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Abstract: Agricultural land-use change is a dynamic process that varies as a function of social,
economic and environmental factors spanning from the local to the global scale. The cumulative
regional impacts of these factors on land use adoption decisions by farmers are neither well accounted
for nor reflected in agricultural land use planning. We present an innovative spatially explicit agent-
based modelling approach (Crop GIS-ABM) that accounts for factors involved in farmer decision
making on new irrigation adoption to enable land-use predictions and exploration. The model was
designed using a participatory approach, capturing stakeholder insights in a conceptual model of
farmer decisions. We demonstrate a case study of the factors influencing the uptake of new irrigation
infrastructure and land use in Tasmania, Australia. The model demonstrates how irrigated land-use
expansion promotes the diffusion of alternative crops in the region, as well as how coupled social,
biophysical and environmental conditions play an important role in crop selection. Our study shows
that agricultural land use reflected the evolution of multiple simultaneous interacting biophysical
and socio-economic drivers, including soil and climate type, crop and commodity prices, and the
accumulated effects of interactive decisions of farmers.

Keywords: land use changes; spatial agent-based modelling; stakeholder insights; irrigation
expansion

1. Introduction

As the climate changes and the global population grows, land and water resources
will come under increasing pressure to sustainably raise productivity, improve water-
use efficiencies and mitigate greenhouse gas emissions while simultaneously adapting to
climate change [1–3]. Agricultural land-use change is not simply a function of biophysical
conditions that make a land parcel suitable for various farming systems [2–7]. Proactive
forethought lends itself towards optimisation of current land and water resources and
helps anticipate future demand and change. While urban land-use planning has typically
received much attention in the literature, little attention has been given to agricultural
land-use planning [8]. Now, more than ever, there is a need for effective and efficient
planning of agricultural land use into the future. The contemporary challenge is how to
balance agricultural development and environmental conservation while sustaining both
agricultural productivity and natural resources and maintaining social licence to operate.
This is all the more critical given the importance of both the agricultural and forestry sector
to the social and tourism values of the natural landscape and natural resource management
in Australia [9]. Achieving this balance is especially important to the economy of Tasmania
where the efficient production of prime agricultural products has to complement the
natural landscapes that drives the tourism industry [10]. There is a need for a new decision
framework for agricultural land use planning that enables testing of multiple simultaneous
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and interacting factors through alternative scenarios to project the most effective and
profitable use of irrigation water and the balancing of the agricultural landscape with
peri-urban and agri-tourism land use development. While irrigation modelling has often
been conducted at the farm level with a biophysical mindset [11,12], there have been few
studies that have examined irrigated land-use expansion at the landscape scale.

Agricultural land-use planning is a complex process. To be effective, it must in-
volve key stakeholders such as farmers, local government, government agencies, the food
processing industry, and the broader community. In the example of irrigation where
changes to natural landscapes and resource use are concurrently needed, considering
the perspectives of different stakeholders increases the legitimacy and social licence of
irrigation scheme implementation. However, greater numbers of stakeholders mean that
the needs of more agencies must be accommodated, adding considerable complexity to
the design process [13,14]. A further issue is how governments, community and industry
can collaborate for shared responsibility of agricultural land-use sustainability. Despite
calls for increased focus on transdisciplinary approaches for integrating social, biophysical,
economic, political and environmental factors [15], previous agricultural decision-support
systems have mainly focused on biophysical [16] and landscape change [17]. For example,
the Multi-Criteria Analysis Shell for Spatial Decision Support (MCAS-S) primarily exam-
ines sustainable landscape management [18,19], and does not account for socio-economic
data or human decisions.

The planning, development and maintenance of irrigation infrastructure across the
landscape is the manifestation of complex and cross-scale social, political, economic, and
ecological processes. The complexity is similar to addressing the impact of climate change
on food systems [15]. Simple and deterministic interpretations of contemporary land-use
planning are not likely to be effective. Farmers make decisions about the different farming
system options and the use of land, based on various factors including innovation [20]. The
cumulative effects of these decisions continue to change the agricultural landscape. Factors
that influence the rate and extent of such change need to be understood in order to be able
to effectively plan and improve land use management and agricultural land use policy.

The case study conducted in the present investigation examined how the development
and uptake of irrigation infrastructures across a regional landscape were affected by the
cumulative impacts of farmer decisions. Modelling the influence of such decision factors
provides an opportunity to explore multiple scenarios and gain insight into the influence
of, and feedback between, spatial, social, economic and environmental decisions [21]. It can
thus examine how initial choices result in emergent properties at the landscape level [12]
and provide information that can be used to plan, not only regional irrigation infrastructure,
but also agricultural land use policy influencing water use and restrictions.

