant at 5% level) 
                  1             2             3 

              ________      ________      ________ 

 Q8_1           0.774*        0.060        -0.006 
 Q8_2           0.556*        0.266*        0.217 

 Q8_3           0.766*       -0.040        -0.173 

 Q8_4           0.453*        0.026         0.212 
 Q8_5           0.772*        0.007         0.083 

 Q8_6          -0.013         0.755*        0.117 

 Q8_7           0.085         0.482*        0.300 

 Q8_8           0.007         0.874*       -0.080 
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 Q8_9           0.037         0.819*       -0.016 

 Q8_10          0.241         0.010         0.599* 
 Q8_11         -0.007         0.449*        0.338* 

 Q8_12          0.301        -0.133         0.620* 

 Q8_13         -0.046         0.286*        0.269 
 Q8_14          0.469*        0.091        -0.163 

 Q8_15          0.706*        0.008        -0.004 

 Q8_16          0.658*       -0.121         0.007 

 

3. Latent factor analysis (LFA) in SPSS for Question 10 

Initial factor analysis results in SPSS – Q10 for 12 Primary Factor analysis  

 

 
Latent Factor Analysis in M-Plus 

 

1 2 3 4 1 2 3 4 1 2 3 4

Increasing demand for your 

crop/livestock (UnS)

.092 .349 .053 -.264 .063 -.150 .219 .181 .095 .243 .155 .121

Infrastructure  development in 

your area  (UnS)

.725 .101 -.058 -.099 .566 -.044 .063 .071 .555 .075 .103 .041

Increasing water accessibility 

(UnS)

.910 .032 -.041 .037 1.051 .053 .041 -.164 1.034 .015 -.058 -.106

Water price .710 -.071 .074 -.199 .583 -.194 -.029 .057 .556 -.022 .189 .075

High market value for land 

(UnS)

-.149 .938 .010 .008 -.075 .063 1.010 -.043 -.107 .923 -.025 -.020

Other farmers willing to 

purchase  land in your area 

.005 .925 -.005 .097 .044 .010 .752 .004 .039 .845 -.065 -.024

Decline in the number of 

farmer from your ethnic group 

.202 .377 -.003 -.042 .172 -.064 .211 .063 .156 .225 .086 .042

State or Local government 

regulations on waste water or 

.167 -.017 -.091 -.852 .055 -1.023 -.045 -.085 .115 -.011 .825 -.086

State or Local government 

planning restrictions  on  land-

-.001 .032 .249 -.752 .022 -.421 .083 .331 -.009 .046 .563 .277

Drought conditions (UnS) .458 -.018 .661 .272 .334 .103 -.069 .450 .327 -.027 -.154 .512

Encroaching urbanization in 

your area (UnS)

-.209 -.018 .810 -.143 -.096 -.020 .016 .525 -.118 .005 .075 .531

Costs of changing land-use 

(UnS)

.084 .244 .546 -.201 .063 -.076 .129 .601 .061 .180 .127 .523

Component 1 2 3 4 1 2 3 4 1 2 3 4

1 1.000 .280 .207 -.241 1.000 -.323 .273 .358 1.000 .299 .317 .322

2 .280 1.000 .203 -.314 -.323 1.000 -.355 -.352 .299 1.000 .380 .325

3 .207 .203 1.000 -.211 .273 -.355 1.000 .363 .317 .380 1.000 .364

4 -.241 -.314 -.211 1.000 .358 -.352 .363 1.000 .322 .325 .364 1.000

Pattern Matrix
a

Pattern Matrix
a

Pattern Matrix
a

Component Factor Factor

Extraction Method: Principal Component Analysis. Extraction Method: Maximum Likelihood. Extraction Method: Principal Axis Factoring. 

a. Rotation converged in 11 iterations. a. Rotation converged in 6 iterations. a. Rotation converged in 11 iterations.

Component Correlation Matrix Factor Correlation Matrix Factor Correlation Matrix

Extraction Method: Principal Component Analysis.  

 Rotation Method: Oblimin with Kaiser Normalization.

Extraction Method: Maximum Likelihood.  

 Rotation Method: Oblimin with Kaiser 

Normalization.

Extraction Method: Principal Axis Factoring.  

