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Use of GIS layers, in which the cell values represent fuzzy membership variables, is an effective
method of combining subjective geological knowledge with empirical data in a neural network
approach to mineral-prospectivity mapping. In this study, multilayer perceptron (MLP), neural
networks are used to combine up to 17 regional exploration variables to predict the potential
for orogenic gold deposits in the form of prospectivity maps in the Archean Kalgoorlie Terrane
of Western Australia. Two types of fuzzy membership layers are used. In the first type of layer,
the statistical relationships between known gold deposits and variables in the GIS thematic
layer are used to determine fuzzy membership values. For example, GIS layers depicting solid
geology and rock-type combinations of categorical data at the nearest lithological boundary
for each cell are converted to fuzzy membership layers representing favorable lithologies and
favorable lithological boundaries, respectively. This type of fuzzy-membership input is a useful
alternative to the 1-of-N coding used for categorical inputs, particularly if there are a large
number of classes. Rheological contrast at lithological boundaries is modeled using a second
type of fuzzy membership layer, in which the assignment of fuzzy membership value, although
based on geological field data, is subjective. The methods used here could be applied to a
large range of subjective data (e.g., favorability of tectonic environment, host stratigraphy, or
reactivation along major faults) currently used in regional exploration programs, but which
normally would not be included as inputs in an empirical neural network approach.

KEY WORDS: Neural networks, multilayer perceptrons (MLP), hybrid fuzzy-neural systems, mineral
prospectivity maps, geographic information systems (GIS), Archean orogenic gold deposits

INTRODUCTION

Artificial neural networks (ANN) and fuzzy sys-
tems are two computing paradigms that represent an
attempt to build computer systems with a human-like
ability to reason and make decisions based on data
that are uncertain, imprecise, or subjective (Kasabov,
1996). In addition, neural networks are known to
be particularly well-suited to the task of pattern
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recognition (Bishop, 1995; Schalkoff, 1997). These are
useful qualities for analyzing geoscience data sets.
Many types of neural networks (e.g., multilayer per-
ceptron and probabilistic neural networks) require
training data in the form of paired inputs together
with the corresponding desired or target output. In
order for the network to correctly learn the patterns
in the data, the training data must span the range of
the data population that the trained network even-
tually will be used to process. Thus, neural networks
represent a data driven or empirical approach. The
knowledge acquired as a result of training a neu-
ral network is reflected by the pattern of connec-
tions linking the processing units and the values of
the weights associated with those links. This type of
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knowledge representation is referred to as subsym-
bolic and distinguishes neural networks from expert
systems in which knowledge is stored as symbolic
structures such as rules or decision trees. Whereas
neural networks can learn from data, fuzzy systems
require explicit statements of uncertain knowledge
as inputs. Therefore fuzzy systems represent a con-
ceptual or knowledge-driven approach to mineral-
prospectivity mapping (Bonham-Carter, 1994).

The question of which are appropriate types of
problems to solve using artificial neural networks
is addressed by a number of researchers. Kasabov
(1996), writing from a knowledge engineering point
of view, states that: (1) statistical methods are appro-
priate when large amounts of data are available and
the type of underlying relationship is known, (2) sym-
bolic artificial intelligence (used in expert or rule-
based systems) is suitable where well-defined rigid
rules exist, (3) fuzzy systems are applicable when
approximate, possibly contradictory, heuristic rules
exist, and (4) neural networks are applicable where
knowledge about the problem is available but mainly
data rather than rules exist and where the nature of the
underlying function relating the inputs to the outputs
is unknown. Huang, Wong, and Gedeon (1996) and
Zaknich (2003) have suggested that ANNs are suit-
able for problems with the following characteristics;

(1) nonlinearities,
(2) high dimensionality; that is, large number of

input variables,
(3) noisy data resulting from imperfect measure-

ments,
(4) inadequate conventional approaches be-

cause of problem complexity,
(5) problem dependence on multiple interacting

variables, or
(6) no known mathematical algorithm to deter-

mine the solution.

Figure 1 summarizes the relationship between
the suitability of different methods where the problem
involves different degrees of theoretical knowledge,
or rules, versus data. Neural networks, fuzzy systems
and genetic algorithms (a paradigm based on an evo-
lutionary analogy) are known collectively as soft com-
puting techniques.

Different approaches to mineral prospectiv-
ity are needed depending on the type of explo-
ration area and the availability and reliability of
data compared to geological knowledge. In well-
explored areas where large amounts of data ex-
ist, statistical methods such as weights-of-evidence

Figure 1. Suitability of artificial intelligence (AI), soft computing
(neural networks, fuzzy systems, and genetic algorithms) and statis-
tical techniques for solving problem depends on amount of data and
theoretical knowledge available (diagram after Kasabov, 1996).

and neural networks are appropriate (Fig. 2, after
N. Hayward, pers. comm.). In poorly explored areas,
containing few known deposits and where little reli-
able data are available, a purely subjective method
such as fuzzy systems is appropriate. Other subjec-
tive methods include index overlay (Bonham-Carter,
1994), expert systems (Duda, and others, 1978; Camp-
bell, Hollister, and Duda, 1982; Katz, 1991) and the
mineral-systems approach (Wyborn, Gallagher, and
Raymond, 1995). Ideally, lessons learned from ma-
ture exploration areas should be applied to new ar-
eas and, conversely, new conceptual models or ex-
ploration criteria need to be applied to well-explored
areas. Woodall (1994) notes that exploration success
depends on the correct blend of empiricism and con-
ceptual thinking. Fuzzy weights of evidence and hy-
brid fuzzy-neural networks are examples of systems
which combine elements from both conceptual and
empirical approaches (Fig. 2). The fuzzy-neural sys-
tem represents a hybrid architecture that combines
the ability of fuzzy systems to handle imprecise or
error-prone inputs with the pattern recognition capa-
bility of neural networks. This enables conceptual and
empirical approaches to be combined by incorporat-
ing subjective geological knowledge into an otherwise
data-driven neural network method.