Agent-based modelling (ABM) can be used to show the results of the actions and
interactions between autonomous agents. ABM is often used in agricultural sectors [22–24]
and has also been used to simulate human decisions for land use change [25–28]. In agri-
cultural land-use planning, spatial ABM can be used to construe farmers as human agents
that have social interaction with each other, such that there are three main advantages
of using spatial ABM [8]. First, spatial ABM allows for the contrasting of multiple agri-
cultural scenarios and accounting for processes such as the adoption of new agricultural
innovations [29]. Second, the process of farmer-land use relationships in spatial ABM can
be simulated using representations of human-natural system interactions [30,31]. Third,
spatial ABM facilitates the emergence of macro-scale patterns of regional land use [32]
using computer constructed models of the land patterns in Geographic Information Sys-
tem (GIS platforms) [33]. Top-down (e.g., policy) and bottom-up (e.g., cumulative farmer
decisions) interactions may occur.

The motivation of this study was to develop a framework that allows exploration of
alternative scenarios of future agricultural land-use development by accounting for social,
societal, and political needs within existing specific biophysical constraints of climate
and soil type. The Tasmanian government [34] has developed the ‘Tasmanian irrigation
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development projects: Drought Proofing Tasmania Strategy’, which aims to secure water
for rural communities, and promote growth in irrigated land to sustain more agricultural
production.This ABM model used the Dorset region in north-eastern Tasmania, Australia,
as a case study. The Dorset area is predominately rural with a rolling landscape encompass-
ing a total land area of 3200 square kilometers. It has a mainly temperate, maritime climate
with relatively small seasonal variations and average annual of <750 mm per year with a
moderate seasonal cycle. The land is used largely for agriculture, particularly dairy farming
and beef production, with areas of rotational cropping. The region of Dorset is presently
undergoing the implementation of new irrigation infrastructure. New infrastructure devel-
opment is assisting the transition from traditional farming systems to higher value-added
production through access to guaranteed water for irrigation mitigating the impact of
poor economic returns [35] caused by drought and extreme climatic events [1]. The Dorset
region represents an ideal testbed to demonstrate an approach for integrating social drivers,
biophysical constraints and water and land-use policies and exploring several possible
future scenarios for the region.

The focus of this study was on land use planning and policy, especially how irrigation
policy and scenarios affect agricultural land use over time. The Tasmanian State Govern-
ment (Department of Primary Industries and Water in Tasmania (2008)) developed the
‘Tasmanian irrigation development projects: Drought Proofing Tasmania Strategy’, which
aims to provide water security for rural communities, allowing growth in irrigated land
and improving agricultural production. The model could be used to simulate a number of
alternative scenarios and help more informed planning for agricultural land if irrigation
infrastructure becomes available in a district. The model can be used to examine alternative
land use scenarios to see what may happen if the price of agricultural commodities changes
(e.g., milk price or poppy seed), if water price changes, or if future policy changes.

2. Materials and Methods

The study used a mixed-method research methodology for data collection and data
analysis. A multistage mixed-method, in concert with a geodesign methodology, was
adopted, following Creswell [36] and Steinitz [37]. The main three stages of this work
included (1) conceptualising farmer (agent) decisions, (2) programming the conceptual
model into a Crop GIS-ABM, and (3) scenario analyses (Figure 1). In the first stage,
quantitative and qualitative data were collected and used as key inputs into a model
to conceptualise farmers decisions (i.e., agents). In the second stage, this conceptual
modelling of decisions by farmers was described mathematically and in computer code
from which it was then possible to develop the simulation model. In the third stage
simulation experiments were conducted to explore and test the outcomes of different
experimental conditions on the resulting agricultural scenarios. A further qualitative
evaluative step compared the simulation results with what was observed by the participants
and by what they described via sketch maps.

2.1. Conceptual Model of Farmers Decision (Stage 1)

The aim of Stage 1 was to determine the most important economic, social, and envi-
ronmental factors affecting farmer decisions on farming system choice and their rationale
for adopting (or not adopting) irrigation. Both qualitative data (through semi-structured
interviews) and quantitative data (via questionnaires) were collected and analyzed. Nine-
teen stakeholders were identified using a snowballing technique. These included farmers,
local food processors, local community members, experts from the irrigation development
agency, the local council staff and senior members of the regional development and state
government department responsible for primary industries. The semi-structured interview,
and a survey, allowed for comparison of responses by different stakeholders with different
insights. Major themes, and the most influential factors, emerged from stakeholder insights.
The stakeholder data (insights) was collected to provide initial factors needed to design an
agent based conceptual model.
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Figure 1. Key stages in this study: model conceptualisation, development of the simulation model
and scenario analysis.

Some of the social, economic and biophysical factors in the conceptual model are
shown in Figure 2. The stakeholder insights regarding the most influential factors affecting
the adoption of new irrigation infrastructure could be grouped into several themes and
included (1) the characteristics of the farmlands and the potential profitability of a given
farming system, (2) the neighbor decisions/land management proximity effect, (3) irriga-
tion availability (4) the availability of three-phase power, (5) proximity to food processing
plants and (6) farming system and crop rotation (e.g., the sequence of crops from year to
year on a given paddock). While the conceptual model simplifies the complexities of real
farming systems it does cover a likely sequence of steps that a farmer may go through in
deciding on alternative crops/livestock.

Land 2021, 10, x FOR PEER REVIEW 5 of 19 
 

 
Figure 2. Illustration of social, economic and biophysical factors in the conceptualisation of a se-
quence of decision steps. 

