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Abstract

An agent-based model, incorporating a small set of pri-
marily agent-based variables, was designed to explain
private land-use decision making. Agents are land-
owners, who allocate their labor and land for differ-
ent uses in regular time intervals. The goal is to un-
derstand what kind of spatial patterns emerge from
different agent characteristics, and decision and learn-
ing mechanisms. Landscapes produced by two differ-
ent learning models are compared to actual land-cover
data. By calculating a set of spatial metrics from the
simulated land-cover and comparing them to the met-
rics calculated from the actual land-cover data, the role
of agent preferences for different land-uses is explored.
The preliminary results suggest that the models capture
relatively well the quantitative patterns of land-cover
changes but they are poor in predicting the location of
changes.

Land-use Decision Making

Land-use decision making is complex, multi-asset, real
world decision task. The land-owner has to consider
which activities (land-uses) he wants to implement on his
land and decide where on that land to implement them.
The decision maker’s task is to find an effective way of
using his assets — size and quality of land, technology,
education and experience — in allocation of available re-
sources — labor and land — to different uses. The num-
ber of factors to be considered range from the suitability
of the land, dictated by various bio-physical variables,
to the expected monetary or non-pecuniary returns from
the uses. The optimal or good decision does not depend
solely on the careful consideration of the above factors,
but also on the decisions of neighboring owners and the
use of their land.

General goal of modeling land-use decision making is
to understand global environmental change and human
role in bio-ecological systems. Specific goals are several;
for instance, to explain the factors that drive people’s
land-use decisions, e.g., the role the preferences play in
decision making; to understand the nature of spatial pat-
terns emerging from learning and interaction of land-
owners; to predict the location and rate of land-cover
change (Schneider & Pontius, 2001); finally, the knowl-
edge obtained in modeling studies may be used in en-
vironmental policy making (Daalen, Dresen, & Janssen,
2002) or to educate land-owners about sustainable land
management practices.

Schneider & Pontius (Schneider & Pontius, 2001)
model deforestation caused by residential development
in the watershed in North-eastern Massachusetts. They
predict the quantity and the location of deforestation
between 1985 and 1991 using suitability maps calibrated
with the real changes between 1971 and 1985. When
comparing the model predictions of the rate of changes
to the real changes 1985-1991, the model performs well,
but fails to predict the sites of changes, which are rel-
atively evenly spread over the study area. The model
predicts suitability maps for residential development in
the watershed, but does not account for individual deci-
sion makers’ behavior.

Ligtenberg et al. combine multi-actor approach with
cellular automata in modeling spatial planning (Ligten-
berg, Bregt, & Lammeren, 2001). They apply the model
with several types of decision making agents in a single-
use framework to predict the spread of urban areas in
Netherlands. Axtell et al. propose a multi-agent model
of growth and collapse of Anasazi settlement in North-
eastern Arizona from 1800 B.C. to 1300 A.D. (Axtell
et al., 2002). Agents represent households whose pri-
mary source of nourishment is growing crops. By incor-
porating a number of agent-based variables (e.g., house-
hold size, age, nutritional needs, behavioral rules) to the
archaeological and environmental data, agents’ periodi-
cal choices for the locations of their residence and agri-
cultural activities are simulated. The model closely re-
produces the actual size of the population, its gradual
migration north, and eventual abandonment of the area,
while it occassionally fails to predict exact locations of
household residences.

Hoffman, Kelley and Evans (Hoffman, Kelley, &
Evans, 2002) and Kelley and Evans (Kelley & Evans,
Under review) propose an agent-based agricultural land-
use model and compare it to the actual data in order to
explain land-cover changes in Southern Indiana. Indi-
vidual agents represent households, who make decisions
about how to use their land or whether to seek off-farm
employment. They approach the decision process as
a expected utility-maximizing behavior. They explore
how spatial patterns of land-uses are influenced by land-
owners’ preferences and land suitabilities. Their find-
ing is that land-owners preference heterogeneity plays at
least as important role in emerging land-use patterns as
the land suitability.
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Figure 1: Changes in for-
est cover percentage in In-
dian Creek township from
1940 to 1993.

