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Abstract

FEARLUS (Framework for the Evaluation and Assessment of Land Use Scenarios) is an agent based modelling framework to explore land use change scenarios that uses an abstract representation scheme of the phenomena in its ontology. The design approach has been to start with simple abstract representations and build in complexity gradually. In currently available versions of FEARLUS, land is exchanged in a process that entails a fixed price of exchange and no active decision on the part of the recipient to participate in the process. This document presents a simple design for creating a more sophisticated land market process in the FEARLUS model that addresses these issues, and discusses some of the earlier results that might be affected by these changes. The goal of this exercise is to create a land market model that can be used to compare with versions of FEARLUS not having such a model component. However, the paper contains a number of design considerations relevant to anyone attempting to endogenise land markets in an agent-based land use simulation.

Introduction

A growing number of number of agent-based models (ABMs) of land use change have been developed in recent years, as reviewed by Parker et al., (2003) and classified by Hare & Deadman (2004). Many of these ABMs instantiate decision models where land-manager agents choose land uses based on differential returns to various activities. Many of these models are also developed based on real-world locations with actively functioning land markets. In the real world, relative rental rates for land are likely to influence returns to each land use, and some economic pressures that may allocate land to the use most highly valued in the marketplace are likely to be present.  However, although many successful ABM market models have been developed (Tesfatsion, 2002; LeBaron, 2001), few ABM/LUCC models contain a complete market representation, one where land sales and/or rental rates are determined through a competitive bidding process, and therefore reflect interactions between local, potentially heterogeneous parcel attributes and the potentially profitable activities of heterogeneous land managers. Rather, most ABM/LUCC models fix an exogenous rental rate for land, a total quantity of land-use change to occur over the model run, and a sequencing mechanism for allocating that change. 

In this paper, we present a simple design for updating the land exchange mechanisms of the FEARLUS model in order to create a more sophisticated land market process that better reflects the diverse determinants of land values. We argue that implementation of a formal land market will facilitate several important modelling goals, including provision of important new model outputs, endogenous regulation of the number of agents and the amount of territory occupied in the model, improved modelling of individual incentives, and potential improvement in the performance of empirical models.  It is important to note (as is clear from our planned implementation) that a functioning land market need not operate under the assumption that land managers are economically rational profit maximisers.

A resource is said to be economically “scarce” if, at a zero price, more is demanded than is available.  According to this definition, land is a scarce commodity in most environments. Institutionally, markets serve as a means to balance competition for scarce resources among competing agents. In theory, a well-functioning market will allocate scarce resources to their highest-valued use.  (In practice, of course, true equilibria are never reached.)  If a model allows land to be allocated to the bidder with the highest valuation for that land, the land rental rate will, in theory, reflect the scarcity or shadow value of that land—the amount by which the profits of the agent with the winning bid would increase if the parcel were acquired.  A functioning land market model will provide information on these shadow values of land at different points in space, allowing the modeller to identify areas where growth pressures are high, to examine how land value and growth pressure changes as factors such as agent income and transportation costs change, and to explore deviations between private and social shadow values (how much a land manager’s profits will increase if the amount of land farmed is increased by one unit) of land. 

Second, the land market will allow acquisition of multiple parcels by a single agent, or subdivision of larger parcels into higher density development. This allows for exploration of important theoretical questions related to spatial externalities and landscape efficiency, such as whether the capture of economies of scale and scope induced by externalities will result in more socially efficient land use patterns, as land holdings are consolidated. It also allows for more accurate modelling of observed empirical phenomena, such as consolidation of rural land holdings, speculative buying, increasing farm sizes, new subdivisions and planned communities. Endogenising the size of parcel holdings also allows exploration of theoretical and empirical questions related to market structure, including questions related to structural adjustment and the distributions of land holdings (Balmann et al., 2003; Berger, 2001; Gotts & Parker, in preparation; Gotts & Parker 2004).  

