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Abstract This paper reports the application of weights-of-evidence, artificial neural
networks, and fuzzy logic spatial modeling techniques to generate prospectivity maps for
gold mineralization in the neighborhood of the Amapari Au mine, Brazil. The study area
comprises one of the last Brazilian mineral exploration frontiers. The Amapari mine is
located in the Maroni-Itaicaitinas Province, which regionally hosts important gold, iron,
manganese, chromite, diamond, bauxite, kaolinite, and cassiterite deposits. The Amapari
Au mine is characterized as of the orogenic gold deposit type. The highest gold grades are
associated with highly deformed rocks and are concentrated in sulfide-rich veins mainly
composed of pyrrhotite. The data used for the generation of gold prospectivity models
include aerogeophysical and geological maps as well as the gold content of stream sedi-
ment samples. The prospectivity maps provided by these three methods showed that the
Amapari mine stands out as an area of high potential for gold mineralization. The pros-
pectivity maps also highlight new targets for gold exploration. These new targets were
validated by means of detailed maps of gold geochemical anomalies in soil and by
fieldwork. The identified target areas exhibit good spatial coincidence with the main soil
geochemical anomalies and prospects, thus demonstrating that the delineation of explo-
ration targets by analysis and integration of indirect datasets in a geographic information
system (GIS) is consistent with direct prospecting. Considering that work of this nature has
never been developed in the Amazonian region, this is an important example of the
applicability and functionality of geophysical data and prospectivity analysis in regions
where geologic and metallogenetic information is scarce.
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1 Introduction

The use of geographic information systems (GISs) and expert systems (ESs) in mineral
exploration makes the integration of multi-source and multi-thematic datasets possible.
Airborne and ground geophysical data, remote sensing, geochemical, geologic (strati-
graphic and structural), and geochronologic data are nowadays commonly integrated via
procedures and spatial analysis to derive information that is useful in mineral exploration.

The methods applied for data analysis and integration in GIS-based mineral potential
mapping are either knowledge-driven (conceptual) or data-driven (empirical) (e.g.,
Bonham-Carter 1994). Knowledge-driven methods are based on the judgment of an expert
who selects and assigns weights to indirect spatial evidence of mineral potential. Data-
driven methods involve quantitative analysis of spatial associations between known min-
eral occurrences or deposits, considered as training sites, and indirect evidence coupled
with resource potential. The choice of using either data- or knowledge-driven methods
depends on the level of prior exploration and the quality of data available. Several authors
have used GIS methods in mineral potential assessments with different knowledge and
data-driven methods and for different purposes (e.g., Carranza et al. 2008, 2009; Debba
et al. 2009; Nykinen and Ojala 2007; Nykénen et al. 2007, 2008a, b; Nykédnen 2008; Souza
Filho et al. 2007; Raines and Mihalasky 2002; Robinson and Larkins 2007).

Most of the GIS-based mineral prospectivity models produced to date were developed
in relatively easily accessible arid to semi-arid regions, where a considerable wealth of
geologic and mineral resources information exists. This scenario is quite different from that
found in the Amazon region, which is characterized by a lack of rocky outcrops, thick soil
cover, dense forest, inaccessibility, and scarce geological information. The region is also
covered with clouds all year round, which poses a problem for the use of optical remote
sensing methods but opens the possibility for the successful exploitation of airborne
geophysics as an alternative tool for assessing mineral resources.

This work reports various GIS and ES spatial modeling techniques for mapping
potentially favorable gold areas in the central region of the Amapa State, the northernmost
part of the Brazilian Amazon (Fig. 1). This region was chosen because it represents one of
the last exploration frontiers of the country. Besides, no studies focusing on spatial data
modeling applied to the identification of potential areas of gold have previously been
carried out in the region. The datasets used in this investigation include airborne geo-
physical data, stream sediments geochemical data, and lithologic structural data. The
mineral prospectivity models generated using those datasets were formulated using fuzzy
logic, which is a knowledge-driven method, and weights-of-evidence and neural networks,
which are data-driven methods. Spatial analysis is performed using the latest version of the
publicly available Arc Spatial Data Modeler (ArcSDM) software (Sawatzky et al. 2007;
http://www.ige.unicamp.br/sdm). Sites indicated as being of higher potential for gold on
the spatial analysis models were checked in the field and verified against detailed soil
geochemical data.