 Rotation Method: Oblimin with Kaiser 

Normalization.
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4. Latent factor analysis (LFA) in Mplus: Question 10 for analysis of 12 primary factors 

 

 

Factor 

Initial Eigenvalues 

Total % of Variance Cumulative % 

1 3.894 32.448 32.448 

2 1.514 12.620 45.067 

3 1.238 10.316 55.383 

4 1.033 8.606 63.990 

5 .971 8.088 72.077 

6 .805 6.711 78.788 

7 .631 5.256 84.044 

8 .527 4.391 88.435 

9 .504 4.196 92.631 

10 .366 3.049 95.680 

11 .276 2.300 97.979 

12 .243 2.021 100.000 

Extraction Method: Principal Axis Factoring. 
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Factor reduction (12F to 4F) Factors influence on land use change. 
 

 

MPlus results of the Option – 3 (selected factor reduction option) 
 

EXPLORATORY FACTOR ANALYSIS WITH 4 FACTOR(S): 

 

 
MODEL FIT INFORMATION 

 

Number of Free Parameters                       34 
 

Chi-Square Test of Model Fit 

 
          Value                             13.220* 

          Degrees of Freedom                    11 

          P-Value                           0.2792 

 
*   The chi-square value for MLM, MLMV, MLR, ULSMV, WLSM and WLSMV cannot be used 

    for chi-square difference testing in the regular way.  MLM, MLR and WLSM 

    chi-square difference testing is described on the Mplus website.  MLMV, WLSMV, 
    and ULSMV difference testing is done using the DIFFTEST option. 

 

RMSEA (Root Mean Square Error Of Approximation) 

 
          Estimate                           0.035 

          90 Percent C.I.                    0.000  0.093 

          Probability RMSEA <= .05           0.596 
 

CFI/TLI 

 
          CFI                                0.998 

          TLI                                0.992 

 

Chi-Square Test of Model Fit for the Baseline Model 
 

          Value                           1135.272 

          Degrees of Freedom                    45 
          P-Value                           0.0000 

 

F-ID Factor LF1 LF2 LF3 LF4 LF1 LF2 LF3 LF4 LF1 LF2 LF3 LF4

F1 Increasing demand for your crop/livestock 0.131 0.233 0.25 0.023 0.146 0.244 0.237 0.032

F2 Infrastructure  development in your area 0.695 0.099 -0.027 0.064 0.684 0.08 -0.017 0.069 0.671 0.062 -0.024 0.093

F3 Increasing water accessibility 0.976 -0.004 0.015 -0.06 0.978 -0.012 0.008 -0.045 0.992 -0.006 0.012 -0.04

F4 Water price 0.633 -0.04 0.194 0.141 0.635 -0.031 0.182 0.157 0.619 -0.027 0.19 0.173

F5 High market value for land -0.034 0.95 -0.041 0.049 -0.031 0.947 -0.039 0.052 -0.024 0.989 -0.037 0.048

F6 Other farmers willing to purchase  0.053 0.819 0.064 -0.081 0.057 0.818 0.055 -0.07 0.069 0.77 0.082 -0.061

F7 Decline farmer from your ethnic group 0.238 0.224 0.01 0.085

F8 Government regulations on waste water 0.314 -0.008 0.014 0.714 0.31 -0.005 0.008 0.741 0.304 -0.008 0.008 0.743

F9 Government planning restrictions  on  land 0.029 0.048 0.35 0.614 0.025 0.051 0.363 0.596 0.023 0.055 0.361 0.608

F10 Drought conditions 0.056 0.008 0.881 -0.394 0.071 0.016 0.841 -0.367 0.075 0.015 0.84 -0.356

F11 Encroaching urbanization in your area -0.345 -0.029 0.698 0.047 -0.368 -0.044 0.733 0.034 -0.357 -0.039 0.715 0.037

F12 Costs of changing land-use -0.05 0.267 0.603 0.019 -0.048 0.266 0.604 0.02 -0.04 0.259 0.6 0.029

Option-1 Option-2 Option-3
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SRMR (Standardized Root Mean Square Residual) 

 
          Value                              0.019 

 

MINIMUM ROTATION FUNCTION VALUE       0.45465 
 

 

           GEOMIN ROTATED LOADINGS (* significant at 5% level) 