2.2. Designing the Simulation Model (Stage 2) 
The conceptual model that emerged from the insights of stakeholders was trans-

ferred to algorithms and encoded within an agent-based model using Agent Analyst soft-
ware (developed by ESRI ArcGIS). Agent Analyst software was selected for two reasons. 
First, Agent Analyst software effectively accommodated both the complex spatial struc-
tures in GIS and the rich, dynamic processes of ABM. Second, Agent Analyst provided 
flexibility and direct access from the coding environment to a GIS database and visualiza-
tion environment. Various aspects of the simulation model design are now outlined in 
more detail beginning with agents and entities. 

2.2.1. Entities and Assumptions 
Two classes of agents were assumed in the Crop GIS-ABM: block and farmer. Block 

agents represent land parcels, while Farmer agents represent individual farmers (or farm 
managers). The conceptual model was encoded using a set of instructions and rules. Key 
assumptions included: 
• Each land parcel has a farm manager who can autonomously alter the farming sys-

tem; 
• The farming system and farmer experience contribute to future farm system deci-

sions; 
• There are spatial relationships and interconnectedness between the land parcel and 

the broader pattern of agricultural land at the regional scale that emerges as a conse-
quence of farm management; 

• The size of the farm is the area of each land parcel; 
• The Farmer agent’s behavior is fully informed, and the agent performs rational deci-

sions and conducts agronomic best management practice. 
The Tasmanian land use mapping program follows the Australian land use manage-

ment classification (ALUMC) and produces maps at the catchment scale for the State. The 
land use data are available from the Land Information System Tasmania (LIST), which is 
an online mapping application managed by the State Government [38]. The Enterprise 
Suitability maps, sourced from Tasmanian Government [39], were used as the basis of 
biophysical conditions in the model and linked to the land parcels. The Enterprise Suita-
bility maps of the biophysical parameters including soil type and existing land uses for 
Dorset are derived from a combination of local climate, land characteristics and soil type 
(including frost, winter chilling, summer heat, drainage, slope, salinity, soil texture and 
depth) [35]. It is assumed that Farmer agents decide on the farming system by considering 

Figure 2. Illustration of social, economic and biophysical factors in the conceptualisation of a sequence of decision steps.



Land 2021, 10, 364 5 of 18

2.2. Designing the Simulation Model (Stage 2)

The conceptual model that emerged from the insights of stakeholders was transferred
to algorithms and encoded within an agent-based model using Agent Analyst software
(developed by ESRI ArcGIS). Agent Analyst software was selected for two reasons. First,
Agent Analyst software effectively accommodated both the complex spatial structures in
GIS and the rich, dynamic processes of ABM. Second, Agent Analyst provided flexibility
and direct access from the coding environment to a GIS database and visualization envi-
ronment. Various aspects of the simulation model design are now outlined in more detail
beginning with agents and entities.

2.2.1. Entities and Assumptions

Two classes of agents were assumed in the Crop GIS-ABM: block and farmer. Block
agents represent land parcels, while Farmer agents represent individual farmers (or farm
managers). The conceptual model was encoded using a set of instructions and rules. Key
assumptions included:

• Each land parcel has a farm manager who can autonomously alter the farming system;
• The farming system and farmer experience contribute to future farm system decisions;
• There are spatial relationships and interconnectedness between the land parcel and the

broader pattern of agricultural land at the regional scale that emerges as a consequence
of farm management;

• The size of the farm is the area of each land parcel;
• The Farmer agent’s behavior is fully informed, and the agent performs rational deci-

sions and conducts agronomic best management practice.

The Tasmanian land use mapping program follows the Australian land use manage-
ment classification (ALUMC) and produces maps at the catchment scale for the State. The
land use data are available from the Land Information System Tasmania (LIST), which is
an online mapping application managed by the State Government [38]. The Enterprise
Suitability maps, sourced from Tasmanian Government [39], were used as the basis of
biophysical conditions in the model and linked to the land parcels. The Enterprise Suit-
ability maps of the biophysical parameters including soil type and existing land uses for
Dorset are derived from a combination of local climate, land characteristics and soil type
(including frost, winter chilling, summer heat, drainage, slope, salinity, soil texture and
depth) [35]. It is assumed that Farmer agents decide on the farming system by considering
climate and soil information, and that these assumptions imply that the algorithms need to
be designed assuming there is an interaction between the farmer as a decision-maker, and
the land use (land parcel) as a geometric and spatial component.

2.2.2. Design Algorithms

Algorithms facilitate the translation of a conceptual model of farmers’ decisions to
Crop GIS-ABM. Once an algorithm is designed, it can be translated into a computer
program. Figure 3 illustrates how this was done, including the GIS layer input, the
suitability of farm system to land parcels, farming system gross margins, proximity to
current irrigation infrastructure and water, the effect of neighbor farm systems on crop
choice and crop rotation (all factors gained from stakeholder insights). The final step was
the model output GIS overlay. The algorithm, as illustrated in Figure 3, was conducted
with an annual time-step.