PREVIOUS WORK

Fuzzy systems and neural networks have been
applied separately to mineral-prospectivity mapping
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Figure 2. Relationship of hybrid fuzzy-neural-network systems and fuzzy weights-of-evidence approaches to main empirical and
conceptual methods for mineral-prospecitivity mapping. Both weights-of-evidence and neural network methods require large amounts
of data, usually available in well-explored areas, whereas fuzzy systems, which incorporate geological knowledge, are more suited to
new areas where few data are available (diagram after N. Hayward, pers. comm.).

in a number of studies. Fuzzy systems have been
applied to prospectivity studies on base-metal and
iron deposits by An, Moon, and Rencz (1991), vein
gold deposits by Donaldson (1996), MVT deposits
by Eddy, Bonham-Carter, and Jefferson (1995) and
D’Ercole, Groves, and Knox-Robinson (2000), oro-
genic lode-gold deposits by Knox-Robinson and
Wyborn (1997) and Knox-Robinson (2000), and ep-
ithermal gold deposits by Carranza, Hale, and
Mangaoang (1999). GIS layers containing raw data
are converted to layers containing fuzzy member-
ship values. At each grid cell, the fuzzy member-
ship value from each layer is combined to make a
new variable. The main fuzzy operators used to com-
bine GIS input layers in mineral-prospectivity stud-
ies are described by Bonham-Carter (1994). Out-
put fuzzy membership values represent the degree
of membership of the fuzzy set favorable for miner-
alization. To determine which combination of fuzzy
operators to use in order to combine the data lay-
ers, Eddy, Bonham-Carter, and Jefferson (1995) re-
duced deposit model descriptions for MVT, sedimen-

tary copper and sediment-hosted sulfide deposits to a
series of simplified statements in which the essential
variables were linked with Boolean AND and OR op-
erators. These logical statements then were applied to
the data using equivalent fuzzy operators. In all of the
studies referred to here (except for Knox-Robinson,
2000, who used a vectorial technique), the gamma
function was used to combine the fuzzy membership
values from each of the layers. Another common fea-
ture of these studies is that the conversion of raw data
values to fuzzy membership values involved map-
ping a whole class or range of raw data values to a
single fuzzy-membership value, resulting in a loss of
information.

Two further problems exist with the fuzzy-logic
method. First, the fuzzy membership values are usu-
ally applied according to the degree to which param-
eter values conform to a deposit model, which itself
may be flawed. Second, the assignment of fuzzy mem-
bership values may be entirely subjective (e.g., An,
Moon, and Rencz, 1991; Eddy, Bonham-Carter, and
Jefferson, 1995; Donaldson, 1996; D’Ercole, Groves,
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and Knox-Robinson, 2000). Although spatial analysis
can provide a basis for estimating the fuzzy member-
ship values, for example the use of statistically deter-
mined fuzzy membership values by Knox-Robinson
and Wyborn (1997), subjective judgement is used to
determine the structure of the fuzzy inference net and
to select the fuzzy operators used to combine the GIS
layers.

Rather than assigning a single membership de-
gree to a complete class of values, it is more usual
in engineering applications to use a continuous func-
tion to convert raw values to membership values for
the complete range [0,1]. This approach was used by
Cheng and Agterberg (1999), who combined weights
to evidence with fuzzy sets to create a hybrid method,
which allows the use of both subjective and objective
definitions of a fuzzy membership function.

Neural networks also have been applied to
mineral-prospectivity studies (Singer and Kouda,
1997a, 1997b). For example, Singer and Kouda (1996)
used an MLP network to produce a map depict-
ing the distance to the nearest Kuroko-type deposit.
Training data consisted of the relative abundance
of four alternation minerals in drill holes. The pre-
diction accuracy for the entire data set (including
the training data) was 79%. The use of a propri-
etary self organizing map neural-network system,
named PROSPECT EXPLORER, for the classification
of anomalies in multisource mineral exploration data
is described by Clare, Bolt, and Daniel (1997). The
same system was applied to the classification of stream
sediment geochemical data to produce class maps.
Brown and others (1997, 2000) compared weights-
of-evidence, fuzzy logic, and MLP neural networks
in studies on intrusion-related disseminated gold de-
posits, and demonstrated that, in addition to perform-
ing as well as or better than the weights-of-evidence
and fuzzy systems methods (as determined by sta-
tistical measures of prospectivity map quality), neu-
ral networks offered several other advantages. These
include the ability to respond to critical combina-
tions of variables, rather than increase the estimated
prospectivity in response to each individual favorable
variable, and produce results that are less affected
by redundant or spurious data and data containing
multiple populations. Singer and Kouda (1999) com-
pared the performance of probabilistic neural net-
work (PNN) and weights-of-evidence methods for
the prediction of mineral potential for VMS deposits
in the Chisel Lake-Anderson Lake area, Manitoba,
Canada. Twenty-three variables were used to clas-
sify areas into deposit and non-deposit groups. The

correct classification rates of 99.3% for PNN and 83%
for the weights-of-evidence method were obtained for
an independent test data set containing seven deposit
and 3223 non-deposit cells. Harris and Pan (1999) also
examined the use of a PNN for mineral-prospectivity
analysis. They compared a PNN to general regression
(GRNN) and MLP neural networks, logistic regres-
sion, and discriminant analysis and showed that the
PNN gave the best results.

Since the early 1990’s, there has been consider-
able interest in methods of combining neural network
and fuzzy logic approaches. Much of the research
has been directed towards solving complex non-linear
control problems in engineering (Jang and Sun, 1995;
Kasabov, 1996). The reason for combining the two
methods is that they seem to complement one an-
other. Although both methods can handle uncertain
and imprecise inputs, neural networks represent a
data-driven approach whereas fuzzy systems repre-
sent a conceptual approach. Neural networks can de-
tect complex patterns in data, but fuzzy systems are
able to incorporate expert knowledge, which neural
networks cannot do directly. The benefits of combin-
ing the two approaches have been demonstrated in a
number of studies. Wong and others (1998) used a sub-
jective geological layer as an input to a neural network
to interpolate porosity data obtained from well-sites
over the area of a fluvial sandstone oil reservoir. They
showed that the addition of the subjective geologi-
cal knowledge significantly improved the quality of
porosity estimates. Huang, Wong, and Gedeon (1996)
used a fuzzy-neural network to estimate permeability
in a petroleum reservoir and showed that the fuzzy-
neural network resulted in faster convergence, and
a lower test-set error, than a MLP network that was
trained using the backpropagation algorithm.

Three main ways of combining neural networks
and fuzzy systems are described in the literature
(Gupta and Rao, 1994; Jang and Sun, 1995; Kasabov,
1996). These are (1) fuzzy neurons, (2) multimodular
hybrid fuzzy-neural-network systems, and (3) adap-
tive network-based fuzzy inference systems (ANFIS).
Masters (1993) suggested using fuzzy inputs to neural
networks. The present study demonstrates a simple
form of hybrid fuzzy-neural-network system of the
second type.