2 Geological Framework
The study region is part of the Maroni-Itacaitinas Province (MIP). The MIP is composed of
deformed volcanic and sedimentary rocks metamorphosed to the greenschist to amphib-

olite facies, forming a greenstone belt. It also includes granulitic and gneissic-migmatitic
rocks and remnants of reworked Archean crust (Fig. 2). The MIP was accreted to the
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Fig. 1 The study area in the State of Amapa, Brazil, and hill shade SRTM imagery (sun azimuth angle
at 45°)
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Fig. 2 Simplified geological map of the State of Amapa at 1:3,000,000 scale (modified from Bahia et al.
2004; Faraco et al. 2004)

Central Amazonian Province during an orogeny dated 2.2-1.95 Ga (Cordani et al. 1979).
The Archean basement is composed of granulites, gneisses, amphibolites, and migmatites
of the Guianense Complex, which correspond to polymetamorphosed rocks partially
reworked during the Transamazonian orogenesis (Lima et al. 1974). The oldest ages
recorded in this Archean nucleus of the Amapa State vary around 3.32 Ga (Klein et al.
2003). The supracrustal rocks of the Amapa central region are represented by the Vila
Nova Province. It is considered a greenstone sequence inserted in NW—SE-elongated belts,
metamorphosed to the greenschist to amphibolite facies and deformed in a ductile—brittle
regime with the extensive development of shear zones. The age proposed for this green-
stone sequence is Paleoproterozoic, around 2.26 £ 0.34 Ga (McReath and Faraco 1997),
and its metamorphism occurred at around 1.97 4 0.51 Ga (Tassinari et al. 1984). Intrusive
rocks in the MIP, named Falsino granodiorite (1.75 Ga) and Mapari Alkaline rocks
(1.68-1.34 Ga) (Lima et al. 1974), are related to a Proterozoic regional event,
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characterized by intraplate anorogenic magmatism and evidence of NE-SW faulting and
reworking attributed to the Jari-Falsino Event (1.2 Ga) (Dardenne and Schobbenhaus
2003). NE-SW faulting was probably related to the reactivation of old structures, repre-
senting an important role in the concentration of gold mineralization (Dardenne and
Schobbenhaus 2001).

3 Database

3.1 Geological Data

Figure 3 shows the geologic map of the study area (1:100,000 scale) that includes rocks
related to the Archean basement of the Guianense Complex (granite-gneiss), Vila Nova
Province (VNP) (oxide- and silicate facies BIFs, calc-silicatic rocks and skarns, schists,
amphibolites, and quartzites), and associated granitoids (dioritic gneiss/diorite, granites
and pegmatites, granodioritic gneiss/granodiorite, trondhjemite-tonalite-granite).

3.2 Aerogeophysical Data

The Rio Araguari aerogeophysical (magnetometric and gamma spectrometric) project

employed in this study was produced by the Brazilian Geological Survey. The data were
acquired between September and October 2004 and delivered with removed IGRF and
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Fig. 3 Geological map of the study area at 1:100,000 scale. Small yellow circles are the gold occurrences
recorded by the Brazilian Geological Survey—CPRM (GIS 1:1,000,000)
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microleveled. Flight lines were N45°E-oriented and spaced 500 m apart, whereas control
lines were N45°W-oriented and spaced 10,000 m apart. The flight height was 100 m above
the ground (LASA 2004). The data were interpolated using two methods: minimum cur-
vature and bidirectional algorithm for gamma-spectrometric and magnetometric data,
respectively. The grid cell size was defined as 125 m (a quarter of the flight line spacing).
Details of the data processing procedures and the products generated can be found in
Magalhaes et al. (2007). Among the aerogeophysical data products produced for this work,
maps of analytic signal amplitude, magnetic lineaments interpreted from horizontal and
vertical derivatives, and individual radiometric elements (K, Th, and U) were used as
evidential themes in mapping the mineral potential (Figs. 4, 5).

3.3 Geochemical Data

Gold (Au) concentrations in ppm were obtained from 125 stream sediment samples. The
Fire Assay method was used to determine Au grades in the samples, with a detection limit
of 0.01 g/ton. Considering that each stream sediment sample represents materials upstream
and upslope of the location it was collected, gold values should not be interpolated but
represented on the basis of sub-watersheds (Carranza and Hale 1997; Nobrega and Souza
Filho 2003).

Using tools available in GIS, a digital terrain model (DTM) was used to generate a map
of sub-watersheds (Jenson and Domingue 1988), according to the following steps: (1)
drainage extraction and generation of a depression-free DTM, (2) generation of a matrix
file with the flow direction of each cell, (3) generation of a matrix file of accumulated flow
for each cell, (4) extraction of the drainage network considering an accumulated flow of
100 cells or larger, (5) conversion to a vector file, (6) delineation of the areas of the
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Fig. 4 Analytical signal map showing the magnetic lineaments
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Fig. 5 Radiometric (gamma rays) ternary map (Red: K; Green: Th; Blue: U)

hydrographic watersheds and definition of values that corresponds to the watershed flow
direction, for each drainage segment, and (7) generation of a sub-watershed map. The sub-
watersheds were then classified as anomalous and non-anomalous according to gold
contents >1 and <1 ppm, respectively (Fig. 6). The threshold of 1 ppm was defined based
on personal information from local mine geologists, who consider values around 0.5 ppm
already interesting from a prospective point of view. Here, we decided to use twice this
value to enhance the stream sediment anomalies.