The output (farm system) from each year was used as the input for the following
year. Mapping the flow chart against the conceptual model confirmed that the high-level
algorithms were aligned with stakeholders’ insights on how farmers make decisions on
crop type and irrigation and could be transferred to a computer program. These high-level
algorithms then became the basis for adding more details. Figure 4 illustrates a flowchart
of the detailed algorithms. The flow chart sets out a sequence of simple steps based on the
main influential factors for deciding on crops/livestock and the computer logic structure
for the farmers’ decision model.
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2.2.3. How the Model Works

The three most important farm systems (i.e., poppies, hemp and dairy) (Figure 4) were
selected for demonstration of the model. This decision was based on stakeholders’ insights
for simplicity since our intention in this research was only to illustrate the GIS-ABM concept
and how the model works.

This example could be readily expanded to several other farming systems. The model
computations were conducted as follows:

Step 1: Find required GIS layers: initialize Block (land parcel) and Farmer (a farm man-
ager) and set up parameters and variable then used in a GIS layer attributes table.

Step 2: Evaluate the suitable area of the crop for each parcel: suitable crop areas of each
crop was initialized to each parcel of land. The suitable areas were set then up for
each Farmer agent.

Step 3: Calculate gross margins associated with each parcel: Gross margin was computed
using Equation (1).
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Gross Margin Decison(GMD, AUD)
= Crop ( f arming system) Suitable area (ha)
× Gross margin per ha (AUD/ha)

(1)

For each iteration, the gross margins of farming systems were compared, and the
system with the highest gross margin was chosen for each land parcel. As an example,
for this study, poppy (albeit a well-established and high value crop) and hemp (potential
alternative crop). and ryegrass (dairy farming) were selected as representative farming
systems from the stakeholder interviews and survey findings.

Step 4: Determine irrigation availability: based on the interviews it was found that if
irrigation was available, farmers could increase their yields and intensify their crop
production. In this step, Farmer agents calculate the gross margin of the suitable
area and the marginal area of the crop in irrigation districts (State Governments
irrigation map [35]). If the land parcel was outside the irrigation districts, the
Farmer agent calculates just the gross margin of suitable land. If the land parcel
was inside the irrigation districts, the Farmer agent would be able to intensify
their crop (framing system) and convert the land with rain-fed soil, marginally
suitable for crop (farming system) production, to a suitable area by irrigation. The
equation is:

Irrigation Decision (IrriD) =
[crop (farming system) Suitable area(ha)

+ crop (farming system) marginal area (ha)]
∗ Gross margin(AUD/ha)

(2)

The model provides the choice between having or not having a decision rule based on
the Irrigation area in the region. Land that is irrigated (or contains irrigation infrastructure)
in the model is a GIS layer and can also be modified based on the changing the irrigation
areas in the region. We can change maps in the model (through GIS).

Step 5: Neighbor proximity effect: We define ‘neighbors’ as parcels that have at least one
adjacent border with a target parcel, sharing edges as well as vertices. The Queen
Contiguity neighborhood method [40] was used to determine which polygons
were selected as neighbors to a target polygon [41]. In the Queen Contiguity
method, the neighbor proximity effects threshold parameter (NGe f f ects) is used to
model the influence of social interaction and neighbours’ decisions effects where
Fi represents a farmer who can alter the crop type or select new crops when
the number of surrounding parcels (neighbors) with new crops are higher than
NGe f f ects. Each farmer Fi then calculates the number of differently cropped parcels
of neighboring farms compared with the current farm ( NGdi f f ). The parameter
DNG is then computed as the ratio of NGdi f f to total neighbors (Equation (3)).

DNG =
NGdi f f

NGTotal
(3)

If DNG > NGe f f ects , Fi changes the crop type. In other cases, Fi unaffected by
neighboring decisions and makes her/his own decisions about the crop type.
Further information on this process is given in Figure 4.

The ‘proximity effect of neighbors’ is a parameter that can be changed by the user–the
effects of these changes on the fluctuation of benefits associated with each crop can be
viewed as an ‘emergent outcome’ from the model. We can simulate land use changes by
modifying all parameters and explore the fluctuation of the benefits associated with each
crop or just by changing one parameter (e.g., neighbor proximity effect threshold).

Step 6: Determine crop rotation: compare current crop choice with the previous year’s
crop: When a crop type is assigned to each parcel using the previous steps, each Fi
checks the farm system crop rotation by comparing the previous (last year) crop
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to the current selection. If there is a need for crop rotation, the farmer rotates the
crop following the information given above.

Step 7: Output GIS layers, graphs, and tables: at the end of each (annual) time step, the
output of the simulation displays in ArcGIS software. When each crop has been
selected per year, the GIS layer attribute prints the crop type and is updated, and
then ESRI GIS displays the updated maps. Computations from each time step are
stored in a GIS shapefile.

Step 8: Terminate simulation after running 10 years. The period of the simulation was
10 years. However, the simulation period is flexible such that the user can define
the period of the simulation.