Although in many ABM/LUCC models, the quantity, location, and pattern of land uses are determined separately, theoretical and empirical evidence indicates that feedbacks between quantity, location, and pattern occur (Parker & Meretsky, 2004; Irwin & Bockstael, 2002).  As the quantity of land in a particular use increases, the market for the product of that use may become saturated, leading to lower profitability for the use, and influencing the distance from market where its production is profitable.  As well, land-use patterns may influence relative transportation costs, and may generate spatial externalities that induce further changes in land use.  A fully functioning land market can facilitate joint determination of land-use quantity, location, and pattern through price signal feedbacks, meeting a key challenge for land-use modelling put forth by Veldkamp and Lambin (2001). 

Finally, a functioning land market model might better reflect real-world incentives faced by agents.  If more successful agents are allowed to bid on land of insolvent or less successful agents, it may allow them to more quickly consolidate wealth and land holdings.  As well, if the market for land becomes saturated, due perhaps to decreasing profitability of agricultural outputs, an endogenously falling land prices may lead to land fallowing and/or abandonment, an important observed empirical phenomenon.

Land markets in FEARLUS

The FEARLUS model has been described in-depth by Polhill et al. (2001), and Gotts et al. (2003). The agents are land use decision-makers, and can be thought of as representing families or small businesses, since how long they survive for depends only on how much money they make. In what follows, terminology specific to FEARLUS will be capitalised, and italicised on first use. The Land Manager agents use a Land Use Selection Algorithm to choose Land Uses for their Land Parcels each Year. Depending on how well this choice matches with the spatially varying Biophysical Characteristics of the Land Parcels, and temporally varying Climate and Economy (all represented in an abstract manner using bitstrings), they receive a possibly negative Economic Return, which is accumulated in an Account.

The current land exchange model in FEARLUS involves Land Managers who have a negative Account after receiving their Economic Return having to sell their Land Parcels at a fixed non-varying Land Parcel Price to a new owner. The new owner is chosen at random by a Land Allocator object from a potential new Land Manager, and the set of neighbouring Land Managers with sufficient accumulated Account to afford the Land Parcel Price. This simple model allows Land Managers who are poor decision-makers to gradually be eliminated from the simulation through successive losses of Land Parcels, and Land Managers who are more successful to accumulate larger and larger estates. However, it does not allow Land Parcel prices to vary spatially or temporally, nor does it allow those prices to be set endogenously. Also, Land Managers selected as the new owner of a Land Parcel have no choice about whether to participate in the purchase—it is assumed they will want to if they can afford it.

By contrast, some other agent-based land use models, such as Berger’s (2001), do contain endogenised land rental markets. In Berger’s model, farmers attempt to rent out a parcel of land when their shadow price for that parcel is below sector averages (the average of the shadow prices of other agents in the region for their land parcels). The asking price is the incremental return to the vendor when renting out the land parcel. A temporary land use right is then transferred to the neighbouring farmer with the highest bid for the parcel. Each agent’s bid is a function of the shadow price of the bidder for the land parcel, taking transportation costs between the parcel and the farmstead into consideration. The price of the transfer is given by the average of the bid price and the asking price. The transaction does not take place unless the incremental return to the bidder on renting in the land parcel exceeds the vendor’s asking price.

Happe’s (2000) AgriPoliS model also bases pricing for land rental on the shadow price. Just as with Berger’s model, it assumes that transportation costs and exploitation of economies of scale result in farmers bidding for land parcels that are nearest to the farmstead. These are explicitly modelled by putting them into the bidding function, whereas in FEARLUS this is implicitly embedded by only allowing neighbouring land managers to buy a land parcel for sale. In Happe’s model, the bid price is not the final rent paid. Instead, the final rent is the weighted geometric average of the bid and the mean regional rent, each having equal weight—i.e. the rent is the square root of the product of these two terms.

This paper proposes an extension to the FEARLUS model designed to endogenise land markets. It takes a slightly different approach to Berger and Happe, since their approaches are based on linear programming, integrating the land parcel and land use selection processes in that optimising framework. As much of our work has been based on the acknowledgement that ‘satisficing’ (Simon, 1957) rather than optimising is a more prevalent decision strategy among real-world actors, it is appropriate to design our land market algorithms accordingly.

Design considerations

There are a number of aspects to land markets that require some consideration before implementing them in an agent-based model such as FEARLUS. These are of general interest to anyone considering including land markets in an agent-based model of land use. Given the goal of maintaining as much similarity with earlier versions of FEARLUS as possible to facilitate comparison, many of the complexities and subtleties of these aspects will be reduced through simplifying assumptions in the final algorithm.