GIS DATABASE

The work reported here is part of an investiga-
tion into the use of artificial neural networks to esti-
mate the potential for orogenic lode-gold deposits in
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the Archean Kalgoorlie Terrane, Western Australia,
using data provided by Goldfields Exploration Pty
Ltd. The study area is a square area approximately
100× 100 km that contains 1327 deposits in the area
for which data are available. Because the database
was compiled at a regional scale, only those deposits
(120 in total) containing a total resource of at least
1000 kg contained gold (TCG) were used to train and
test the neural networks. Approximately 60 primary
and derived GIS layers were prepared.

A variety of statistical methods are used to test
the strength and statistical significance of associations
between the variables in the GIS layers and the known
gold deposits. These include plots of cumulative and
interval-based bivariate J-curves, contrast of weights
(Bonham-Carter, 1994), chi-square, (O-E)/E (where
O = observed number of deposits in a region corre-
sponding to an interval on the X-axis and E = ex-
pected number of deposits for a uniform random dis-
tribution), and the Kolmogorov-Smirnov cumulative
distribution function (see Brown and others, 2000;
Brown and others, 2002, for details). These tests pro-
vide estimates of the most favorable classes or range
of parameter values for gold deposits.

In order to select neural network inputs from the
candidate GIS layers, these favorable thresholds are
used to construct a series of temporary binary layers
which then are ranked according to their ability to
predict the known deposits. In the temporary binary
layers, regions corresponding to the most favorable
classes or range of values are set to a value of 1 and the
remaining area to 0. All calculations were performed
in MATLAB.

Two criteria were used to rank the GIS layers
(variables). The first method is simply to select one
layer from each evidence category. The best layer
(variable) within each category is considered to be
the one which has the highest ratio of percent known
deposits divided by the percent of the total area of
the map covered in the most favorable region. The
most favorable region for gold deposits within each
GIS layer was defined using the statistical tests re-
ferred to previously. An additional requirement in this
layer-selection method is that the most favorable re-
gion within the layer must contain at least 20% of the
known deposits. The ratio D/A is referred to next as
the capture efficiency ratio, where D is the percent-
age of known deposits in the most favorable region
of the layer and A is the percentage of the total map
area. A problem with this ratio is that the value can
be high if the most favorable region contains only a
few deposits and the area of the region is small. In or-

der to account for this, the capture efficiency ratio is
multiplied by the percentage of known deposits that
occur in the favorable region of the binary map, giv-
ing the statistic, D× (D/A). The second method is to
select the layers with the highest D× (D/A) value.
A minimal set of 10 layers, and a group of 17 lay-
ers (variables) representing all the available evidence
types were selected as inputs to neural networks using
each selection method.

METHODS

This section describes how the three fuzzy mem-
bership layers, favorable host-rock geology, favorable
contact type, and favorable rheological contrast are
created. In each of the layers, the fuzzy membership
values represent the degree to which the raw variable
values belong to the same set; that is, favorable for
orogenic lode gold deposits. The contact type refers
to the combination of rock types occurring at the
nearest lithological boundary to each grid cell in the
raster GIS layer. The favorable geology and favorable
contact-type layers are examples of objective fuzzy
membership layers, whereas the favorable rheologi-
cal contrast is a subjective layer.

These layers are useful for predicting the location
of orogenic lode gold deposits because highly compe-
tent and chemically reactive host rocks are the most
common hosts to gold mineralization. On a regional
scale, most of the gold deposits are sited in compe-
tent units or at contacts between layers of contrasting
competency, which are oriented at high angles to the
maximum principle far-field stress (Groves and oth-
ers, 2000). The reason for this is that the more com-
petent units tend to fail selectively in this orientation,
and hence become sites of increased structural per-
meability and fluid focussing (Ridley, 1993).

Objective Fuzzy Membership Layers

The favorable geology and contact-type GIS
layers represent objective data because they are con-
verted to fuzzy membership values using the statis-
tical association between the classes and known de-
posits (containing ≥ 1000 kg TCG). As a preliminary
step, the original mapping legend used by Goldfields
Exploration Pty Ltd for the Yilgarn Block is simpli-
fied from 108 to 28 rock types (of which 22 occur in
the study area). Units post-dating the main gold min-
eralization (2645–2630 Ma; Yeats and McNaughton,
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1997), such as Proterozoic dolerite dikes and Permian
sedimentary rocks, are assigned a value used in
ARCVIEW to signify nodata and excluded from rhe-
ology contrast calculations.

Rock types in the solid geology and contact-type
GIS layers represent a nominal data type. Two meth-
ods are used to convert the categorical solid geology
GIS layer into a numerical form suitable for input
to a neural network; conversion to fuzzy member-
ship values and 1-of-N coding. These two alterna-
tive methods of representing the host-rock geology
as a neural-network input are compared in the results
section.

1-of-N Coded Host-Rock Layer

In 1-of-N coding, a separate neural network in-
put is assigned to each class in the data; in this case
rock types. In order to indicate that the current input
corresponds to basalt, the input unit corresponding to
basalt is set to one and all the other units are set to
zero (Masters, 1993).

There are two disadvantages to this scheme. First,
the number of network inputs is increased signifi-
cantly, particularly if there are a large number of
classes, leading to a consequent increase in the num-
ber of interconnections between input neurons and
hidden layer neurons. For small training-set sizes, the
large number of weights associated with the connec-
tions can result in over-fitting the data (i.e. learning
the idiosyncrasies rather than the underlying patterns
in the data). This reduces the ability of the trained net-
work to generalize to new patterns not presented dur-
ing training (Masters, 1993; Singer and Kouda, 1999).
Second, to code the entire solid geology layer con-
taining 25 rock types effectively results in the cre-
ation of 25 new input layers, which requires a large
amount of main computer memory. Because of the
large number of classes in the contact-type layer (134
rock-type combinations using a geology legend with
25 rock types), it is not feasible to use a 1-of-N coding
scheme for this layer.

Simplification of the geology legend is per-
formed in order to reduce the number of input-layer
units necessary for networks using 1-of-N coded
geology. Although simplification of the legend is
not required if fuzzy-membership values are used,
the geology legend with 108 rock types proba-
bly would produce less reliable results because
many rock types contain fewer than five known
deposits.

Fuzzy Membership Host-Rock Layer

Rock type codes in the solid geology layer are
converted to fuzzy membership values using the fol-
lowing steps:

(1) calculate statistical relationships between
known deposits and lithological units,

(2) rank rock types and set fuzzy membership
for definitely favorable rock types to 1.0 and
definitely unfavorable rock types to 0.1,

(3) convert to a fuzzy membership layer using
statistics;
(a) calculate fuzzy membership values be-

tween 0.1 and 1.0 by linear interpolation,
and

(b) use the fuzzy membership values calcu-
lated to reclassify the solid geology layer.