Figure 2: Changes in for-
est edge length in meters
in Indian Creek township
from 1940 to 1993.

Study Objective
Although this study concentrates on specific land-uses
and a particular geographical area, the general princi-
ples used here are applicable to variety of cases of mod-
eling private agricultural land-use decision making. The
interest of this study is in the forest cover changes in In-
dian Creek township in South-central Indiana between
the years 1940 and 1993. The available land-cover data
indicates that there has been a significant increase in
forest cover within the first 15 years of the study pe-
riod and after that a modest, but gradual increase. The
overall increase of forest cover is about 16%. The Fig-
ure 1 shows the monotonic increase of the percentage
of forest in the area. Another metric that characterizes
land-cover configuration is the length of the forest edge;
the total length of the border between forest cells and
non-forest cells. The non-monotonic increase in forest
edge in meters in Indian Creek is shown in the Figure 2.

Theories in land and agricultural economics assume
that land-use decision preferences are primarily formed
by comparing expected financial benefits from different
activities to the potential monetary costs of carrying out
these activities. Koontz conducted an interview study
among South-central Indiana land-owners in which he
tried to explicate their motivations in land-use decision
making (Koontz, 2001). The survey results suggest that
non-monetary benefits also play a significant role, espe-
cially if the land is not the land-owner’s primary source
of income.

The goal of the current modeling study is to explain
spatial patterns in South-central Indiana by postulat-
ing a small set of individual characteristics and learning
mechanisms for decision makers and the payoff scheme
that combines both monetary and non-monetary bene-
fits. Simulating land-owners’ yearly land-use decisions
model makes predictions about the set of alternative
land-uses, from which the changes of forest cover pat-
terns are predicted.

Landscape Data
Three types of actual data are used in the modeling en-
terprise: forest-cover data, slope data and land own-
ership data. The time series of land-cover data were
acquired from the historical areal photographs of the

years 1939, 1958, 1967, 1975, 1980, 1987 and 1993. The
slope data was extracted from the topographic maps and
the ownership information from the historic parcel maps
from the modeled period (Kelley & Evans, Under re-
view). However, since the current model does not ac-
count for parcelization, only the parcel boundaries of
the year 1957 are used.

These data were encoded into layered raster GIS (Geo-
graphic Information System) representation. In this rep-
resentation the landscape is divided into a grid of cells of
equal size and each layer records one type of information
for each cell. In the current study the cell size is 50m
× 50m and the landscape consists of 195 × 189 cells.
A group of cells belonging to an individual landowner is
called a parcel. There are 190 landowners in the mod-
eled area, and their parcel sizes vary between 12 and 1936
cells, the average being 185 cells. For modeling purposes
some additional landscape variables were introduced and
encoded as layers in the GIS representation: soil quality
and the number of years the cell has preserved its current
use.

Agent-based Model

An agent-based model (see (Janssen, 2004) and (Parker,
Manson, Janssen, Hoffman, & Deadman, 2003) for a re-
view of agent-based models) is proposed that simulates
land-owners’ land-use decision making. The basic com-
ponents of the model are the landscape, a rectangular
area of land divided into cells corresponding to the ac-
tual landscape, and agents, the landowners whose pri-
mary source of income is the land they own. Like in the
actual landscape data, the cell determines the resolution
in which bio-physical information of the land is encoded.
The cell is also the basic decision-making unit. Figure 3
represents the general model architecture.

Since the only available land-cover information is
whether the cell is covered in forest or not, the initial
landscape is constructed so that it allows more elaborate
land-use decisions. This is accomplished by introducing
two new land-uses — farming and abandoned land —
and initializing the original landscape so that the shallow
slope non-forest cells are marked as farmed cells, while
the cells with steeper than average slope are marked as
abandoned. After the initialization, the agents make
two kinds of decisions each year; first, how to allocate
their available labor between different activities, and sec-
ondly, on which parts of their land to apply these activ-
ities. The available activities are farming, off-farm em-
ployment, cutting trees and growing trees. The possible
land-covers resulting from these activities are farmland,
abandoned and forested land.

