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Abstract

We use a genetic algorithm to calibrate a spatially and
temporally resolved cellular automata to model mining ac-
tivity on public land in Idaho and western Montana. The
genetic algorithm searches through a space of transition
rule parameters of a two dimensional cellular automata
model to find rule parameters that fit observed mining ac-
tivity data. Previous work by one of the authors in calibrat-
ing the cellular automaton took weeks - the genetic algo-
rithm takes a day and produces rules leading to about the
same (or better) fit to observed data. These preliminary re-
sults indicate that genetic algorithms are a viable tool in
calibrating cellular automata for this application. Experi-
ence gained during the calibration of this cellular automata
suggests that mineral resource information is a critical fac-
tor in the quality of the results. With automated calibration,
further refinements of how the mineral-resource informa-
tion is provided to the cellular automaton will probably im-
prove our model.

1. Introduction

We use a genetic algorithm to calibrate a cellular automa-
ton designed to model spatially resolved mineral-related ac-
tivity in Idaho and Western Montana. The model needs to
account for when and where mining permits will be issued
in order to support planning for resource and land manage-
ment on public lands. Any technique for modeling explo-
ration for mineral resources must account for the following
properties:

• Public land is not uniformly distributed

• Exploration permits are only required for public land

• Mineral resources constitute the product of rare events
that are irregularly distributed

• Most mining-industry activity occurs near previous or
current exploration activity because of the mature state
of knowledge about mineral resources in Idaho and
western Montana.

It is not enough to model how many mining permits will
be issued in a particular year; more importantly, we need to
model the locations where these permits will be issued. A
two dimensional cellular automaton (CA) maps well to lo-
cations in two dimensional space and thus provides a natu-
ral way to model spatially resolved events[19]. Our CA uses
a modified annealed voting rule that simulates permit activ-
ity with a spatial resolution of one mile squared and a tem-
poral resolution of one year [14].

However, calibration of this CA is a complex and time-
consuming process that would benefit from an automated
approach and help facilitate further research. For example,
the calibration bottleneck prohibits running what-if scenario
analysis for decisions support in resource land management.
In contrast to the current manual approach, our genetic algo-
rithm calibrator takes a day to calibrate the cellular automa-
ton to fit observed data as well as a geologist using trial
and error. This paper describes our genetic algorithm ap-
proach to cellular automata calibration and provides good
evidence that genetic algorithms are a viable alternative to
manual calibration of large cellular automata.

The next section provides an introduction to the applica-
tion area (resource/land management) and the use of cellu-
lar automata in spatial modeling. We then describe our CA’s
rules and the issues in using a genetic algorithm to calibrate
these rules. Section 4 discusses our results and the last sec-
tion gives conclusions and future work.

2. Spatial Modeling with Cellular Automata
for Land and Resource Management

The Federal Government has mandated the development
of plans to guide natural resource management activities



for 10-15 year periods. The first round of planning was
conducted in the 1980’s, and the second round of plan-
ning has now started. The US Geological Survey (USGS)
is providing the US Forest Service (USFS) minerals-related
data and interpretations to assist in plan revision for west-
ern Montana and Idaho. The USFS is particularly interested
in USGS forecasts that indicate surface disturbances - min-
ing activity is a good indicator of surface disturbances.

Our model makes several simplifying assumptions that
are sketched below. We assume that Idaho and western
Montana represent a mature exploration environment. This
area has been mapped and studied and as a result, many
large deposits have been found in successive iterations of
exploration. Next, exploring near large, discovered deposits
reduces risk [11]. We expect future exploration near signif-
icant, known deposits and in areas with a history of explo-
ration. We expect exploration near areas with positive evi-
dence of mineralization or with known mineral resources.
Finally, metal prices and mining costs will remain like the
last ten years. This is a significant assumption because US
mining regulations changed in 1992 and subsequently min-
eral activity declined and became more focused in smaller
areas. Our model takes this into account by treating 1993
(when the changes took effect) as a singularity and using
different CA rules for the years before 1993 and for the
years after 1993. Note that a relatively quick GA calibra-
tor allows us to analyze scenarios with different assump-
tions.