                  1             2             3             4 
              ________      ________      ________      ________ 

 Q10_2          0.671*        0.062        -0.024         0.093 

 Q10_3          0.992*       -0.006         0.012        -0.040 
 Q10_4          0.619*       -0.027         0.190         0.173 

 Q10_5         -0.024         0.989*       -0.037         0.048 

 Q10_6          0.069         0.770*        0.082        -0.061 

 Q10_8          0.304*       -0.008         0.008         0.743* 
 Q10_9          0.023         0.055         0.361*        0.608* 

 Q10_10         0.075         0.015         0.840*       -0.356* 

 Q10_11        -0.357*       -0.039         0.715*        0.037 
 Q10_12        -0.040         0.259*        0.600*        0.029 

 

  

Data in SPSS 

Screen shots of a) data and b) variable 
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APPENDIX C6: 

Exploratory cluster analysis results 

1(a) Classification k=3 (primary factor variations against the three clusters) 

 

 
 

ANOVA 

 
Cluster Error F Sig. 

Mean 

Square 

df Mean 

Square 

df 

Increasing demand for your crop/livestock  29.057 2 1.361 145 21.352 .000 

Infrastructure development in your area   37.987 2 1.285 145 29.571 .000 

Increasing water accessibility  46.241 2 .814 145 56.835 .000 

Water price 105.505 2 .687 145 153.504 .000 

High market value for land  29.978 2 1.079 145 27.776 .000 

Other farmers willing to purchase land in your 

area  
36.367 2 1.300 145 27.969 .000 

Decline in the number of farmer from your 

ethnic group  
14.851 2 1.323 145 11.224 .000 
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State or Local government regulations on 

waste water or farming practices  
28.355 2 1.335 145 21.244 .000 

State or Local government planning 

restrictions on land-use   
14.804 2 1.088 145 13.612 .000 

Drought conditions  23.481 2 1.083 145 21.681 .000 

Encroaching urbanization in your area  21.124 2 1.743 145 12.116 .000 

Costs of changing land-use  25.442 2 1.099 145 23.158 .000 

The F tests should be used only for descriptive purposes because the clusters have been chosen to maximize the 

differences among cases in different clusters. The observed significance levels are not corrected for this and thus cannot 

be interpreted as tests of the hypothesis that the cluster means are equal. 

 

1(b) Classification k=4 (primary factor variations against the four clusters) 

 

 

 
 

Final Cluster Centers 

 Cluster 

1 2 3 4 

Increasing demand for your crop/livestock  2 4 4 3 

Infrastructure development in your area   2 4 2 3 

Increasing water accessibility  3 5 3 4 
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Water price 2 5 2 4 

High market value for land  2 4 4 3 

Other farmers willing to purchase land in your area  1 4 4 3 

Decline in the number of farmer from your ethnic group  1 2 2 1 

State or Local government regulations on waste water or farming 

practices  
3 4 3 4 

State or Local government planning restrictions on land-use   3 5 4 4 

Drought conditions  4 4 3 4 

Encroaching urbanization in your area  3 4 3 3 

Costs of changing land-use  2 4 3 3 

 

 

 

ANOVA 

 Cluster Error F Sig. 

Mean 

Square 

df Mean Square df 

Increasing demand for your 

crop/livestock  
26.493 3 1.222 144 21.682 .000 

Infrastructure development in your 

area   
28.847 3 1.220 144 23.642 .000 

Increasing water accessibility  28.519 3 .867 144 32.882 .000 

Water price 62.971 3 .846 144 74.475 .000 

High market value for land  35.994 3 .753 144 47.784 .000 

Other farmers willing to purchase 

land in your area  
42.651 3 .926 144 46.068 .000 

Decline in the number of farmer 

from your ethnic group  
12.005 3 1.289 144 9.317 .000 

State or Local government 

regulations on waste water or 

farming practices  

22.841 3 1.262 144 18.100 .000 

State or Local government 

planning restrictions on land-use   
16.410 3 .959 144 17.115 .000 

Drought conditions  12.984 3 1.146 144 11.328 .000 

Encroaching urbanization in your 

area  
12.332 3 1.792 144 6.882 .000 

Costs of changing land-use  21.418 3 1.013 144 21.134 .000 
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The F tests should be used only for descriptive purposes because the clusters have been chosen to 

maximize the differences among cases in different clusters. The observed significance levels are not 

corrected for this and thus cannot be interpreted as tests of the hypothesis that the cluster means are equal. 