The specific agent actions are to decide whether to
farm their non-forest land or seek off-farm employment,
in which case they leave part of the land unused, and to
decide whether to harvest trees or let them grow. The
only information they use in these decisions is the payoff
received from these activities in the past. In the farming
decision the agents compare last year’s hourly income
from farming to the income from off-farm employment;
if farming was more profitable, they decide to farm more
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Figure 3: The basic components of the agent-based land-
use decision model. Different shades of gray represent
different land-uses.

in the future. In case farming was less profitable, they
decide to work more off-farm and leave more cells un-
used. The cells left unused revert back to forest after
certain number of years. Similarly, the decision between
harvesting more trees or letting them grow depends on
the payoffs from past decisions. The harvested areas
start growing trees back. The tree growth follows a lo-
gistic function that is weighted by the average distance
to other cells growing trees.

Agents

Agents represent private land-owner households, who
make decisions about the use of their own land. They
are assumed to have different individual characteristics;
besides that their land varies in size, location and qual-
ity, the agents may vary in age, wealth, education, family
size, experience, risk attitude, goals and subjective pref-
erences.

Since we are interested in agent heterogeneity and its
role in emerging land-use patterns, but most of the above
data is not available, we postulate for each agent the sub-
jective preference for farming (αfarm) and for growing
trees, i.e., aesthetic enjoyment of having trees around
(αtrees). Instead of estimating these parameters indi-
vidually for each agent, the property size is used as the
primary variable to infer the distribution of preference
parameters. In other words, the agent j’s preference
for the use i ∈ {farm, trees} is assumed to be a linear
function of the property size sj : αj

i = bis
j + ci, where

parameters bi and ci are estimated from the data. For
the other land-uses α’s are assumed to be 1.

Two additional parameters, fitted to the data, are the
strength of externality effects for farming (εfarm) and for
growing trees (εtrees). The externality effect in this con-
text means either a positive or negative effect the cover of
the neighboring cells have on the cover of the cell, or the
effect of land-uses across parcel borders. For instance,
the cell may be more likely to grow trees if, there are
trees on the neighboring cells, or the agent may be more
likely to farm the part of its land that borders neighbor’s
farmed land rather than forest. The strength of the ex-
ternality effect can be conceived as agent’s preference for
large continuous areas of homogeneous land-use rather
than scattered pattern of different uses.

Learning and Decision Strategies
Two different types of decision making agents are imple-
mented and compared in the same land-use decision task.
Both types of agents use the reward received from past
decisions to infer if the decision was successful or not.
The reward combines both monetary and non-pecuniary
profits, and depends on the number and location of cells
allocated to the activities, the suitability of these cells for
the activities, unit returns from the activities and agent’s
subjective preferences for the activities. The payoff from
the land-use i (∈ {farming, off-farm employment, cutting
trees, growing trees}) is calculated by:

Pi =
∑

j

αiρiσ
j
i δ

j
i ε

j
i , (1)

where j goes over all the agent’s cells that are allocated
to use i, αi is the general preference for the land-use i,
ρi is the unit return from the use i 1, σj

i is the suitability
parameter for the use i on the cell j, δj

i is the average
distance from the cell j to other cells with use i, and
finally εj

i is strength for externality effect of use i on cell
j. Finally, the Pi’s are summed up to get the agent’s
total payoff.

The suitability represents a discount factor that pe-
nalizes land-uses in unfavorable conditions. For farming
and tree harvesting it depends linearly on soil quality
and inversely on slope: ρ = soil

1+slope , where the soil qual-
ity degrades linearly over time with continuing use of the
same kind. For other land-uses the suitability is assumed
to be 1.

Learning and Resource Allocation Rieskamp et.
al (Rieskamp, Busemeyer, & Laine, 2003) compared two
learning algorithms to data obtained in the resource allo-
cation laboratory experiment, in which subjects repeat-
edly allocated a fixed amount of money between three
assets with either certain or uncertain returns. The pay-
off function was designed so that it had two maxima;

1The crop prices are aggregated from corn and soybean
prices per produced unit, while timber prices are aggregated
from certain hardwood species commonly harvested in the
modeled time period. The minimum wage is used as an indi-
cator of the changes in off-farm income rates in the modeled
period.
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two local and one global. The goal of the study was to
find out, if the subjects were able to learn the location of
these maxima from the numerical feedback they received
after each allocation.