We incoporate these assumptions into the transition rules
of a two dimensional cellular automaton [14, 19]. A 2D CA
represents space as a uniform grid of cells where each cell
contains a small amount of information (transition rules).
Application of these transition rules represents time. Cel-
lular automata were popularized by Conway’s game of life
and have since been applied in many areas [4, 14, 18]. More
recently, cellular automata based spatio-temporal models
have been used for urban planning [2, 3], forest fire man-
agement, modeling lava flow, environmental modeling, and
complex systems modeling [9, 12, 17, 19]. Takeyama and
Couclelis provide a formal presentation of the mathemat-
ics of cellular automata in a GIS context [13].

Wolfram’s recent book shows how simple transi-
tion rules can lead to complex behavior [19]. Our problem
is the inverse - to find a set of rules that will lead to ob-
served spatially and temporally resolved behavior. In our
CA, rules operate over a 3x3 neighborhood of nine cells in-
cluding the center as its own neighbor. A cell can be in
one of four states: stayed active, stayed inactive, newly ac-
tive, and newly inactive. Many rules can be defined over
this 3x3 neighborhood, for example, a simple rule may
be: if more than 5 cells in the neighborhood are ac-
tive, then the center cell state has a 0.5 probability of being
set to active.

No. of active Current state
neighbors Active Inactive
N > HIGH V. LIKELY LIKELY

LOW < N < HIGH LIKELY S. LIKELY

N < LOW V. S. LIKELY UNLIKELY

Table 1. The probabilistic annealed voting
rule

We constrained the problem by restricting our search to
a modified annealed voting rule which has worked well in
the past [10, 14]. Table 1 depicts the transition rule set.

To interpret the table as a set of rules, consider the first
row. This defines two rules: (1) If N, the number of active
neighbors, is above high and the current state of the cen-
ter cell is active; Then set the next state of the center cell
to active with a probability corresponding to Very Likely.
(2) If N, the number of active neighbors, is above high and
the current state of the center cell is Inactive; Then set the
next state of the center cell to active with a probability cor-
responding to Likely.

In the table, High and Low are upper and lower bounds
of the anneal window, V means “Very” and S means “Some-
what.” These imprecise concepts are made more precise
by assigning a fuzzy logic interpretation of their mean-
ings [20, 15]. Thus the V eryLikely probability is cal-
culated as the square root of the Likely probability. In
the same way, V erySomewhatLikely is calculated as the
square root of SomewhatLikely.

We have distilled and incorporated domain knowledge
from USGS databases on mineralization, past permit activ-
ity, exploration activity, and activity supported by the De-
fense Mineral Exploration Administration into our model
through the use of a resource grid. There is a one to one
correspondence between cells in our CA and cells in the re-
source grid. Resource grid cell values indicate the possibil-
ity of permit activity and CA cells can be active only if the
corresponding resource grid threshold value is over a pa-
rameter that we call the resource threshold.

Finally for cells with fewer than nine (9) neighbors (bor-
der cells), we scaled the number of neighbors in a particu-
lar state linearly. Thus if a cell had only 5 neighbors and 2
were active we would scale the number of active cells to be
9/5× 2 = 3.6 which rounds off to 4 active neighbors.

From this discussion and the table above (Table 1) we
need values for the following parameters (and their ranges)
to completely specify the state transition rule for our CA.
Likely [0..1], Somewhat Likely [0..1], Unlikely [0..1], Up-
per bound on anneal window [0..9], Lower bound on anneal
window [0..9], and the Resource threshold [0..1]. Note that
we essentially create one CA model (set of transition rules)
for the years 1988 - 1993 and a different CA model for the
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Figure 1. The GA searches through the space
of parameter values to calibrate the model to
observed data.

years from 1993 - 1998.
Finding good values for these two sets of parameters

took one of the authors two weeks through trial and er-
ror. We next describe the genetic algorithm used for search-
ing the parameter space for good parameter values. The GA
provides equivalent (to human expert) or better parameter
values within a day.