These steps and the triangular fuzzy membership
function used in this study are illustrated schemati-
cally in Figure 3. The occurrence of orogenic gold de-
posits in a wide variety of host rocks throughout the
Yilgarn Block (which includes the Kalgoorlie Terrane
containing the study area), suggests that none of
the host rocks that were present prior to the main
phase of gold mineralization should be excluded as
potential hosts for gold deposits. Therefore, a mini-
mum fuzzy membership value of 0.1 rather than 0.0
was used. The number of cells, deposits and the to-
tal contained gold (TCG) for deposit cells were used
to calculate the probability of deposits (P(D)) and
P(D)× TCG/cell for each rock type. Calculations are
performed using functions written in MATLAB and an
EXCEL spreadsheet.

Two fuzzy membership layers are created; one
where rankings of the rock types, and therefore the
classes assigned fuzzy membership values of 0.1 and
1.0 are determined according to the probability of at
least one deposit per cell, and a second layer based on
rankings rock types according to P(D) × TCG/cell.
The two favorable host-rock layers are compared
using two capture efficiency ratios, D/A and D ×
(D/A), where D refers to the percentage of known
deposits in the area corresponding to the favorable
region, and A refers to the percentage of the total
map area represented by the region. The ratios are
measures of the degree to which the most favorable
region in the map accounts for the known deposits.
For the purpose of comparing the two favorable host-
lithology layers, the favorable region is arbitrarily set
to the upper quartile of values; that is, 0.75–1.0. The
region corresponding to fuzzy membership values in



P1: GXB

Natural Resources Research (NRR) pp927-nrr-469957 August 7, 2003 18:19 Style file version Nov. 07, 2000

Hybrid Fuzzy-Neural Network Method for Mineral-Potential Mapping 189

Figure 3. Conversion of host-rock classes in input GIS layer to fuzzy membership values. Assignment of fuzzy membership values
is based on ranking of rock types in order of probability of containing known deposits (P(D). Definitely favorable and definitely
unfavorable rock types are assigned fuzzy membership values of 1.0 and 0.1, respectively. P(D) and fuzzy membership values associated
with these groups are used to construct triangular fuzzy membership function, which then is used to perform linear interpolation of
values for rock types ranked between end-member groups.

the range [0.75, 1.0] contains 19% of the deposits in
∼3% of the area when the favorable geology layer
is created using rankings of rock types based on the
probability of deposits. This compares to 29% of
the deposits in approximately 10% of the area for
the layer based on P(D)× TCG/cell (Table 1). Values
of D/A and D × (D/A) for the layer based on the
probability of deposits (P(D)) and P(D) × TCG/cell
are 6.0 and 116 versus 3.0 and 86, respectively
(Table 1). The layer based on the probability of de-
posits is therefore selected as the input to the neural
networks.

Fuzzy Membership Contact-Type Layer

The main mechanism of gold deposition for
orogenic lode-gold deposits in the Yilgarn is through
fluid-wall rock reactions in which the iron-rich min-

erals in the host rocks react with sulfide complexes,
which carry gold in solution, to form pyrite (Phillips
and Groves, 1983; Mickuki, 1998). Consequently,
upward migrating hydrothermal fluids may pre-
cipitate gold where there is a change in host rock.
Further, fluid will migrate into dilational zones of
high fracture-related permeability, which tend to
occur where rheological contrasts are high. Thus, the
combination of rock types at lithological boundaries
may play two roles in the localization of gold deposits.

The contact-type GIS layer is created by linking
the rock name attribute associated with the polygons
with the identity of the left and right neighbor
polygons for each arc. This latter information is
stored for all arcs in ARC/INFO. A unique name was
generated for each contact type using an AML script.
Each contact-type name consists of abbreviations
for the pair of rock types arranged in alphabetical
order. Cell values were set equal to the concatenated
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Table 1. Comparison of the ability of layers to predict known orogenic gold deposits in the Kalgoorlie Terrane
of Western Australia. Data for Young’s modulus are from: (1) Hatheway and Kiersch, 1989, and (2) M. Lee,

2000, unpublished data from Australian Mining Consultants

Layer Type/variables Deposits (%) Area (%) D/A D×(D/A)

Favorable geology
P(D) 19.2 3.2 6.0 116
P(D)× TCG/cell 29.2 9.8 3.0 86

Favorable contact-type
P(D) 0–200 m 15.8 0.6 25.2 398
P(D)× TCG/cell 0–200 m 18.3 1.0 18.0 330
P(D) 0–1300 m 17.5 1.2 14.3 251
P(D)× TCG/cell 0–1300 m 21.7 1.9 11.3 246
Rheological contrast
Subjective fuzzy m/ship 20.0 3.7 5.5 110
Subjective classes (10) 37.5 14.9 2.5 94
Young’s modulus1 2.5 0.2 11.9 30
Young’s modulus2 12.5 1.9 6.8 85
Uniaxial compressive strength 4.2 0.2 20.3 85
Uniaxial tensile strength 12.5 4.6 2.7 34
Fracture toughness 10.0 2.2 4.5 45

rock codes of the lithologies at the nearest contact.
Using a simplified legend with 25 rock types for
the solid geology GIS layer results in 134 rock-type
combinations. The same procedure for ranking layers
and for assigning fuzzy membership values for the
contact-type layer as described for the favorable
geology layer above is used.

The dolerite-porphyry contact type is selected ar-
bitrarily as the lowest ranking contact type (using both
P(D) and P(D)× TCG/cell criteria) to be assigned
a fuzzy membership value of 1.0. Eight of the top
ten ranked contact-types based on P(D) and all of
the top ten contact-types based on P(D)× TCG/cell
include at least one of the following rock types;
feldspar porphyry, quartz dolerite, dolerite, andesite,
or carbonaceous shale.

As the distance increases, the effect of the
rock types at the nearest lithological boundary on
prospectivity must diminish and eventually become
irrelevant. In order to model this, fuzzy membership
values are set to 0.1 for cells beyond a certain dis-
tance to the nearest contact. Distance limits of 200
and 1300 meters are used, based on the minimum and
maximum estimates obtained using a variety of statis-
tical tests used to measure the association of known
deposits (where TCG ≥ 1000 kg) and the proxim-
ity to lithological contacts (Brown, 2002; Brown and
others, 2002). The effectiveness of the two different
fuzzy layers to predict the known deposits is compared
in Table 1.