The Crop GIS-ABM is explained with details in the ODD+D ((Overview, Design Con-
cepts and Details, as well as human Decision) protocol format as Supplementary Materials.

2.3. Scenario Analysis (Stage 3)

Stage 3 involved using the Crop GIS-ABM to simulate scenarios including how farmer
decisions may differ in response to irrigation expansion in the region and its impacts on
the adoption of the new alternative farming system. The scenario analysis provides insight
into how farmers’ behaviors and decisions on adoption of hemp might change if irrigation
expands in the Dorset region, and what crop patterns might emerge as a consequence.

Last, we conducted a sensitivity analysis to determine the sensitivity of a range of
biophysical, economic and social factors in determining crop adoption and irrigated land
use expansion. For the sensitivity analysis we perturbed key model inputs by ±10% and
analyzed changes in simulated variables relative to their baseline values.

3. Results
3.1. Expansion of Irrigation Scenario

The scenario of irrigation expansion investigates resultant land use patterns, if irri-
gation expands in the Dorset region, in the context of how many farmers will adopt a
high-value new alternative crop. For the first scenario run, hemp was selected because
of public policy changes and general community perception about growing hemp. The
details on model initialization are demonstrated in Appendix A.

Figure 5 illustrates the annual and cumulative hemp crop adoption over 10 years.
Although the cumulative number of hemp adopters increases, the number of farms sown
to hemp in any one year does not increase over the simulation. This effect is due to crop
rotation: although a farmer may have adopted hemp crops, hemp is not sown every
year. The greatest cumulative adoption of hemp occurred in the first three years after the
introduction of irrigation infrastructure, after which the cumulative adoption slowed. The
simulation indicates that, with the availability of new irrigation infrastructure, 14% of
farmers in the Dorset region are likely to produce hemp at least once over a ten-year period.

The simulation shown in Figure 6 was then repeated without irrigation availability (to
determine the influence of irrigation on hemp crop adoption). We then examined the effect
of irrigation non-availability on cumulative hemp crop adopters, setting the Irrigation
parameter in Table 1 to false.

As Figure 6 illustrates, the number of farmers who adopted hemp crops was less than
the cumulative adoption when irrigation was not available. This result may have been
because farmers tended to adopt more high-value crops (e.g., poppy crops or ryegrass
pastures) when irrigation infrastructure became available. The result may also be partially
attributed to the crop suitability to localities dictated by soil type and prevailing climate.
Importantly, the simulation provokes the question as to why this might be. A key point
made throughout the study is that farmers’ decisions on crop selection, and more partic-
ularly the adoption of new alternative options (such as hemp adoption) in the context
of planned irrigation expansion, is complex. The simulation suggests several practical
possibilities as to what might occur. The decrease in the hemp adoption rate might be for
several different reasons. Firstly, the popularity of ryegrass and of the high-value poppy
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crop influences farmers’ decisions to invest in irrigation to intensify the crops that they have
produced for years and that have generated sustained high-value return. Both ryegrass
and poppies, while high value, are also well known and more familiar than hemp which
previously had been a “banned” crop. Secondly, the biophysical conditions, especially the
area of marginal lands per land parcel, also play an essential role in choosing the crops.

The spatial distribution of hemp crop production, at the start and end of the 10-year
period, does shed some light on how farmers may make adoption decisions about hemp
as it was not produced in this region previously. Figure 7 shows the number of hemp
adopters in the first year. The spatial diffusion of hemp in the Dorset region under irrigation
expansion was analyzed through simulated maps. Figures 8 and 9 show the spatial pattern
of hemp adoption with/without irrigation availability. The number of hemp adopters in
the under-irrigation-expansion scenario decreased in the region in comparison with the
no-irrigation scenario, suggesting that all things being equal, farmers sought to ensure that
newly irrigated land was cropped with the most productive crop possible. However, the
pattern of hemp adoption under irrigation expansion also changed, especially in certain
districts or spatial areas (e.g., Winnaleah, Jetsonville). The simulation also suggests that the
average size of farmland under hemp production increased slightly.
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Table 1. Sensitivity of key model parameters relative to baseline values.

Component Value Change Sensitivity Outcome

Gross Margin Ryegrass USD 3290 per ha +10% −1.2%
−10% 17.4%

Gross Margin Hemp USD 7450 per ha +10% −5.8%
−10% −6.8%

Gross Margin Poppy USD 3030 per ha +10% 10.5%
−10% −3.5%

Percent Ryegrass 0.8 +10% 3.5%
−10% −4.7%

Neighbor proximity effect 0.3 10% 7.0%
−10% −8.1%

Quantity True/False True 9.3%

Irrigation True/False False −10.5%
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The suitability of land for particular crops (in this study: hemp, ryegrass and poppy)
plays a significant role in farmers’ adoption decisions. Based on the parameters used to
initialize the Scenario, the number of farmers who adopted hemp decreased under the
irrigation-expansion-scenario and the number of land parcels that produced ryegrass and
poppy under the irrigation-expansion-scenario increased, quite probably for the reasons
outlined above.
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3.2. Sensitivity Analyses

Simulations from the Crop GIS-ABM were examined by employing a sensitivity
analysis. As we are dealing primarily with biophysical and bio-economic inputs, the
resulting simulations cannot be contrasted in a statistical sense, because the simulations
reflect the inputs and equations used in the model (rather than real differences between
measured parameters). Sensitivity analyses [42] was conducted using a ‘one-at-a-time’
approach was to examine the sensitivity of a range of model input parameters. Boolean
parameters (Irrigation presence and Quantity parameters) were tested as on/off. The
results of the sensitivity analysis are illustrated in Table 1.