(a) Decision to sell land
Land managers need to have some form of algorithm for deciding to put their land up for sale. In the real world there are various situations where this may occur: A farmer may retire with no descendants to whom the farm can be passed on; they may need to release some capital to make an investment; they may wish to relocate some of their activities; or they may decide to leave farming because they cannot compete in the marketplace. The decision to sell land may not be made rationally in a neo-classically economic sense. Burton (2004) reports that farmers may name their fields, and treat them as one of the family, meaning that selling land is a measure of last resort. Given this, in the algorithm below we assume that farmers only sell land when they have become bankrupt.

(b) Which land parcels to sell
This decision is related to the decision to sell land. For example, in a retirement situation, all the land would be sold, whereas if the land is being sold to raise capital, the land parcels selected for sale will depend on their expected market price, their current value to the farmer, and the amount of capital that needs to be raised. Alternatively, if the purpose of the sale is to relocate activities, the land being sold will relate to the activities that are being relocated. In each case, there are different priorities for the price and the location of the land selected for sale, making the development of a comprehensive algorithm difficult. For the design of the algorithm to be included in FEARLUS, the decision in (a) simplifies this aspect of the process considerably, as all Land Parcels owned by the bankrupt Land Manager are put up for sale.

(c) Decision to buy land
There are various reasons why land is bought. Firstly, land need not necessarily be bought only by farmers (the principle agents in FEARLUS). Land may be bought for development, or conversion to another land use such as forestry. Land may also be compulsorily purchased by the Government for road-building. For farmers, the decision to buy land is essentially a business decision. Farmers may be looking to expand their business, relocate it, to buy land with more favourable biophysical properties, or to improve efficiency through measures such as reducing farm land parcel fragmentation (Parker & Meretsky, 2004). Another key factor in determining whether or not to buy land is the availability of sufficient financial security so that the loss of the purchase price is not seen as a threat to the survival of the business. This will vary from land manager to land manager according to their attitude to risk.

(d) Which land parcels to buy
The choice of land parcels to buy will depend on the reasons for the decision to buy, just as the reasons for selling affect the selection of land parcels to sell. In general, factors that influence the purchase selection include the biophysical properties, the location, and the price of the offered land parcel; the priorities for each factor depend on the reason.

(e) Selecting the reserve price
The reserve price is the minimum price a land manager will accept for a land parcel. A bankruptcy situation is unique in that the reserve price is largely irrelevant: The land must be sold at whatever rate the market will pay. In other situations, however, the reserve price would be set in an economically rational way to compensate for the expected income lost from the land parcel. If those bidding for the land parcel make a bid on the basis of their expected income from the land parcel (see (f) below), then a sale will only take place when the buyer can make more money from the land than the vendor. Such analysis requires assumptions that may not apply in real-world situations, particularly if there is enough uncertainty that the expected income cannot be computed accurately enough. The reserve price may also depend on what the land manager intends to do with the money—it might be that although more money can be raised from selling the land than from farming it, the price is insufficient to create the opportunities that the land manager desires to achieve from the sale.

(f) Deciding a bid price
Just as with choosing the reserve price, the bid price can be determined using discounting, given an estimate of the amount of profit the purchaser expects to make from the land they are bidding for. We could set an interest rate, potentially varying from agent to agent, assuming that there is an exogenous investment opportunity with that rate of return. However, discounting may still be used with the interest rate parameter acting as a measure of the farmer’s attitude to uncertainty: the value of potentially making more money through buying the land parcel, but also potentially making less, as against keeping the money as a buffer against bankruptcy.
Consistent with standard models of discounting, and assuming a fixed expected interest rate, we discount the expected returns to a land parcel for each year in the time horizon according to an individual-specific discount factor di:
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where ri is the interest rate that the agent i could earn on an exogenous investment opportunity, and n is the year of the expected returns. The total expected returns, then, are simply the sum over the manager’s time horizon of each year’s expected returns. Since the time to bankruptcy of an agent in FEARLUS is unknown and potentially unbounded, it can be shown using standard results from summation of infinite series that given an estimated annual profit p, the bid price should be p / ri if ri < 1. The higher the available interest rate, the lower the total expected return.  The discount factor can alternatively be interpreted as a measure of the uncertainty of future returns.  In this case, again, the higher the interest rate, the higher the perceived risk that the expected investment will not occur. Thus, for example, if ri = 100%, the purchaser expects the parcel to pay back its purchase price in one year, whilst if ri = 10%, a ten-year period is indicated. Hence higher values of ri indicate a more conservative attitude to uncertainty, and less confidence about long-term solvency.