 

 

 

 

1(c) Classification k=5 (primary factor variations against the five clusters) 

 

 

Final Cluster Centres 

 
Cluster 

1 2 3 4 5 

Increasing demand for your crop/livestock  3 4 3 4 4 

Infrastructure development in your area   2 4 2 4 4 

Increasing water accessibility  4 5 3 4 4 

Water price 4 4 2 5 4 

High market value for land  2 4 4 4 4 

Other farmers willing to purchase land in your area  1 4 3 4 4 
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Decline in the number of farmer from your ethnic group  1 2 1 2 4 

State or Local government regulations on waste water or 

farming practices  
3 4 3 4 4 

Government planning restrictions on land-use   4 4 3 5 5 

Drought conditions  4 4 3 5 4 

Encroaching urbanization in your area  3 2 3 5 4 

Costs of changing land-use  3 4 3 4 4 

 

 

ANOVA 

 Cluster Error F Sig. 

Mean 

Square 

df Mean Square df 

Increasing demand for your 

crop/livestock  
11.065 4 1.477 143 7.493 .000 

Infrastructure development in your 

area   
21.784 4 1.225 143 17.790 .000 

Increasing water accessibility  21.161 4 .880 143 24.053 .000 

Water price 41.245 4 1.019 143 40.484 .000 

High market value for land  25.090 4 .812 143 30.904 .000 

Other farmers willing to purchase land 

in your area  
25.989 4 1.100 143 23.625 .000 

Decline in the number of farmer from 

your ethnic group  
36.282 4 .535 143 67.873 .000 

State or Local government regulations 

on waste water or farming practices  
13.545 4 1.371 143 9.879 .000 

State or Local government planning 

restrictions on land-use   
10.375 4 1.020 143 10.175 .000 

Drought conditions  11.824 4 1.096 143 10.790 .000 

Encroaching urbanization in your area  31.456 4 1.183 143 26.582 .000 

Costs of changing land-use 12.621 4 1.117 143 11.300 .000 

The F tests should be used only for descriptive purposes because the clusters have been chosen to maximize the differences 

among cases in different clusters. The observed significance levels are not corrected for this and thus cannot be interpreted as 

tests of the hypothesis that the cluster means are equal. 
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2. Mean comparison of land use change actions (if the farming is not viable) 

 

ANOVA 

 Sum of Squares df Mean Square F Sig. 

Change the farming 

practices  

Between Groups .503 3 .168 .121 .948 

Within Groups 175.878 127 1.385   

Total 176.382 130    

Sell the farm  

Between Groups 21.968 3 7.323 4.732 .004 

Within Groups 204.267 132 1.547   

Total 226.235 135    

Subdivide and sell part 

of it  

Between Groups 3.303 3 1.101 .993 .398 

Within Groups 138.573 125 1.109   

Total 141.876 128    

Lease the land  

Between Groups 4.777 3 1.592 1.195 .314 

Within Groups 171.855 129 1.332   

Total 176.632 132    
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3. Post hoc test results of land use change descriptive statistics vs classified profiles (4 clusters, 

k=4) 

 

 

  N Mean 

Std. 