As Table 1 shows the sensitivity to perturbations of the crops sown was relatively
small in most input parameters, with the exception to ryegrass gross margin. The data
in Table 1 does indicate that decision-making on hemp is highly sensitive to whether or
not irrigation is present. Irrigation availability was assumed to improve marginal land
to suitable land for crop production. Most areas in the Dorset region are only marginally
suitable for ryegrass. If irrigation is available in the region, the farmer agents can choose
to produce ryegrass. Therefore, ryegrass is more sensitive to irrigation than hemp. The
comparison between the proportional change in parameters with variable (ryegrass, poppy
and hemp crops) indicates that the Crop GIS-ABM is reasonably robust to local change and
circumstances in most parameters.

4. Discussion

This research developed a new approach for integrating social factors, societal pres-
sures, crop prices, and land and water policies with biophysical data on soil type and
climate by coupling an agent-based model with a GIS framework. We then demonstrated
this new methodology using the scenario of irrigation infrastructure expansion across the
northeast of the Australian State of Tasmania. We termed this new approach the ‘Crop
GIS-ABM’ and used it simulate the agricultural land-use change and impacts of changes in
(1) irrigation availability, (2) crop prices, (3) neighbor influence on crop adoption and (4)
the rate with which new innovation was adopted.

The Crop GIS-ABM developed here can be used to explore questions about future
agricultural land use, particularly in the context of broader regional land use planning
such as the advisability of investing in regional irrigation infrastructure. It affords an
opportunity to question why, how, when, where, and what might happen in the future, if
important decisions, strategies, or policies (e.g., irrigation and drought protection) were
implemented. The model can simulate patterns of land-use change that are generated from
farmers’ behaviors and interactions. As such, the model also helps users understand the
effects of bottom-up decisions by farm managers on their land parcels, and how cumulative
decisions by farmers may affect the agricultural landscape in a region.

Most previous decision support systems for agricultural land use and water manage-
ment have focused on farm-level implications [43], greenhouse gas emissions [2,4], climate
change at the farm level [44,45] and landscape changes [17] such as Multi-Criteria Analysis
Shell for Spatial Decision Support (MCAS-S) [9,19]. For the most part the cumulative
impacts of individual farmers’ decision are not taken into account. However, the complex-
ity of decision-making on agricultural land use points to the need for a better-informed
approach that does account for the economic, social and environmental factors as well
as different stakeholders’ decision factors and the dynamics of interaction between the
human-natural system.

Although there has been a considerable body of work done on GIS and its application
to spatial planning [18,33,46] and spatial ABM [47–49] to natural resource management
and land use change, they have rarely been linked with stakeholders’ insights. The Crop
GIS-ABM makes an important contribution to land use planning literature because it
integrates both qualitative (stakeholders’ insights) and quantitative data (spatial data and
socio-economic data) into spatial ABM. This study drew on this previous body of work as
a platform for the novel research conducted in this paper. Specifically, our method is one of
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the first to integrate ABM and GIS and considered stakeholders’ insights in an agricultural
land use planning context. Indeed, the vast bulk of previous work has been based on urban
settings exploring land use change and economic choices [50–52] and agricultural land use
change considering land size, and the type of farming activity [22,23]. However, previous
research has not considered neither the stakeholders’ insight for developing the model
nor considering the social impacts and neighbors’ proximity effects in their models. The
algorithmic basis of Crop GIS-ABM was structured in a way to reflect the conceptual model
of farmers’ decisions and simulate the possible accumulated effects of farmers’ interactive
decisions on land use changes. Our new approaches enabled integration of both qualitative
and quantitative data (including biophysical, social and economic factors) together with
the spatial data.

The mixed-method design approach enabled us to design algorithms based on stake-
holders’ insights about how farmers make decisions on adoption of new crops or tech-
nologies. The model was informed by stakeholders’ insights rather than a specific theory.
In Crop GIS-ABM, the agent’s behavioral rules and model parameters and assumptions
were not operationalized based on theory. The merged interpretation of interview and
survey questionnaire findings was the basis for conceptualizing farmers’ decision-making
allowing the Crop GIS-ABM to be designed and built based on the integration of qualitative
and quantitative data. This approach gives a better reflection of the decision processes
of farmers who live in the region as the parameters and rules were designed based on
their insights.