It is important to note that the empirical validity of the traditional discounting model presented here has been questioned (Rabin, 2002).  In addition, social planners may decide to adopt lower than market discount  rates and/or alternative discounting algorithms (Sumaila & Walters, in press).

The estimated profit can be computed in a number of ways, two of which are to use the last known yield of the land parcel, or to use the average profit the land manager has made over the last n years, depending on whether the land parcel, or the land manager is seen as the chief determining factor of profit.

(g) Determination of the final sale price
Wooldridge (2002) discusses various kinds of auctions. These are re-ordered here in ascending order of complexity:

· Vickrey auctions: As first price sealed-bid auctions (see below), but the highest bidder pays the price of the second-highest bid. This is supposed to encourage agents to bid truthfully, and thus it is strategically the simplest. An agent that bids too high runs the risk of paying a price that is greater than their true valuation, thereby making a loss. An agent that bids too low reduces their chance of winning, but even if they do win, the price they pay is unaffected.

· First price sealed-bid auctions: Each bidder offers an amount of money for the good that is unknown to the other bidders. The vendor selects the highest bid. The issue with this is that the winning agent has effectively wasted any money in excess of the second-highest bidder, and thus each bidder may not be motivated to bid the true valuation. The bidding strategy is then a rather more complex process than for Vickrey auctions, as it theoretically involves developing expectations for other agents’ bids.

· Dutch auctions: An auctioneer starts at an artificially high price and offers consecutively lower prices until an agent accepts it.

· English auctions: An auctioneer starts at the reserve price, and bidders make successive bids that are higher than the previous bid. The agent with the highest bid gets the good.

Although first price sealed-bid auctions are more common in real-world systems of land purchasing, Vickrey auctions are preferred here because they avoid the complexity of making a bid other than the agent’s valuation of the good: the rational strategy is to bid the valuation. As Wooldridge (2002) explains, however, some conniving is possible with Vickrey auctions if agents are capable of guessing what other agents will bid. The second highest bidder (X), if confident of the highest bidder’s (Y) bid, could offer more than their (i.e. X’s) true valuation to make a higher price for the highest bidder (i.e. Y) at no cost to themselves (i.e. X). This issue can be avoided by not giving the agents such a capability.

We also choose the Vickrey auction to acknowledge that in real-world transactions, the actual transaction prices generally lies somewhere between the seller’s reservation prices and the buyer’s shadow values, implying that each agent leaves the transaction capturing some gains (or profit) from the trade.  In the real world, the division of gains from trade may depend on factors such as the number of agents bidding on the parcel and the relative bargaining power of each agent.  Rather than model this process explicitly, we assume that the agent with the winning bid would have to at least match the bid of the next-highest agent in order to win the bid.  At the same time, as long as there is more than one agent, and agent bids differ, this strategy assures a division of gains from trade, as discussed above.  

(h) What to do with land that no-one wants to buy
The issue of land abandonment is becoming more relevant following the recent round of CAP reform. In current versions of FEARLUS, however, land that no neighbouring agents can afford to buy is automatically transferred to a new Land Manager. To maintain as much similarity in any new version with endogenised land markets, it would seem sensible to maintain this behaviour in the new model. 

(i) Localisation of land sales
Costs relating to fragmentation of farms could be seen as currently being implicitly modelled in FEARLUS through only allowing Land Parcels to be exchanged between neighbouring Land Managers. For comparison purposes, maintaining maximum similarity with earlier versions of FEARLUS suggests that the same restriction should be applied here. Explicitly modelling costs relating to fragmentation, or not modelling them at all are options to be considered for the future. In general, any spatially explicit agent-based model wishing to include land markets will need to consider whether a parcel for sale will have any spatial restrictions on the set of potential purchasers.