The two algorithms are based on different learning
principles. The local adaptation model (LOCAD) makes
small adjustments to the allocation depending on the
feedback received from the trial one time step before,
while the global search model (GLOS) keeps track of
all possible allocations and probabilistically samples the
areas in allocation space, which have proved profitable
earlier.

The models’ performance was compared to individ-
ual subjects’ performance along various dimensions, e.g.,
the average allocation across trials, and the success in in-
creasing payoff through learning. The main result is that
the LOCAD model explains subjects’ learning behavior
better than the GLOS.

These promising experimental results give us a guide-
line to how to approach modeling of decision making and
learning behavior in real-world resource allocation task
that is much more complex. The proposed models for
land-use decisions do not assume expected utility maxi-
mizing behavior, but the agents are expected to adapt to
changes in the environment, for instance, to degradation
of soil quality or changes in market prices, and adjust
their decisions accordingly. The two learning models,
discussed next, have different adaptation mechanisms.
Local adjustment learning agent considers the
payoff received from one time step before and makes
small adjustments to labor allocation in the next time
step. The amount of labor it allocates to certain use
reflects the outcome of the previous year’s allocation so
that, if the allocation was success, the new allocation
is adjusted upwards, and if it was a failure, it is ad-
justed downwards. The success and failure are defined
relative to the payoffs received from other uses. The de-
cision is not deterministic; there is a slight chance that
an opposite decision is made. For instance, even if the
farming was more profitable than off-farm employment
in the last period, the amount of farmed land may be
decreased rather than increased in the next period.

The local adjustment learning agent uses mixed learn-
ing and decision strategy; each agent starts as a individ-
ual learner, i.e., it only considers its own payoff from the
previous decision, but changes its type to social learner,
if the decision turns out to be poor. This learner type
considers the payoffs of all the agents when making deci-
sions. Depending on the success or failure of the subse-
quent decisions the agent changes its type between these
two types. Success is defined as an increase in the total
payoff in two consecutive years, while failure is defined
as decrease in the payoff.

The local adjustment agent is assumed to track small
changes in market prices or environmental conditions rel-
atively well. However, it is prone to get stuck in local
minimum or in case of larger yearly changes, to oscillate
between two allocations.

Experience-based agent has a perfect memory of all
labor allocations it has tried before and the payoffs they
have resulted in. Instead of making a small adjustment
to the previous labor allocation, it samples its memory of
allocations and chooses the one that produced the high-
est payoff. The choice is stochastic, proportional to the
payoff received from the allocation, so that the alloca-
tions with higher payoffs are more likely chosen. After
finding a good allocation from the memory, in order to
assure a some level of exploration, the agent adjusts it
slightly, i.e., it either increases or decreases the percent-
age of labor allocated to one or more activities.

This agent is assumed to repeat the early decision sev-
eral times in the beginning, but to shift to more radical
changes later on. It is not sensitive to changes in the en-
vironment, but chooses good allocations from the past,
which may not be profitable in a new situation.

Results
The models’ prediction accuracy is assessed by fitting
the free parameters to the actual data in order to min-
imize the sum of square error (see equation 2) between
the spatial metrics produced for the actual landscapes
and the simulated landscapes. The spatial metrics are
landscape-level forest cover percentage and forest edge
length.

The model fit is assessed with respect to the null
model, the landscape before the simulated period, to test
if the proposed model predicts the land-cover changes
better than the model that assumes no changes occurred
(Kelley & Evans, Under review). Since the changes in
the actual data are relatively small, it is expected that
the initial landscape produces pretty accurate predic-
tions.

SSE =
∑

i

(yi − ŷi)2 (2)

SSEnull =
∑

i

(yi − ŷnull)2

R2 = 1− SSE

SSEnull

Figures 4 and 5 present forest cover percentage and
edge length changes for real and modeled landscapes,
when preference parameters and strengths of externality
effects are estimated as described above. The experience-
based model fails to predict the data both qualitatively
and quantitatively. The local adjustment model is rela-
tively accurate in forest cover percentage, but is not able
to account for the non-monotonic trend in the increase
of the forest edge length.