In this research, the conceptual basis of the Crop GIS-ABM is the farmers’ decision
model. These algorithms are unique in not only capturing stakeholders’ insights on how
farmers make decisions but also in capturing the cumulative impacts of farmers’ decisions
and their interaction with their lands. As has been established, it is this kind of data that is
intrinsic to effective agricultural land use planning and a fundamental contribution by this
study to extending the capacity of ABM-GIS. The research demonstrates how parameters
such as social, environmental and economic factors can be synthesized in Crop GIS-ABM,
bringing spatial and ABM data together.

Our major contributions included linking of an agent-based model to a GIS platform
within a mathematical framework describing various socio-economic factors for adoption of
a new agricultural practice. The second major contribution was that relating to agricultural
land-use. Most of the previous work has been applied to urban settings or have not
considered stakeholders’ insights and social aspects. There is very little past work of this
type in an agricultural land-use context.

One of the advantages of this work is that the Crop ABM-GIS is not like previous
models, accounting for GIS, social, economic and biophysical factors to describe land-use
change. We used a multistage three-step process and was very much informed by the
geodesign methodology developed by Steinitz [37] as a landscape planning and design
strategy. Moreover, the algorithms are novel, representing a mathematical conceptual-
ization of the factors influencing whether or not an agent (farmer agent) would adopt
irrigation infrastructure. The scenario analysis shows how a number of factors (e.g., eco-
nomic and social) influence the spatial pattern of agricultural land-use. It should be notes
that this was a case study applied to irrigation infrastructure but could be equally applied
to many different contexts.

A limitation of this work is that the input information used to initialize the model can
be extensive layers, (economic data) that would need to be regularly updated over time
to account for variability in these factors. However, the sensitivity analyses performed
should encompass much of the potential variability in these factors. Another limitation
is that we based the conceptual model on stakeholder feedback in the region. If we had
been more extensive and/or interviewed different people, their values may have been
different. This could change the algorithms used in the model, and thus the outcomes.
Socio-economic factors are known to vary widely amongst agricultural stakeholders, so
we believe our approach provides a useful first step in this area of research. There are two
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agents in the model. This model assumes that each parcel of land has a farmer (Farmer
agent) who makes decision about the farming system (crop or livestock type) each year
and resides in the Block agent (a spatial vector layer of cadastral polygons). Although the
ownership regimes have not been considered as a separate factor, the price of the labor/per
hectare was accounted for in the “Gross Margin” parameters. Future work could examine
the sensitivity and thus implications of potential changes in labor requirements and cost.

Nevertheless, this approach conceptualized and trialed in the Crop GIS-ABM affords
opportunities for a number of practical applications. For example, farmers, land-use
planners, and policymakers (e.g., local government) can use it as a tool to gain insights
into agricultural land-use change and irrigated land options and assist them in their
decision-making.

5. Conclusions

This paper used a participatory approach to build a biophysical and socio-economic
model used for decision making around agricultural land use. This was done by inte-
grating agent-based modelling within a GIS framework. As an initial conceptual starting
point, the ABM was designed using insights from stakeholders in a farming community in
Dorset, Tasmania Australia where new irrigation infrastructure investment was opening
up marginal land and securing water for traditional and new crops, some of which are high
value crops like poppies and ryegrass (high quality dairy feed). Within this context, the
model was designed to simulate how political, societal, social, economic and biophysical
factors including land and water policies, neighbor influence on crop type, rates of innova-
tion adoption, crop and water prices and soil and climatic factors influence the agricultural
land use and its change over time.

Along with outlining how the simulation model was designed and built, the paper
demonstrates a scenario, or worked example, to illustrate the kinds of data that can be
generated by the model and approach. However, the value of the model lies, not only in
the simulation capability per se, but also in affording an opportunity to identify and test
plausible (or not) scenarios, challenge assumptions and examine types of changes of land
use intensification that might occur over time.

This study was designed to illustrate a method, rather than analysis of specific agricul-
tural sectors. We believe we have comprehensively described the method and assumptions
used to derive the model. The interaction with other sectors could be explored in subse-
quent work. While there are limitations with the model, in that the stakeholder data is
based on insights and simple assumptions, nevertheless the study makes other important
contributions to current agricultural land use planning. It has combined ABM and the rele-
vant agent factors within GIS and offers the means to encompass the cumulative effect that
numerous individual farmer decisions may have on agricultural land use and agricultural
land use planning. This capability has largely been missing from decision making to date.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/
10.3390/land10040364/s1. The ODD+D protocol (Overview, Design Concepts and Details, as well
as human Decision) protocol for the Crop GIS-ABM model. This model description follows the
ODD protocol for describing the agricultural land use change. The model is implemented in Agent
Analyst software which is an open source and free software that integrates the Repast ABM [53]
within ArcGIS Software [40].
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Appendix A. Initialisation

The interview findings or insights suggested that if irrigation infrastructure became
available, farmers would not only contemplate purchasing more water and infrastructure
to intensify their existing farming systems (e.g., ryegrass pastures in dairy systems) but
would also consider adopting new farming systems, such as high-value alternative crops
(including hemp) to cover investment costs. The cumulative number of farmers who
chose a new alternative crop, compared to the total number of farmers, is a factor that can
show the tendency of farmers in the region to adopt new alternative crops when irrigation
expansion was a viable option and provides an example of information helpful for longer
term and regional land use planning.