(j) Handling debt
Though not an issue in the proposed algorithm herein, in general, land managers who sell some of their land to make up for earlier losses run the risk that they will not raise enough capital from the sale to break-even. Such a situation requires handling land managers who are in debt (i.e. have a negative Account). The most obvious way to do this involves simulating a bank, which introduces complexities of its own (such as determination of interest rates and credit-worthiness). Another approach would be for land managers to offer all their land parcels for sale initially, withdrawing unsold parcels once the desired capital has been raised. If all land parcels are sold the land manager no longer manages any land, their role as an agent in the simulation can be terminated, thereby avoiding the need to handle debt.

First endogenised land market model

The Endogenised Land Market Model described below (ELMM-0.1), and illustrated by example in Figure 1, will replace the land exchange model in current and previous versions of FEARLUS with the following sequence of steps (new parameters are italicised on first use):

1. Land Managers with Wealth < 0 are regarded as being bankrupt, and put all of their Land Parcels up for sale.

2. The Land Allocator notifies all Land Managers of Land Parcels in their neighbourhood that are available for sale.

3. Land Managers with Account > Land Offer Threshold (an individual parameter) use their Land Parcel Bidding Strategy to determine a price that they will offer for each Land Parcel, use their Land Parcel Selection Strategy to choose which of the available Land Parcels they will make an offer for, and notify the Land Allocator of their bid for each Land Parcel they are making an offer for.

4. The Land Allocator finds a new owner for each Land Parcel for sale by creating a potential new Land Manager and getting a bid from them, and then selecting the new owner as that with the highest bid. A Vickrey auction is assumed; hence the price of the exchange is that of the second highest bid, except when there is only one purchasing agent (the potential new Land Manager), in which case the price is that of the bid.

For each Land Manager, the Land Parcel Bidding Strategy creates an offer price for a Land Parcel they are eligible to bid for through owning a neighbouring Parcel, but they may not finally choose to try and buy. The Land Parcel Selection Strategy takes the list of Land Parcels a Land Manager is eligible to bid for and associated offer prices generated by the Bidding Strategy, and removes from the list those Land Parcels for which the Land Manager will not make an offer. No non-positive bids are allowed. The following Land Parcel Bidding and Selection Strategies will be available:

· Discounting Bidding Strategy: The bid price is given by the discounted average profit the Land Manager has made per Land Parcel within the Land Purchase Profit Window time period of the Land Manager.

· Yield Multiple Bidding Strategy: Land Managers monitor the most recent Yield of Land Parcels that neighbour their own, and offer an individual Yield Coefficient times the most recent Yield. If they have no Yield information for a Land Parcel, then no offer is made.
· Buy Cheapest Selection Strategy: The Land Manager’s list of potential bidding Parcels is sorted in descending order of bid price. Land Parcels are removed from the head of the list until the Account less total bid price is greater than the Land Offer Threshold.

· Buy Dearest Selection Strategy: As buy cheapest, but the Parcels are sorted in ascending order of bid price.
· Random Selection Strategy: Parcels are ordered randomly. This is mainly provided for Managers with the Discounting Bidding Strategy, who offer the same price for all Parcels they are eligible to bid for.
[image: image2.wmf]Farmer A:

Account: 150

Land Offer Threshold: 50

Bidding Strategy: Discounting

Purchase Profit Window: 3 years

Discount Rate: 0.1

Average Profit: 4

Selection Strategy: Random

Bids for: 3, 2,

1

, 

4

(Total 80)

Farmer B:

Account: 470

Land Offer Threshold: 30

Bidding Strategy: Yield Multiple

Yield Coefficient: 15

Selection Strategy: Dearest First

Bids for: 7, 

1

, 

3

, 

6

, 

5

(Total 420)

Farmer C:

Account: 50

Land Offer Threshold: 70

Farmer D:

Account: 200

Land Offer Threshold: 75

Bidding Strategy: Discounting

Purchase Profit Window: 5 years

Discount Rate: 0.05

Average Profit: 3

Selection Strategy: Random

Bids for: 6, 3, 

7

, 

4

(Total 120)

Farmer E:

Account: 300

Land Offer Threshold: 60

Bidding Strategy: Yield Multiple

Yield Coefficient: 12

Selection Strategy: Cheapest First

Bids for: 

7

(Total 24)