Deviation Std. Error 

95% Confidence 

Interval for Mean 

Lower 

Bound 

Upper 

Bound 

Change 

the 

farming 

practices  

Q10K4_CL1 8 2.88 1.553 .549 1.58 4.17 

Q10K4_CL2 66 2.98 1.143 .141 2.70 3.27 

Q10K4_CL3 27 2.93 1.107 .213 2.49 3.36 

Q10K4_CL4 30 2.83 1.206 .220 2.38 3.28 

Total 131 2.93 1.165 .102 2.73 3.13 

Sell the 

farm  

Q10K4_CL1 9 1.33 .707 .236 .79 1.88 

Q10K4_CL2 68 2.50 1.264 .153 2.19 2.81 

Q10K4_CL3 28 2.64 1.339 .253 2.12 3.16 

Q10K4_CL4 31 1.81 1.223 .220 1.36 2.25 

Total 136 2.29 1.295 .111 2.07 2.51 

Subdivide 

and sell 

part of it  

Q10K4_CL1 9 1.11 .333 .111 .85 1.37 

Q10K4_CL2 63 1.68 1.045 .132 1.42 1.95 

Q10K4_CL3 27 1.78 1.281 .247 1.27 2.28 

Q10K4_CL4 30 1.57 .971 .177 1.20 1.93 

Total 129 1.64 1.053 .093 1.45 1.82 

Lease the 

land  

Q10K4_CL1 9 1.56 1.130 .377 .69 2.42 

Q10K4_CL2 66 2.12 1.196 .147 1.83 2.42 

Q10K4_CL3 27 1.89 1.155 .222 1.43 2.35 

Q10K4_CL4 31 1.74 1.064 .191 1.35 2.13 

 
Total 133 1.95 1.157 .100 1.75 2.15 
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4. Post hoc test results of land use change actions (if farm is not viable) 

 

Multiple Comparisons 

Bonferroni   

Dependent Variable (I) Cluster 

Number of 

Case 

(J) Cluster Number 

of Case 

Mean 

Difference 

(I-J) 

Std. 

Error 

Sig. 95% Confidence Interval 

Lower 

Bound 

Upper 

Bound 

Change the farming 

practices  

Q10K4_CL1 

Q10K4_CL2 -.110 .441 1.000 -1.29 1.07 

Q10K4_CL3 -.051 .474 1.000 -1.32 1.22 

Q10K4_CL4 .042 .468 1.000 -1.21 1.30 

Q10K4_CL2 

Q10K4_CL1 .110 .441 1.000 -1.07 1.29 

Q10K4_CL3 .059 .269 1.000 -.66 .78 

Q10K4_CL4 .152 .259 1.000 -.54 .85 

Q10K4_CL3 

Q10K4_CL1 .051 .474 1.000 -1.22 1.32 

Q10K4_CL2 -.059 .269 1.000 -.78 .66 

Q10K4_CL4 .093 .312 1.000 -.74 .93 

Q10K4_CL4 

Q10K4_CL1 -.042 .468 1.000 -1.30 1.21 

Q10K4_CL2 -.152 .259 1.000 -.85 .54 

Q10K4_CL3 -.093 .312 1.000 -.93 .74 

Sell the farm  

Q10K4_CL1 

Q10K4_CL2 -1.167 .441 .055 -2.35 .02 

Q10K4_CL3 -1.310* .477 .041 -2.59 -.03 

Q10K4_CL4 -.473 .471 1.000 -1.73 .79 

Q10K4_CL2 

Q10K4_CL1 1.167 .441 .055 -.02 2.35 

Q10K4_CL3 -.143 .279 1.000 -.89 .61 

Q10K4_CL4 .694 .270 .067 -.03 1.42 

Q10K4_CL3 

Q10K4_CL1 1.310* .477 .041 .03 2.59 

Q10K4_CL2 .143 .279 1.000 -.61 .89 

Q10K4_CL4 .836 .324 .066 -.03 1.71 

Q10K4_CL4 

Q10K4_CL1 .473 .471 1.000 -.79 1.73 

Q10K4_CL2 -.694 .270 .067 -1.42 .03 

Q10K4_CL3 -.836 .324 .066 -1.71 .03 

Subdivide and sell part 

of it  

Q10K4_CL1 

Q10K4_CL2 -.571 .375 .782 -1.58 .43 

Q10K4_CL3 -.667 .405 .615 -1.75 .42 

Q10K4_CL4 -.456 .400 1.000 -1.53 .62 

Q10K4_CL2 

Q10K4_CL1 .571 .375 .782 -.43 1.58 

Q10K4_CL3 -.095 .242 1.000 -.74 .55 

Q10K4_CL4 .116 .234 1.000 -.51 .74 

Q10K4_CL3 
Q10K4_CL1 .667 .405 .615 -.42 1.75 

Q10K4_CL2 .095 .242 1.000 -.55 .74 
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Q10K4_CL4 .211 .279 1.000 -.54 .96 