Since both models use the same tree growth function,
the experience-based model either harvests too many
trees or farms extensively. In order to test the former
hypothesis, one more parameter is added and fitted to
the data: the frequency in which the logging decision is
made. This parameter does not have any effect in the
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Figure 4: Changes in forest cover percentage over time.
The parameters fitted are the linear preference parame-
ters and the strength of externality effects.

Figure 5: Changes in edge length over time. The param-
eters fitted are the linear preference parameters and the
strength of externality effects.

Figure 6: Changes in forest cover percentage over time.
In addition to the preference parameters, the frequency
of logging decision is fitted to the data.

Figure 7: Changes in edge length over time. In addition
to the preference parameters, the frequency of logging
decision is fitted to the data.

performance of the local adjustment model, but clearly
changes the other model’s behavior in the beginning. Al-
though it is still unable to predict the early significant
increase in the cover, it captures some of the trend later.
The results of these simulations are presented in Figures
6 and 7.

All the above results are from simulation runs in which
the local learning model uses a mixed learning and com-
munication strategy. In these runs a little more than half
of the agents eventually converge to social learners. In
order to test the effect of agent communication the pos-
sibility of changing the type was disabled and the agents
were all set to either individual or social learners.

The trends of forest cover changes for the real land-
scape and the three types of local adjustment models
are presented in the Figure 82. If the agents share the
information of everyone’s payoffs, the model predicts an
excess of forest cover starting early in the period, while
the agents learning only from their own experience pre-
dict too conservative changes. As expected, the more
complex model, with one extra parameter fitted to the
data, predicts the data more accurately.

The model performance was also tested by comparing
the metrics on the individual decision-maker level, i.e.,
forest cover percentage and edge length were calculated
for each parcel separately. The preliminary results of
these runs suggests that neither of the models does bet-
ter than the null model in predicting individual parcel
metrics. Actually, both models do slightly worse. They
fail to explain why certain land-owner parcels have re-
growth of forest while others do not. This may be be-
cause the same parameters are used to predict all the
stages of forest-cover increase. However, the parame-
ters get mostly calibrated to the early period in which
most of the change occurs and to the parcels that change

2The pattern of the edge length change is pretty similar,
and therefore not presented here.
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Figure 8: Changes in forest cover percentage over time.
Results for different types of local adjustment models.

the most. Consequently, they are unable to capture the
smaller changes occurring later.

Discussion
Two agent-based learning models, the local adjustment
model and the experience-based model, were proposed to
explain private land-owners’ agricultural land-use deci-
sion making. The agents differ in the amount of informa-
tion they use in decisions; the local adjustment learning
agent utilizes the payoff information of only one time
step behind, while the experience-based learning agent
uses the information of all past decisions.

The local adjustment model predicts the increase in
forest cover percentage relatively accurately, while the
experience-based model fails to account for the signif-
icant increase in the beginning of the modeled period.
This may be a direct effect of the strategy used; it has
very little experience at early stages, so it basically re-
peats the same decision, or almost the same decision,
over and over again. Neither of the models is able to
predict the non-monotonic increase in the edge length.

The models do not do very good job in predicting the
locations of changes on the parcel level. This may be
because of the parameters do not capture the essen-
tial agent characteristics, i.e., the size of the parcel is
not a good indicator of land-use preferences. However,
Koontz’s survey among Indiana land-owners indicated
that there is a relationship between the parcel size and
motivations for land-use activities (Koontz, 2001): on
larger parcels the activities were associated with mone-
tary benefits, while on smaller parcels the motivations
were driven by non-monetary benefits. In the current
study the aesthetic enjoyment of having trees around is
assumed to be driven by non-monetary benefits. The
model does not distinguish between financial and non-
pecuniary motivations, and therefore the size of the par-
cel may not have a real effect in the preferences of dif-
ferent activities.

Finally, unlike the two learning models designed to
explain the laboratory resource allocation behavior, the
models designed for the real-world resource allocation

task make both qualitatively and quantitatively different
predictions when the amount of changes is considered.
The models do not differ significantly in their accuracy of
predicting the location of changes; they both fail equally.
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