3. Calibrating CAs with GAs

Genetic algorithms are randomized search methods that
search from a population of points and use simple operators
modeled on natural selection to generate subsequent pop-
ulations and make progress [5, 8]. These simple operators
work on string representations and individuals in the ge-
netic algorithm’s population are usually binary strings. Al-
though randomized, genetic search is guided by the relative
differences in (application-dependent) fitness of members
of the population. Each member of the population repre-
sents a possible solution to the problem. Genetic algorithms
maximize a non-negative fitness and for our problem, fit-
ness is defined from the difference between modeled and
observed permit activity data.

Genetic algorithms have been used extensively for model
tuning or calibration, and there is much empirical evidence
in support of their use in this kind of problem [6, 7, 16].
Figure 1 depicts how the GA is used to calibrate the cellu-
lar automata model. Specifically, the GA searches for a set
of values of the six parameters that define the CA’s transi-
tion rules and each individual in the population thus encodes
for possible values of these six parameters. Figure 2 shows
how we encode the six parameters into a binary string.

Evaluating an individual results in a measure of fitness
and proceeds as follows: Extract the encoded parameter
values for the individual, then, run the cellular automaton
model with these parameter values. For each year of activ-
ity simulated by the CA, compare the number of cells in
state X in the CA model with the number of cells in state
X given by USGS observations. The closer the two num-
bers, the better the CA model agrees with observed data
and the higher the fitness of this individual. If we think of

the GA as an optimization procedure, then the GA is mini-
mizing the following objective function:

Minimize g =

nyears
∑

j=0

nstates
∑

i=0

(

100×
| Mij − Oij |

Mij + Oij

)

where Mij is the number of cells in state i in year j as pre-
dicted by the model and Oij is the number of cells in state i
in year j as given by USGS observations. Thus the objective
function is a simple error minimization function normalized
over the number of cells in each state. Since the transition
rules are probabilistic, we ran the CA model three times and
took the average over these three runs as the value of g.

Any minimization problem can be turned into an equiva-
lent maximization problem by the principle of duality. Thus,
our genetic algorithm maximizes a fitness given below

Maximize fitness = f(g) = Cmax − g

where Cmax is a constant chosen large enough to ensure
non-negative fitnesses.

We used the three-operator genetic algorithm as de-
scribed in Goldberg’s book [5] but modified the selection
operator. In our elitist selection strategy, if the population
size is N then, the offspring produced by crossover and mu-
tation initially double the population. The new generation
consists of the best N individuals from the combined 2N
parents and offspring. Individuals are chosen for crossover
and mutation using fitness proportional selection with lin-
ear fitness scaling [5]. This selection strategy induces strong
convergence and needs to be balanced by high crossover and
mutation rates.

4. Results

We compare the performance of the CA model with pa-
rameter values found by the genetic algorithm against the
performance of the CA model with the best parameter val-
ues found by one of the expert authors. We considered mod-
eling the years from 1988 - 1993 as a problem that was sep-
arate from modeling the years from 1993 - 1998. Thus we
find two sets of CA transition rule parameter values. Since

High Low Likely S.Likely Unlikely RT

4 4 7 7 7 7

Figure 2. Encoding the six parameters for the
GA. High and low define the anneal window
and require 4 bits. The probabilities: Likely,
SomewhatLikely, and Unlikely, as well as the
Resource Threshold (RT) require seven bits
each to be accurate to two decimal places.



we did not change anything in the genetic algorithm for ei-
ther of the two problems, the discussion below applies to
both.

We ran the genetic algorithm 10 times with different ran-
dom seeds and used the best parameter values found out of
these 10 runs. The genetic algorithm went through 75 iter-
ations for each run. We used a population size of 50; two
point crossover with a crossover rate of 1.0; point mutation
with a mutation rate of 0.05.