Q10K4_CL4 

Q10K4_CL1 .456 .400 1.000 -.62 1.53 

Q10K4_CL2 -.116 .234 1.000 -.74 .51 

Q10K4_CL3 -.211 .279 1.000 -.96 .54 

Lease the land  

Q10K4_CL1 

Q10K4_CL2 -.566 .410 1.000 -1.66 .53 

Q10K4_CL3 -.333 .444 1.000 -1.52 .86 

Q10K4_CL4 -.186 .437 1.000 -1.36 .98 

Q10K4_CL2 

Q10K4_CL1 .566 .410 1.000 -.53 1.66 

Q10K4_CL3 .232 .264 1.000 -.47 .94 

Q10K4_CL4 .379 .251 .802 -.29 1.05 

Q10K4_CL3 

Q10K4_CL1 .333 .444 1.000 -.86 1.52 

Q10K4_CL2 -.232 .264 1.000 -.94 .47 

Q10K4_CL4 .147 .304 1.000 -.67 .96 

Q10K4_CL4 

Q10K4_CL1 .186 .437 1.000 -.98 1.36 

Q10K4_CL2 -.379 .251 .802 -1.05 .29 

Q10K4_CL3 -.147 .304 1.000 -.96 .67 

*. The mean difference is significant at the 0.05 level. 

 

5. Mean comparison of production types 

ANOVA 

 Sum of Squares df Mean 

Square 

F Sig. 

Main production-

Wine 

Between Groups 1.247 3 .416 1.749 .163 

Within Groups 21.391 90 .238 
  

Total 22.638 93 
   

Main production-

Wheat 

Between Groups .449 3 .150 .787 .506 

Within Groups 11.612 61 .190 
  

Total 12.062 64 
   

Main production-

Vegetables 

Between Groups 1.460 3 .487 3.393 .024 

Within Groups 8.179 57 .143 
  

Total 9.639 60 
   

Main production-

livestock 

Between Groups .191 3 .064 .285 .836 

Within Groups 21.003 94 .223 
  

Total 21.194 97 
   

Main production-

Other 

Between Groups .446 3 .149 .634 .596 

Within Groups 14.539 62 .235 
  

Total 14.985 65 
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6. Mean comparison of farming motivations 

ANOVA 

 Sum of Squares df Mean Square F Sig. 

Making a good profit on your 

farm 

Between Groups 58.625 3 19.542 11.872 .000 

Within Groups 235.375 143 1.646  
 

Total 294.000 146   
 

Caring for the environment 

on our farm 

Between Groups 6.505 3 2.168 4.111 .008 

Within Groups 75.948 144 .527  
 

Total 82.453 147   
 

Being part of your local 

community 

Between Groups 8.360 3 2.787 2.256 .084 

Within Groups 176.633 143 1.235  
 

Total 184.993 146   
 

 

 

7. Mean comparison of defined farmer type 

ANOVA 

 Sum of Squares df Mean Square F Sig. 

Full-time commercial 

farmer 

Between Groups 1.308 3 .436 1.844 .144 

Within Groups 25.772 109 .236   

Total 27.080 112    

Part-time commercial 

farmer 

Between Groups .187 3 .062 .240 .869 

Within Groups 21.060 81 .260   

Total 21.247 84    

Traditional farmer 

Between Groups 1.914 3 .638 2.678 .052 

Within Groups 19.539 82 .238   

Total 21.453 85    

Hobby farmer 

Between Groups 1.414 3 .471 2.363 .078 

Within Groups 15.561 78 .200   

Total 16.976 81    
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8. Mean comparison of age and sex 

ANOVA 

 
Sum of Squares df Mean Square F Sig. 

Age ranges 

Between Groups 3.930 3 1.310 1.034 .380 

Within Groups 182.523 144 1.268 
  

Total 186.453 147 
   

male /Female 

Between Groups .235 3 .078 .532 .661 

Within Groups 21.044 143 .147 
  

Total 21.279 146 
   

 

9. Mean comparison of primary factors considered for farm success (IFU-16F) 

 

ANOVA 

 
Sum of 

Squares 

df Mean 

Square 

F Sig. 