Subjective Rheological-Contrast
Fuzzy-Membership Layer

Although a number of workers suggest that rheo-
logical contrasts across lithological boundaries are an
important control on the location of larger deposits
(Holyland, and Ojala, 1997; Groves and Holyland,
1997; Groves and others, 1995, 2000) there have been
few studies that test this hypothesis on a regional
scale. One study by Yun (2000) confirms that this
concept applies well to the Kalgoorlie Terrane. Yun
(2000) used subjective estimates of relative compe-
tency, based on the degree of fabric development and
modal mineralogy, and ranked 15 rock types using in-
tegers in the range, 1–5.

In this study, rocks in the detailed geology
legend (108 rock types) are ranked according to
their tendency for brittle or ductile failure, based
on the field observations by one of the authors
(D. I. Groves). A percentile transformation then
was applied and the values scaled to the range
[0,1].

The primary criteria used to estimate rock com-
petency on a regional-scale are silica content and min-
eralogy. Quartz-rich rocks are more competent than
rocks that are rich in mafic minerals. In addition to sil-
ica content, subjective estimates of the relative com-
petency of host rocks are based on (in decreasing
order of importance); modal mineralogy, grain size,
fabric development, texture, and metamorphic grade.
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For example, banded iron formation and basalt are
ranked as competent, whereas ultramafic schists are
ranked as incompetent under greenschist facies con-
ditions. There may be reversals in rheology at amphi-
bolite facies.

A second rheology layer containing values rep-
resenting ten classes of competency is also prepared.
The rheological contrast layers are then created in
ARC/INFO using a similar procedure to that described
for the contact-type layer. Apart from the subjective
estimates, compilations of rock strength data from
Hatheway and Kiersch (1989; Young’s Modulus only)
and M. Lee (unpublished data from Australian Min-
ing Consultants, 2000; all other data) are used to cal-
culate rheological contrast based on Young’s modulus
(as separate layers based on the two data compila-
tions), uniaxial compressive and tensile strength, and
fracture toughness. All layers are converted to a raster
format and then imported into MATLAB in order to
create feature vectors for neural network training and
processing.

The spatial association between known orogenic
gold deposits and the seven rheological-contrast lay-
ers is measured using the techniques referred to previ-
ously. The subjective fuzzy rheological-contrast layer
shows the strongest association with known deposits
and therefore is selected as the layer to use as a
neural network input. A plot of (O-E)/E (where
O = observed number of deposits in map areas cor-
responding to values of the GIS variable which fall
within successive intervals (e.g. distance to nearest
major fault is in the range 0–200 meters; plotted
on the X-axis and E = expected number of deposits
for the same area, assuming deposits are distributed
uniformly throughout the map area) versus favor-
able rheological contrast represented using fuzzy-
membership values is shown in Figure 4. The rea-
son for the weak association between known deposits
and estimates of rheological contrast based on the
quantitative data may be the result of the fact that
rock strength properties for many rock types in the
study area are not available and therefore are approx-
imately by using data for similar rocks. In addition,
data from Hatheway and Kiersch (1989) mainly re-
fer to unaltered, massive specimens, whereas rocks
in the Kalgoorlie Terrane are altered and deformed
to differing degrees. Although the compilation from
M. Lee (unpublished data from Australian Mining
Consultants, 2000) is obtained from mine sites in the
Yilgarn Craton, the data are from a small number of
mine sites.

Figure 4. Plot of (O-E)/E versus subjective fuzzy membership
values for rheological contrast, where O = observed number of
deposits in region corresponding to interval on X-axis and E =
expected number of deposits for random uniform distribution of
deposits. Rheological contrast layer containing subjectively esti-
mated fuzzy membership values shows strongest association with
known deposits and therefore is selected as layer to use as neural
network input. Other rock strength variables tested were Young’s
modulus (two different measures), unixial tensile and compressive
strength, and fracture toughness.

Other Input Layers

In addition to the fuzzy-membership layers de-
scribed, neural network inputs were selected from the
following variables: (1) distance to nearest porphyritic
felsic intrusion, (2) distance to nearest crustal-scale
fault or shear zone (defined as those exceeding 100
km in length), (3) distance to positive aeromag-
netic anomalies, (4) distance to nearest lithological
boundary, (5) distance to intersection of NNW- and
NNE-trending faults and shear zones, (6) distance to
nearest ground trace of a regional-scale anticlinal axis,
(7) strike of nearest crustal-scale fault or shear zone,
(8) strike of nearest NNE-trending regional-scale
shear zone, (9) strike of nearest NNW-trending
regional-scale shear zone, (10) strike of nearest
contact, (11) chemical contrast between rock units at
the nearest lithological boundary (sulfidation index
based on the ratio, Fetotal wt% × Fe/(Fe +Mg + Ca)),
(12) chemical contrast based on the ratio,
Fe2O3/(Fe2O2 + FeO), (13) density of crustal
and regional-scale faults and shear zones (calculated
using a 5× 5 km moving window), and (14) density
of lithological contracts (used as a measure of
lithological heterogeneity). A binary deposit layer
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depicting orogenic lode-gold deposits with a resource
of ≥1000 kg total contained metal is used to provide
the target or desired output values required to train
the networks.

Fuzzification of All Neural Network Inputs

An extension of the concept of using fuzzy mem-
bership values to represent categorical data types as
inputs is to use fuzzy membership values for all the
network inputs. Such a system effectively represents
a simple form of hybrid fuzzy-neural network system
(Fig. 5). A series of networks were tested in which all
input variables were converted to fuzzy membership
values. Triangular fuzzy membership functions were
used to convert the scaled raw data to membership
values (Fig. 3). The thresholds above which all raw
data values are mapped to fuzzy membership values
of 1.0 or to 0.1 are determined using plots of (O-E)/E
such as shown in Figure 4. Reclassification of the orig-
inal raster GIS layers is performed in MATLAB. Be-
cause all neural network inputs are scaled to the range
[0,1], the fuzzy membership inputs require no special
preprocessing.

Training Data Sets

The training data sets are created randomly
by dividing the 120 cells that contain deposits with

Figure 5. Schematic diagram of hybrid, fuzzy-neural network system. Some or all of network inputs may be fuzzy membership
variables.

at least 1000 kg TCG, approximately equally into
training, training-stop and test sets. The training data
set is used to learn the network weights. The training-
stop set is used in a cross-validation procedure with
early stopping in order to avoid over-fitting the data
(Morgan and Bourland 1990; Wang, Venkatesh, and
Judd, 1994). The test data set plays no role in training,
but is used as a guide to the ability of the trained net-
work to generalize when new data are processed. The
random selection of cells is performed so that gold de-
posits from each host rock-type in the solid geology
GIS layer are divided approximately equally between
the three training sets. Approximately matching num-
bers of barren cells are selected randomly for each
rock type. Thus the deposit and barren cells are rep-
resented in the training sets approximately equally. In
situations where there were too few deposit cells to di-
vide them equally, the cells are assigned to the training
set, training-stop set, and test set, in that order. Table
2 shows the composition of the training sets.