Farmer Z:

<Bankrupt>

Farmer Y:

<Bankrupt>

Parcel 1:

Most Recent Yield: 4

Offered to: A, B, C

A’s bid: 

40

(P)

B’s bid: 

60

(W)

C’s bid: No bid

N1’s bid: 

26

Parcel 2:

Most Recent Yield: 12

Offered to: A, C

A’s bid: 40

C’s bid: No bid

N2’s bid: 

25

(WP)

Parcel 3:

Most Recent Yield: 7

Offered to: B, C, D

A’s bid: 40

B’s bid: 

105

(W)

C’s bid: No bid

D’s bid: 60

N3’s bid: 

52

(P)

Parcel 4:

Most Recent Yield: 3

Offered to: A, D

A’s bid: 

40

(P)

D’s bid: 

60

(W)

N4’s bid: 

6

Parcel 5:

Most Recent Yield: 9

Offered to: B

B’s bid: 

135

(W)

N5’s bid: 

50

(P)

Parcel 6:

Most Recent Yield: 8

Offered to: B, D

B’s bid: 

120

(W)

D’s bid: 60

N6’s bid: 

33

(P)

Parcel 7:

Most Recent Yield: 2

Offered to B, D, E

B’s bid: 30

D’s bid: 

60

(W)

E’s bid: 

24

N7’s bid: 

45

(P)

Farmer Ni:

Land Price Distribution: N(30,10)

Bids for: 

1

, 

2

, 

3

, 

4

, 

5

, 

6

, 

7

Neighbourhood

5

6

7

1

3

4

2

A

B

C

D

E

Farmer A:

Account: 150

Land Offer Threshold: 50

Bidding Strategy: Discounting

Purchase Profit Window: 3 years

Discount Rate: 0.1

Average Profit: 4

Selection Strategy: Random

Bids for: 3, 2,

1

, 

4

(Total 80)

Farmer B:

Account: 470

Land Offer Threshold: 30

Bidding Strategy: Yield Multiple

Yield Coefficient: 15

Selection Strategy: Dearest First

Bids for: 7, 

1

, 

3

, 

6

, 

5

(Total 420)

Farmer C:

Account: 50

Land Offer Threshold: 70

Farmer D:

Account: 200

Land Offer Threshold: 75

Bidding Strategy: Discounting

Purchase Profit Window: 5 years

Discount Rate: 0.05

Average Profit: 3

Selection Strategy: Random

Bids for: 6, 3, 

7

, 

4

(Total 120)

Farmer E:

Account: 300

Land Offer Threshold: 60

Bidding Strategy: Yield Multiple

Yield Coefficient: 12

Selection Strategy: Cheapest First

Bids for: 

7

(Total 24)

Farmer Z:

<Bankrupt>

Farmer Y:

<Bankrupt>

Parcel 1:

Most Recent Yield: 4

Offered to: A, B, C

A’s bid: 

40

(P)

B’s bid: 

60

(W)

C’s bid: No bid

N1’s bid: 

26

Parcel 2:

Most Recent Yield: 12

Offered to: A, C

A’s bid: 40

C’s bid: No bid

N2’s bid: 

25

(WP)

Parcel 3:

Most Recent Yield: 7

Offered to: B, C, D

A’s bid: 40

B’s bid: 

105

(W)

C’s bid: No bid

D’s bid: 60

N3’s bid: 

52

(P)

Parcel 4:

Most Recent Yield: 3

Offered to: A, D

A’s bid: 

40

(P)

D’s bid: 

60

(W)

N4’s bid: 

6

Parcel 5:

Most Recent Yield: 9

Offered to: B

B’s bid: 

135

(W)

N5’s bid: 

50

(P)

Parcel 6:

Most Recent Yield: 8

Offered to: B, D

B’s bid: 

120

(W)

D’s bid: 60

N6’s bid: 

33

(P)

Parcel 7:

Most Recent Yield: 2

Offered to B, D, E

B’s bid: 30

D’s bid: 

60

(W)

E’s bid: 

24

N7’s bid: 

45

(P)

Farmer Ni:

Land Price Distribution: N(30,10)

Bids for: 