A population size of 50 iterating 75 times requires 50 ×
75 = 3750 fitness evaluations. Our cellular automaton cov-
ering Idaho and western Montana at a 1 mile resolution con-
tained 249, 488 grid cells. Executing the transition rule over
this many cells 3 times per evalution, 3750 times for each
random seed, for each year of the simulation, took signif-
icant computational time - between 12 - 15 hours on a ten
processor parallel cluster.
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Figure 3. Left: Comparing the number of cells
that stayed inactive. The Y axis is in thou-
sands (103). Right: Comparing the number of
cells that stayed active. The Y axis is in hun-
dreds (102).

Figures 3 and 4 compare the performance of CA mod-
els calibrated by the expert and and by the GA against the
ground truth (USGS observations) in terms of the number
of cells in a particular state. The x-axis is the year, start-
ing with 1988 and ending with 1998 while the Y-axis mea-
sures the number of cells in a particular state.

Figure 3 (left) shows that both the expert and GA do
about the same in modeling the number of cells that stayed
inactive in mining’s expansive years (1988 through 1993).
However, the GA calibrated CA better models the rise in in-
active cells during mining’s contractive period. As the num-
ber of inactive cells rises we have fewer active cells which
means fewer permits thus implying that mining activity is
contracting. Note that the vast majority of cells (in the tens
of thousands) remain inactive. Figure 3 (right) compares
modeled and observed numbers of cells that stayed active.
The genetic algorithm calibrated CA does better during both
expansive and contractive years. It is interesting to note that

the GA calibrated CA does a very good job of modeling the
cells that remain active during contractive years. Looking at
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Figure 4. Left: Comparing the number of cells
that became newly inactive. Right: Compar-
ing the number of cells that became newly ac-
tive.

Figure 4 (left) the GA calibrated CA does better in four of
the five expansive years and all of the contractive years. Fi-
nally, the number of newly active cells is also better mod-
eled by the GA calibrated CA which improves upon the ex-
pert in all but one year (the graph on the right of Figure 4).
These figures are representative of the results from many
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Figure 5. The genetic algorithm’s typical con-
vergence behavior.

runs of the GA and indicate that the GA is as good as or bet-
ter than our expert at calibrating the cellular automaton. The
calibrated CA (manually or by the GA) reproduces permit
activity from 1989 - 1998 with an agreement of 94% - in-
creasing to 98% for within one year. We find that analysing
the confusion matrix and Kappa correlation statistics indi-
cates that the CA underestimates high activity and overesti-
mates low activity. Spatially, the major differences between
the actual and calculated activity are that the calculated ac-
tivity occurs in a slightly larger number of patches and is
slightly more uneven than the actual activity.



The genetic algorithm converges as expected and Fig-
ure 5 displays this typical convergence behavior. The figure
plots the average maximum fitness in each generation and
the average of the average fitness of the population in each
generation over the 10 runs with different random seeds.

5. Conclusions and Future Work

These results indicate that the genetic algorithm is a vi-
able tool for calibrating a cellular automaton for modeling
mining activity in Idaho and western Montana. To use a
modified annealed voting rule, we used a genetic algorithm
to find six parameter values; three probability parameters,
the anneal window (two parameters), and the domain infor-
mation derived resource threshold parameter. Good param-
eter values define the cellular automaton transition rules that
lead to good models of permit activity in the region of in-
terest. The genetic algorithm derived models do as well as,
or better than, an expert at modeling permit activity in the
region. These results agree well with other previous work
that establish genetic algorithms as a good tool for cali-
brating models, and in particular cellular automaton mod-
els [6, 2, 3, 1].

We are currently moving towards developing a modeling
tool for the USGS and making it accessible over the web. A
simple visualization interface has been built and is available
at http://www.cs.unr.edu/∼sushil.

Condensing information from a number of sources into
a single value in the resource grid simplifies the problem
formulation. However, we believe that allowing the ge-
netic algorithm to decide how to combine these information
sources allows for more flexibility. Although the genetic al-
gorithm model does a good job in matching the number and
location of cells in a particular state, we would like to let the
GA make use of spatial distribution to better match the lo-
cations of cells. In the long run, we expect this work to lead
to better decision support tools for long term land manage-
ment.
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