In the Crop GIS-ABM, if the land parcel is located inside the identified irrigation
districts, the Farmer agent is assumed to invest in irrigation. By sowing new crops on
areas that were originally only marginally productive, farmers can intensify their farm by
planting new crops on areas that were typically not sown to crops. Further, if the land
parcel is inside the identified irrigation districts, a Farmer agent can consider all the crop
options (traditional or new alternatives) and calculate the gross margin by considering
suitable and marginal areas. Data used to initialize the Crop ABM-GIS includes that
from the Tasmania State Irrigation company’s map and GIS layers and census data from
DPIPWE [39]. Figure A1 shows the current and proposed irrigation districts based on the
Tas Irrigation map for the Dorset region. Current and proposed districts were initialized as
irrigation areas in the simulation.

Land 2021, 10, x FOR PEER REVIEW 16 of 19 
 

Data Availability Statement: The data presented in this study are available on request from the 
corresponding author. The data are not publicly available due to privacy. 

Acknowledgments: The authors would like to thank the Tasmanian farmers, food processors and 
community in the Dorset region, Department of Primary Industries, Parks, Water and Environment 
–Tasmania (DPIPWE), Tasmanian Irrigation (TI) and Dorset Council, Natural Resource Manage-
ment (North) who participated and extended their support and shared the data required for this 
study. 

Conflicts of Interest: The authors declare no conflict of interest. 

Appendix A. Initialisation 
The interview findings or insights suggested that if irrigation infrastructure became 

available, farmers would not only contemplate purchasing more water and infrastructure 
to intensify their existing farming systems (e.g., ryegrass pastures in dairy systems) but 
would also consider adopting new farming systems, such as high-value alternative crops 
(including hemp) to cover investment costs. The cumulative number of farmers who chose 
a new alternative crop, compared to the total number of farmers, is a factor that can show 
the tendency of farmers in the region to adopt new alternative crops when irrigation ex-
pansion was a viable option and provides an example of information helpful for longer 
term and regional land use planning. 

In the Crop GIS-ABM, if the land parcel is located inside the identified irrigation dis-
tricts, the Farmer agent is assumed to invest in irrigation. By sowing new crops on areas 
that were originally only marginally productive, farmers can intensify their farm by plant-
ing new crops on areas that were typically not sown to crops. Further, if the land parcel is 
inside the identified irrigation districts, a Farmer agent can consider all the crop options 
(traditional or new alternatives) and calculate the gross margin by considering suitable 
and marginal areas. Data used to initialize the Crop ABM-GIS includes that from the Tas-
mania State Irrigation company’s map and GIS layers and census data from DPIPWE [39]. 
Figure A1 shows the current and proposed irrigation districts based on the Tas Irrigation 
map for the Dorset region. Current and proposed districts were initialized as irrigation 
areas in the simulation. 

 
Figure A1. Current and proposed irrigation districts in the Dorset region of north-eastern Tasmania,
Australia (DPIPWE 2019). Both current and proposed districts are used for model initialisation.



Land 2021, 10, 364 16 of 18

The Farmer agent in each irrigation district can thus decide whether to invest in
irrigation and subsequently consider intensification of existing farming systems (e.g.,
ryegrass pasture for dairy farms) and/or the adoption of a new alternative crop (e.g., hemp).

Model parameters for examining landscape-level changes of farming systems as
irrigation infrastructure becomes available, are shown in Table A1. In this simulation, we
assumed only three crop types: hemp, ryegrass, and poppies. This assumption about
crop types was made (1) based on the interview findings and (2) for simplicity of this
example. The parameter specifying the adoption rate is the percentage of farmers who
are early adopters of a new crop type (i.e., ‘innovators’). The number of farmers who
might adopt an irrigation scheme and use irrigation infrastructure was initialized as
2.5% of the total farmers [54]. Farming system gross margins were initialized following
Tasmanian State Government reports on commodity prices [55–58]. The neighbor proximity
effect determines the frequency with which a neighboring crop is adopted. The ‘quantity’
parameter determines whether more neighboring crops are dissimilar (cf. similar) and
dictates whether a change in crop type may occur. The simulation was designed to run for
10 years.

Table A1. Parameters used to initialise the Crop GIS-ABM in a scenario analysis that examined the
adoption of alternative crops and the introduction of irrigation infrastructure.

Parameter Unit Initialization Description

InnovationAdoptersRatio % 2.5 Adoption rate
PoppyGrossMargin USD/ha 3030 Gross margin of poppy crops per year
HempGrossMargin USD/ha 1290 Gross margin of hemp crops per year

RyegrassGrossMargin USD/ha 3295 Gross margin of ryegrass pastures
(dairy farms) per year

NeighboursEffectThreshold [0, 1] 0.3 Effect of neighbor choice on adoption
of new crops

MaxTimestep Year 10 Maximum time step for simulation

Quantity True/False False Crop dissimilarity within the
neighborhood

Irrigation True/False True The availability of irrigation
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