1

, 

2

, 

3

, 

4

, 

5

, 

6

, 

7

Neighbourhood

5

6

7

1

3

4

2

A

B

C

D

E

Neighbourhood

Neighbourhood

5

6

7

1

3

4

2

A

B

C

D

E

5

6

7

5

6

7

1

3

4

2

1

3

4

2

A

B

C

D

E

A

A

B

B

C

C

D

D

E

E


Figure 1. Illustration of ELMM-0.1. On the right hand side in the grey inset box, a spatial distribution of Land Parcels is shown for Land Managers neighbouring two bankrupt agents, Y and Z. The Land Parcels put up for sale as a result of these bankruptcies are numbered 1 to 7. Details on each Land Manager are shown in the main diagram. Each Manager A-E decides whether to bid for the Land Parcels they are eligible to bid for through owning a neighbouring Parcel. If they decide to bid, they generate prospective bids using their Bidding Strategy, and select which Parcels to put in a bid for (underlined) using their Selection Strategy. Potential new Land Managers (N1-7) are generated, one per Parcel, and their bids added to each auction. The new owner of the Parcel is the agent with the highest bid, but the price paid is that of the second highest bid.

Turning to potential effects of these changes, the earlier version of FEARLUS without ELMM-0.1, by obliging Land Managers to own Land Parcels, may have prejudiced their potential for success by leading them to make potentially unsuccessful investments. Earlier results comparing the performance of innovative and imitative Land Use Selection Algorithms (Polhill et al., 2001) and levels of aspiration (Gotts et al., 2003) in various kinds of environments could be affected by removing this obligation. Innovative Land Managers could be seen as having a higher risk tolerance than imitators, for example. Combined with an algorithm for purchasing new land that reflected this higher tolerance for risk, innovative Land Managers might have a greater success in certain kinds of environments than the results of our earlier work showed. For Aspiration Thresholds (a threshold of Yield from a Land Parcel above which the same Land Use is applied in the following Year), we might find that higher Aspiration Thresholds are sustainable in certain environments through allowing Land Managers to select Land Parcels for purchase that have the Biophysical Characteristics that best suit the Land Uses they wish to apply. Though not possible with ELMM-0.1, levels of Aspiration could apply not only to Yield, but size of estate, with Land Managers having less inclination to buy more land once their aspirations in that regard have been achieved. Such an implementation would inevitably affect the comparative performance of subpopulations of Land Managers with different Land Use and Land Parcel Selection Algorithms.

Approaches to model validation

Discussions among the LUCC modelling community have highlighted the importance of model validation and the need for a variety of spatial and a-spatial validation techniques (Veldkamp & Lambin, 2001; Parker et al., 2002). While the model enhancements described in this paper are designed for theoretical exploration, our conjecture that a model with a functioning land market may perform better empirically should ultimately be subject to empirical testing.  Such testing might directly compare a model with fixed land prices to one with endogenous prices. Both models would be run repeatedly to generate a large database of possible outcomes. Each set of generated data could be compared to real-world data using a variety of spatial measures, including multiple qualitative and quantitative measures of pattern (Parker & Meretsky, 2004; Torrens & Alberti, 2000), multi-resolution goodness of fit measures (Turner, 1989), distance distribution measures (Irwin & Bockstael, 2002), and measures that reflect accuracy in modelling quantity, location, change, and persistence (Turner, 1989; Pontius, 2000; Pontius et al., 2004). A-spatial validation measures could include land value distributions, rates and distributions of land transactions, and, to the extent possible, associations between final agent demographics and land use types. Differences in land-use pattern, allocations, and patterns of land values would be of particular interest.  Such an investigation would shed important light on the hypothetical question that has been a lively point of discussion at many recent land-use modelling conferences:  “Does it really matter whether or not we implement land markets?”

Conclusion

This paper has presented some design considerations to make when endogenising land market models in an agent based model of land use change. An initial endogenised land market model has been proposed, and some potential effects suggested along with approaches to validating the model.
What we have learned from this process is that there are a considerable number of issues that require assumptions to be made when developing algorithms to introduce land markets in an agent-based model of land use change. This is particularly the case when exchange of land is not viewed strictly as an economically rational and efficient process based on whether the land can make more money for one agent than another.

As this is part of a development process, prior to implementation, we invite comments and feedback from other modellers.
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