Labour cost 

Between Groups 71.732 3 23.911 13.411 .000 

Within Groups 247.821 139 1.783 
  

Total 319.552 142 
   

Maintenance cost 

Between Groups 26.436 3 8.812 10.426 .000 

Within Groups 117.480 139 .845 
  

Total 143.916 142 
   

Investments in new 

machinery or technology 

Between Groups 39.196 3 13.065 12.869 .000 

Within Groups 140.100 138 1.015 
  

Total 179.296 141 
   

Selection of crop type or 

farming practise 

Between Groups 24.054 3 8.018 5.139 .002 

Within Groups 218.439 140 1.560 
  

Total 242.493 143 
   

Overall financial return 

on investment (ROI) 

Between Groups 62.057 3 20.686 17.564 .000 

Within Groups 164.880 140 1.178 
  

Total 226.938 143 
   

Water accessibility 

Between Groups 19.000 3 6.333 11.348 .000 

Within Groups 79.253 142 .558 
  

Total 98.253 145 
   

Soil fertility 

Between Groups 12.512 3 4.171 5.793 .001 

Within Groups 100.794 140 .720 
  

Total 113.306 143 
   

Climate change Between Groups 24.914 3 8.305 6.059 .001 
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Within Groups 193.251 141 1.371 
  

Total 218.166 144 
   

Severe climate events 

Between Groups 24.038 3 8.013 6.422 .000 

Within Groups 175.920 141 1.248 
  

Total 199.959 144 
   

Previous farming 

experience 

Between Groups 15.859 3 5.286 4.409 .005 

Within Groups 166.658 139 1.199 
  

Total 182.517 142 
   

Neighbouring farmer 

crop/livestock choices 

Between Groups 23.897 3 7.966 5.093 .002 

Within Groups 220.544 141 1.564 
  

Total 244.441 144 
   

Farming heritage of your 

family 

Between Groups 13.983 3 4.661 2.115 .101 

Within Groups 312.976 142 2.204 
  

Total 326.959 145 
   

Having your owned land 

Between Groups 3.085 3 1.028 1.066 .366 

Within Groups 137.025 142 .965 
  

Total 140.110 145 
   

Being part of a 

cooperative and/or 

farming group 

Between Groups 10.228 3 3.409 3.116 .028 

Within Groups 154.282 141 1.094 
  

Total 164.510 144 
   

Access to finance 

Between Groups 46.746 3 15.582 10.246 .000 

Within Groups 214.427 141 1.521 
  

Total 261.172 144 
   

Crop insurance 

Between Groups 28.012 3 9.337 5.038 .002 

Within Groups 259.481 140 1.853 
  

Total 287.493 143 
   

 

10. Mean comparison of farming industry experience 

ANOVA 

How many years have you worked in the farming industry   

 Sum of Squares df Mean Square F Sig. 

Between Groups 759.112 3 253.037 .967 .410 

Within Groups 36909.550 141 261.770   

Total 37668.662 144    
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11. Mean comparison of household income 

 

ANOVA 

Proportion of your household’s income   

 
Sum of Squares df Mean Square F Sig. 

Between Groups 10.152 3 3.384 1.112 .346 

Within Groups 431.958 142 3.042 
  

Total 442.110 145 
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APPENDIX C7: 

1. Agent (profile) in ABM-2 and ABM-3 

 

 

               

Four profile types P1(Red-heritage), P2 (Blue-commercial), P3(Green-sellers), P4(yellow-multi-

function/hobby). 

a) Agents in ABM-2 Entire Population of Farming Agents. 
b) Agents in ABM-3 Alternative Entire Population of Farming Agents. 

 

 

 

 

 

 

 

 

a) b) 
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2. Agent (profile) identifier with parameter monitoring interface 

 

 

 

 

In each tick, every agent in each profile 

updates memory (R) and age (Age), 
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3. NetLogo code for ABM-1 

extensions [gis] 
;GIS extension 
turtles-own [age maxage memory cat RTH WV WN V1 V2 V3 ] 
;;Agent variables 
 