Network Topology and Training

A 10-20-1 topology (i.e., 10 inputs, 20 hidden neu-
rons, and 1 output) was selected after testing networks
with different numbers of hidden units, as this config-
uration gives the best generalization performance (as
measured by percentage of correct classifications for
the independent test set). Ten networks with differ-
ent random initial weights were trained and tested
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Table 2. Number of cells in the training/testing data sets
for orogenic gold deposits in the Kalgoorlie Terrane

Cell type Training set Stop set Test set

deposit 46 39 35
barren 53 49 46
Total 99 88 81

for each experiment. The same set of initial weights
was used for each experiment, so that any differ-
ences in the results are the result of the changed
input data sets rather than to the random starting
point in multidimensional weight space. The networks
were trained to predict the value obtained from the
binary deposit GIS layer (i.e., 1 = deposit present,
0 = deposit absent). Although the gradient-descent
training algorithm and a modified version using adap-
tive weights and momentum give slightly better re-
sults, the Levenberg-Marquardt algorithm (Hagen
and Menhaj, 1994) was used for experiments on input
data sets reported here because it is 10 to 100 times
faster.

Measures of Generalization Performance
and Prospectivity Map Quality

Network performance is measured in two ways;
first, using the percentage of correct classifications
for the independent test data set; and second, using
measures of the quality of the mineral-prospectivity
map prepared using the trained network. An arbi-
trary threshold of 0.5 is used to classify patterns in the
test set; patterns associated with a network output ac-
tivation greater than or equal to 0.5 are classified as
deposits and those less than 0.5 as barren cells. The
measures of map quality are based on the degree to
which the highest prospectivity class (in a nine-class
prospectivity map) accounts for the known gold de-
posits. The statistics are: (1) Spearman’s correlation
coefficient, which indicates the degree of correlation
between increasing prospectivity map class and the
probability that the class region contains a known
deposit, (2) the capture efficiency ratios, D/A and
D× (D/A), explained previously, and (3) the area un-
der a receiver-operating-characteristic (ROC) curve.
In the capture efficiency ratio D/A and D× (D/A),
D is the percentage of known deposits in the area
corresponding to the favorable region and A is the
percentage of the total map area represented by the
region. The region is the highest prospectivity class in
a prospectivity map where the neural network out-

put activation values are divided into nine classes.
A ROC curve shows how classification performance
differs with the threshold value used to divide input
feature vectors into deposit and barren classes accord-
ing to the activation at the output unit of the neu-
ral network. A ROC curve is generated by plotting
true positive (i.e. class is positive and the neural net-
work class is positive; where positive and negative
represent deposit and barren classes, respectively),
TP/(TP + FN) and false positive ratios, FP/(FP +
TN), together for a range of threshold values (where
TP = true positive, TN = true negative, FP = false
positive and FN = false negative (Uncini and others,
1990; Zaknich, 2003). The area under the ROC curve
is used as a measure of classification performance, and
varies from a minimum of 0.5 to a maximum of 1.0.

RESULTS

The effects of using 1-of-N coding and fuzzy
membership values for the rock-type neural network
input are compared in Table 3. In both cases the other
input variables are the same and include the favor-
able contact-type and favorable rheological-contrast
input layers, as described. These networks have 10 in-
puts. Network connection strengths, or weights, are
initially assigned small random values. Because the
initial weights can influence the performance of the
trained neural network, ten networks with differ-
ent initial weights were trained for each experiment.
Therefore both the average and best test-set results
are tabulated. The same ten initial, random-weight
settings were used for each set of experiments. Conse-
quently, differences in the results are the result of the
type of input variables used rather than the starting
weights.

Statistics representing generalization perfor-
mance and map quality are generally similar for
1-of-N coding and fuzzy membership values. In con-
trast, the best test-set results (Table 3) are obtained
using fuzzy membership values, and the D× (D/A)
value is higher for the network with the fuzzy mem-
bership than the one with the 1-of-N coded geology
inputs. As noted, 1-of-N coding is more difficult to use
for problems involving a large number of classes be-
cause of the large amount of main computer memory
required (if patterns are stored as arrays in memory
during processing). The similarity of results suggests
that fuzzy membership values are a viable alternative
for categorical data inputs to a neural network in this
domain.
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Table 3. Effect of using 1-of-N coding and fuzzy membership values to represent host-rock lithology for input to a neural network
on test-set performance and prospectivity map quality. The other input variables are the same in both cases. Each row represents
the average of 10 networks. Values for training and test set performance represent the percentages of correctly classified patterns.
The 10 input variables used in the neural networks correspond to the GIS layers that have the highest value of the capture efficiency

ratio, D/A, for each evidence-category

Training sets (%) Test set (%) Map quality statistics

Geology Input type Train Stop All Deps Barren ρ D/A D× (D/A) ROC

Average performance
(10 networks)

Fuzzy 84.4 72.7 67.9 68.0 67.8 0.97 8.2 105.3 0.79
1-of-N 87.9 78.2 68.5 71.5 66.3 0.98 9.0 147.4 0.81
Best performance
Fuzzy 88.9 72.7 76.5 77.1 76.1 0.90 9.6 256.7 0.82
1-of-N 93.9 79.3 72.5 76.5 69.6 0.97 8.0 200.0 0.82

Criteria used to select the GIS layers that form
the inputs to the neural network and hybrid fuzzy-
neural systems also affect the results. Selecting input
layers that have the highest value of D× (D/A) gen-
erally produced better results than selecting layers ac-
cording to the evidence-category method (explained
previously). In particular, the D× (D/A) criterion re-
sulted in better recognition of the deposit patterns
in the test data set. Consequently, only the results
for the D× (D/A) selection criteria are presented in
Tables 4 and 5. Results for the fuzzy systems do not
differ significantly for the two input-layer selection
methods.