globals 
[ 
  vdata 
  vdataA 
  vdataSA 
  agentcount 
  subset 
  pcat 
  V 
] 
;Global variables 
breed [P profile] 
to setup 
  clear-all 
  setup-patches 
  reset-ticks 
end 
; Clear all the previous agents patches or tick results 
to go 
  ask P 
  [ 
    ;get same Category agents in-radius 
    set subset turtles in-radius 30 
    set pcat cat 
    set agentcount count subset with [cat = pcat] 
    ;show agentcount 
    ; number of agents within the circle 
    ifelse agentcount < 3 
    [ 
      set WN 0 
    ] 
    [ 
      ifelse cat = 1 
      [ 
        set WN 0.6 
      ] 
      [ 
        ifelse cat = 2 or cat = 3 
        [ 
          set WN 0.1 
        ] 
        [ 
          set WN 0.4 
        ] 
      ] 
    ] 
    ;condition for excluding WN in the function 
 
    ifelse vulnerability = "V1" 
    [ 
      set V V1 
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    ] 
    [ 
      ifelse vulnerability = "V2" 
      [ 
        set V V2 
      ] 
      [ 
        set V V3 
      ] 
    ] 
   ; defining the vulnerabilities for the scenarios 
    set memory (memory + (V * 10 * WV) - ( V * 10 * WN )) 
    ; function for calculating the agent memory (R) 
    set age age + 0.5 
    ; Agent age increases 0.5 at each tick 
    ; condition for profile change 
      if (memory >= RTH or age >= maxage) 
      [ 
        ifelse cat = 1 
        [ 
          set cat 2 
          set color blue 
        ] 
        [ 
          ifelse cat = 2 
          [ 
            set cat 4 
            set color yellow 
          ] 
          [ 
            ifelse cat = 4 
            [ 
              set cat 3 
              set color green 
            ] 
            [ 
               die 
            ] 
          ] 
        ] 
       ] 
      ];;end of profile change 
  tick 
end 
to move 
end 
to setup-patches 
  clear-all 
  gis:load-coordinate-system "D:/NL18/GIS/Test4/AgentFull_LamGDA.prj" 
  set vdata gis:load-dataset "D:/NL18/GIS/Test4/Vul_LamGDA.shp" 
  set vdataSA gis:load-dataset "D:/NL18/GIS/SA_144_Vinfo.shp" 
  ;;drawing map 
  ;;gis:set-world-envelope-ds gis:envelope-of vdata 
  foreach gis:feature-list-of vdata 
  [ 
    if gis:property-value ? "V2" >= 0.1  [gis:set-drawing-color 137 gis:fill ? WHITE] 
    if gis:property-value ? "V2" >= 0.3 [gis:set-drawing-color 27 gis:fill ? WHITE] 
    if gis:property-value ? "V2" >= 0.4 [gis:set-drawing-color 33 gis:fill ? WHITE] 
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  ] 
  gis:set-world-envelope-ds gis:envelope-of vdataSA 
  gis:set-drawing-color white 
   ;;drawing map 
  ;;gis:set-world-envelope-ds gis:envelope-of vdataSA 
  gis:draw vdataSA 1 
  foreach gis:feature-list-of vdataSA 
  [ 
    let col red 
    if gis:property-value ? "ProfCODE" = 1 
    [ 
      set col  red 
    ] 
    if gis:property-value ? "ProfCODE" = 2 
    [ 
      set col  blue 
    ] 
    if gis:property-value ? "ProfCODE" = 3 
    [ 
      set col  green 
    ] 
    if gis:property-value ? "ProfCODE" = 4 
    [ 
      set col  yellow 
    ] 
    ;;let location gis:location-of (first (first (gis:vertex-lists-of ?))) 
    let location gis:location-of gis:centroid-of ? 
    let xp 0 
    let yp 0 
    if not empty? location 
    [ 
      set xp item 0 location 
      set yp item 1 location 
    ] 
    create-P 1 
    [ 
       set color  col 
       set shape "person" 
       set size 5 
       set xcor xp 
       set ycor yp 
       set memory 1 
       set cat gis:property-value ? "ProfCODE" 
       set maxage 85 
       set age gis:property-value ? "STAGE" 
       set RTH gis:property-value ? "RT" 
       set WV gis:property-value ? "WV" 
       set WN gis:property-value ? "WN" 
       set V1 gis:property-value ? "V1" 
       set V2 gis:property-value ? "V2" 
       set V3 gis:property-value ? "V3" 
    ] 
  ] 
 gis:set-world-envelope-ds gis:envelope-of vdataSA 
end 
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