Results for neural networks with 10 inputs, in
which 1 and 10 (i.e., all) inputs are represented
as fuzzy membership values, are shown in Table 4.
Table 5 shows the results for 17 inputs. The set of
17 input GIS layers used with the neural network

Table 4. Comparison of the performance for a neural network with 1 fuzzy-membership input (other inputs are raw values scaled
to [0, 1]), a hybrid fuzzy-neural network in which all 10 inputs are fuzzy membership values and a fuzzy system in which layers are
combined using the gamma function (γ = 0.94). Average results for 10 runs are shown in top part of the table. Results for the systems
that gave the best test-set classification performance (overall) are shown in the lower part of the table. A fuzzy system is only shown
in the lower part of the table because only one fuzzy system was tested for each gamma value (at increments of 0.01 in the range

[0, 1]). A gamma value of 0.94 gave the best test-set classification performance

Training sets (%) Test set (%) Map quality statistics

No. of fuzzy Input layers Train Stop All Deps Barren ρ D/A D× (D/A) ROC

Average performance
(10 networks)

1 (NN) 87.9 76.9 72.1 75.1 69.8 0.95 7.4 109.0 0.84
10 (Hybrid) 87.2 78.4 69.1 71.4 67.4 0.97 14.4 264.3 0.86
Best performance:
1 (NN) 92.9 81.8 77.8 82.9 73.9 0.98 5.0 104.5 0.87
10 (Hybrid) 82.8 84.1 74.1 85.7 65.2 0.98 19.5 519.0 0.89
10 (Fuzzy) 67.7 72.7 70.4 62.9 76.1 1.00 68.2 397.7 0.89

includes three fuzzy membership layers. In both ta-
bles, the neural network results are compared with
those obtained by converting all the inputs to fuzzy
variables (i.e., a hybrid fuzzy-neural network system)
and a simple fuzzy system. In each table, the system
inputs were derived from the same GIS layers. Trends
in the results for neural networks and hybrid fuzzy-
neural networks with 17 inputs (Table 5) are simi-
lar to those with 10 inputs. However, increasing the
number of inputs from 10 to 17 does not significantly
improve overall classification performance or map
quality.

In the fuzzy systems, input layers were combined
using the gamma function (Zimmermann, 1984).
Maps were created and tested for values of the gamma
parameter in the range [0.00, 1.00] in 0.01 increments.
Because only a single fuzzy system was tested for each
value of gamma, results for the fuzzy systems are only
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Table 5. Comparison of systems with 17 inputs; a neural network with three fuzzy-membership inputs (other inputs are raw values
scaled to [0, 1]), a hybrid fuzzy-neural network in which all 17 inputs are fuzzy membership values and a fuzzy system in which layers

are combined using the gamma function (γ = 0.97). Refer to the explanation of Table 4

Training sets (%) Test set (%) Map quality statistics

No. of fuzzy Input layers Train Stop All Deps Barren ρ D/A D× (D/A) ROC

Average performance
(10 networks)

3 (NN) 87.8 77.4 73.1 70.3 75.2 0.95 9.0 117.0 0.83
17 (Hybrid) 90.1 77.4 70.0 62.6 75.7 0.96 8.7 133.7 0.86
Best performance:
3 (NN) 90.9 83.0 75.3 82.9 69.6 0.98 13.2 231.4 0.86
17 (Hybrid) 93.9 80.7 79.0 71.4 84.8 0.97 15.6 349.9 0.88
17 (Fuzzy) 70.7 73.9 71.6 54.3 84.8 0.98 199.8 665.9 0.89

shown in the lower part of Tables 4 and 5 which refer
to the best test-set performance

The number of fuzzy inputs mainly seems to
affect the statistics used to measure map quality
(Tables 4 and 5). Neural networks and hybrid fuzzy-
neural systems produced similar results for the clas-
sification of the test-set data. However, the hybrid
fuzzy-neural network systems generally performed
better than the neural networks in terms of the map
quality statistics (D/A, D× (D/A), and area under
the ROC curve). In the case of the capture efficiency
ratio D× (D/A), values produced by the hybrid sys-
tems are significantly higher than those for the neu-
ral networks. The highest overall test-set classification
accuracy was obtained with a hybrid fuzzy-neural net-
work (i.e. 79.0%, Table 5).

Fuzzy systems produced significantly different
results to those for neural networks and hybrid fuzzy-
neural networks (Tables 4 and 5). Neural networks
and hybrid fuzzy-neural networks generally produced
better classification results for the test set (overall)
and test-set deposit patterns than the equivalent fuzzy
systems; that is, fuzzy systems with the same number
and type of GIS layers as inputs. Correct classification
rates for the deposit patterns in the test set are rela-
tively low for fuzzy systems. On the other hand, the
highest values of the capture efficiency ratios D/A and
D× (D/A), which are used a measures of prospectiv-
ity map quality, were obtained using fuzzy systems.

DISCUSSION

The generalization performance of the fuzzy sys-
tems is significantly poorer than that of the neural
networks and hybrid fuzzy-neural networks. For ex-
ample, the best fuzzy system (10 inputs and γ = 0.94)
gave a correct classification rate for the test set of

70.4% compared with 77.8% for the neural network
and 74.1% for the hybrid fuzzy-neural system. For
test-set deposit patterns, the differences were more
pronounced; that is 62.9%, 82.9%, and 85.7% for
the fuzzy, neural network and hybrid systems, respec-
tively (Table 4). The fuzzy system does yield some
extremely high values of the capture efficiency ratios
D/A and D×(D/A); for example, 199.8 and 665.9, re-
spectively (for 17 inputs, Table 5).

This highlights the limitation of using summary
statistics such as capture efficiency ratios. The high
values of D/A, and D× (D/A) for the fuzzy systems
are the result of the fact that the region corresponding
to the highest prospectivity map class contains a small
number of deposits in a small proportion of the map
area (i.e. 4 deposits in 164 grid cells for the 17-input
fuzzy system in Table 5). However, the bulk of the
deposits occur in the region corresponding to classes
5–7 (i.e. 104 deposits in 448,996 cells). By compari-
son, the hybrid fuzzy-neural network with the same
inputs (Table 5), generates a map with the largest
number of deposits in the area corresponding to class
9, the highest prospectivity area. In this prospectivity
map, in which the values are divided into 9 classes,
the bulk of the 120 known deposits are located in the
area corresponding to classes 7–9 (i.e., 74 deposits in
82,436 cells).

The poorer map-quality statistics but better test-
set classification performance for neural networks
with 1 and 3 fuzzy inputs, compared to fuzzy systems
and networks with 10 and 17 fuzzy inputs, may be
because of the way in which the two types of tests dif-
fer. Good performance in terms of the map quality
statistics, D/A, D× (D/A) and area under the ROC
curve, depends on capturing a relatively high propor-
tion of the known deposits in a small proportion of the
total map area. In maps produced with fuzzy systems
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and, to lesser degree, hybrid fuzzy-neural network sys-
tems, high relative prospectivity values are assigned
to a smaller proportion of the map compared to maps
produced with neural networks. This is evident in
Figure 6, which shows histograms of the output values
produced by a neural network, a hybrid fuzzy-neural,
and a fuzzy system for the maps covering the entire
study area. For fuzzy systems, this may be the result
of the high values of gamma (0.94–0.97) in the gamma
function, which is used to combine input layers. The
gamma function is combination of two functions; the
fuzzy-algebraic product and fuzzy-algebraic sum. At
high values of gamma, the gamma function is dom-
inated by the fuzzy algebraic sum and is additive in
character; that is, favorable input values result in an
output that is larger than any of the inputs. However,
locations where there is a conjunction of high input
values are rare. Consequently, cells that are assigned
high prospectivity values also are rare.

The percentage correct classification results for
the independent test set is a measure of the abil-
ity of the trained neural network to generalize from
the patterns learnt during training to new patterns.
For fuzzy systems, it is a guide as to how well the
system can distinguish between deposits and barren
cells on the basis of the deposit model implicit in
the definitions of the fuzzy membership functions.
The poorer generalization performance of the fuzzy,
and to a lesser extent, fuzzy hybrid systems may be
due to the way in which the fuzzy membership func-
tions, which define the favorable variables, simplify,
and smooth out spatial relationships. Compared to a
neural network, in which no information is provided
about how the inputs must be interpreted in order
to produce the target output, membership functions
in fuzzy systems narrow the definition of what con-
stitutes a highly favorable location for gold deposits.
Because a certain proportion of the known deposits
conform to the model represented by the fuzzy mem-
bership functions, this, combined with the small num-
ber of cell locations which are assigned high output
values, leads to good performance in terms of the
capture efficiency ratios. However, deposits, which do
not fit this simple model, may not be recognized and
therefore contribute to the poorer test-set classifica-
tion (i.e., generalization) performance for systems in
which the inputs consist of fuzzy membership layers
compared to neural networks.

Mineral-prospectivity maps produced using a
neural network with three fuzzy inputs, a hybrid fuzzy-
neural network, and a fuzzy system using the gamma
function, are shown in Figures 7–9. Only a small

Figure 6. Histograms comparing outputs of the (a) neural network
with three fuzzy membership and 14 scaled inputs, (b) hybrid fuzzy-
neural network with 17 fuzzy membership inputs, and (c) fuzzy
system (γ = 0.97), which produced the best overall test-set classi-
fication performance. Same 17 input variables were used in each
example. Input layers were selected using D× (D/A) criterion.
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Figure 7. Mineral-prospectivity map produced by neural network, showing potential for orogenic lode-gold deposits in part
of Kalgoorlie Terrane, Western Australia. Map was created using 10-20-1 MLP neural network. Ten input layers were selected
according to evidence-categories criterion. Three of ten inputs are in form of fuzzy membership values; that is, favorability
of host rock, combination of rock types at nearest lithological boundary, and rheological contrast at nearest lithological
boundary. Yellow circles indicate deposits containing resource of ≥1000 kg TCG.

Figure 8. Mineral-prospectivity map produced by hybrid fuzzy-neural network, showing potential for orogenic lode-gold
deposits in part of Kalgoorlie Terrane, Western Australia. Map was created using 10-20-1 hybrid fuzzy-neural network
(MLP) in which all ten inputs were converted to fuzzy membership values before being processed by network. Ten input
layers were selected using D × (D/A) criterion. Yellow circles indicate deposits containing resource of ≥1000 kg TCG.
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Figure 9. Mineral-prospectivity map produced by fuzzy system showing potential for orogenic lode-gold deposits in part of Kalgoorlie
Terrane, Western Australia. Fuzzy systems uses 10 inputs, which were combined using gamma function. Gamma value of 0.96 was
used. Ten input layers were selected according to evidence-categories criterion. Yellow circles indicate deposits containing resource
of ≥1000 kg TCG.

portion of the study area is shown because data for
this study were provided by Goldfields Exploration
Pty Ltd and exploration is being conducted in other
areas. All maps account reasonably well for the known
gold deposits. The three maps show a trend of decreas-
ing detail from the neural network to the hybrid fuzzy-
neural network and fuzzy system. The fuzzy systems
map (Fig. 9) shows only a small range of variation
in the estimated prospectivity compared to the other
two maps. There is little evidence of geological fea-
tures, such as faults, lithological units or boundaries
reflected in the map. Effects of geological information
appear clearly in the neural network map (Fig. 7), al-
though some of the detail represents artifacts result-
ing from the way in which some of the input layers are
prepared. For example, layers representing the strike
orientation of the nearest fault or rheological contrast
at the nearest lithological boundary contain triangu-
lar zones containing a single value. These zones widen
away from the linear feature from which the cell val-
ues are derived. The use of fuzzy membership values
smooths these abrupt transitions, thus simplifying the
map and making it appear more geological. Inputs
affecting the prospectivity estimate are most clearly

represented in the hybrid fuzzy-neural network map
(Fig. 8). The elongate shapes in the northwest repre-
sent NNE-trending faults and shear zones, and lines
corresponding to lithological boundaries are evident
along the eastern margin of the map. This map seems
to represent the best trade-off in terms of sensitivity
to detail in the input GIS layers while displaying over-
all trends in the data without a lot of noise or loss of
information.

CONCLUSIONS

The use of both objective (i.e. statistically based)
and subjectively derived fuzzy-membership layers is
a useful way of incorporating geological knowledge
in an otherwise data-driven neural network method
for combining geoscience data sets to produce mineral
prospectivity maps. It is shown that, in some instances
(e.g. rheological contrast), subjectively estimated in-
puts may be superior to objective data if those data are
inconsistent or not extensive enough to be represen-
tative at a regional scale. The use of fuzzy membership
values for some or all of the inputs to a neural network
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results in similar performance to conventional data.
Compared to networks in which inputs are scaled,
presenting all inputs to the network as fuzzy member-
ship values results in slightly decreased generalization
ability, as indicated by the test-set classification per-
formance, but significantly increased values of statis-
tics representing the quality of the resultant mineral
prospectivity map. Prospectivity maps produced us-
ing hybrid fuzzy-neural networks clearly reflect the
geology and structure in the input GIS maps, but at
the same time seem to smooth some of the noise in
the input maps without the loss of information that is
apparent in maps produced using the fuzzy systems.

The approach used here could be applied to a
large range of subjective data (e.g., favorability of tec-
tonic environment, host stratigraphy, or reactivation
along major faults) currently used in regional explo-
ration programs but which normally would not be in-
cluded in an empirical neural-network approach.
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