3.4 Mineral Occurrences

For the application of data-driven spatial analysis methods, the area selected for modeling
must contain a satisfactory number of mineral occurrences. In this case, these occurrences
must have sufficiently similar characteristics to be treated as a “descriptive mineral deposit
model” that can be used as a guide when prospecting for new deposits of the same type.
Such mineral occurrences function as exploration guides by means of comparisons and
statistical calculations applied to the set of evidential maps, the occurrences serving as
training points (Bonham-Carter 1994).

The training points used here were extracted from the 1:1,000,000 scale geologic map of
Brazil (Bahia et al. 2004; Faraco et al. 2004). Sixteen gold occurrences are recorded in the
study area. Four of them are associated with secondary gold concentrations (alluvium and
colluvium) and were not considered in this research. The other 12 gold occurrences are
related to host rocks of the Vila Nova Province and associated granitoids (Fig. 3). Two of
them correspond to the Amapari gold mine, for which a metallogenic descriptive model is
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Fig. 6 Classified sub-watershed map generated from DTM. Small yellow circles show the occurrence of
gold recorded by the Brazilian Geological Survey—CPRM (GIS 1:1,000,000)

presented below. The other 10 gold occurrences are inserted in the same geological context
of the Amapari gold deposit and, although they lack of detailed geologic records, they are
assumed to fit within a similar descriptive model.

4 Metallogenic Model

The State of Amapa hosts 112 known gold occurrences. However, only 5 have been
exploited economically as gold mines. The Amapari and Vicente deposits occur in the
southern-central portion of Amapa, whereas the Regina, Salamangone, and Yoshidome
deposits are found in the northern-central sector of the State (Bahia et al. 2004; Faraco
et al. 2004) (Fig. 2).

Groves et al. (1998) summarized the main characteristics of orogenic gold deposits.
They are found in deformed terranes of all ages and metamorphosed at various grades;
they comprise systems of quartz-dominant veins with <3-5% sulfide minerals (mainly
Fe-sulfides). They show a strong structural control, and they exhibit a strong lateral
zonation of hydrothermal alteration phases, including chloritization, carbonatization
sericitization, and sulfidization. The related ore fluids present are of a low-salinity,
aqueous-carbonic nature, with near-neutral pH, and the gold is transported as a reduced
sulfur complex.

Melo et al. (2003), based on these characteristics, classified the Amapari deposit as an
orogenetic gold deposit type developed in a continental collision setting. Gold
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mineralization in this deposit was discovered in 1994 by Anglo American. Gold production
was started in 2005; the mine has been operated as an open-pit mine, with total resources of
54.6 Mt @ 1.65 g/t gold, i.e., 2.9 Moz of gold to date.

The trend of the ore bodies in the Amapari deposit parallels those in the eastern margin
of the Amapari granite. The ore bodies are marked by intense hydrothermal alteration,
mainly silicification, sulfidation, and carbonatization. Gold is associated with sulfides,
largely pyrrhotite and subordinately pyrite, chalcopyrite, pentlandite, arsenopyrite, galena,
and sphalerite. In general, the sulfides occur disseminated and in thin and discontinuous
quartz veins that cut across the host rocks. They also form fine lenses parallel to the
bedding planes of the banded iron formation (BIF). Moreover, the BIF banding is crosscut
by sulfide-bearing veinlets. Sulfides are most abundant in the schists, BIFs, and skarns. The
more intensely sheared the rocks, the higher the sulfide grades, which suggest a structural
control for the mineralization by N-S and NW-SE-striking shear zones (Melo et al. 2003).
Despite the spatial relationship between the mineralization and the Amapari granite,
available geochronologic data for the mineralization (2,118 + 32 Ma (Pb-Pb); Tavares
et al. 2005) and the granite (1,993 4+ 13 Ma (Pb—Pb; Faraco et al. 2005) indicate that they
are metallogenically unrelated (Melo et al. 2003).

The Vicent gold deposit is located to the south of the study area. There gold occurs in
mineralized quartz veins crosscutting metasediments and metavulcanics rocks of the PVN.
These veins are N10°W-trending, in agreement with the regional structural framework.
Gold occurs in fractures, associated with sulfides (pyrite, chalcopyrite, pyrrhotite, arse-
nopyrite, and covellite) and as inclusions in quartz, pyrite, and arsenopyrite (Spier and
Ferreira Filho 1999). Although a model has not yet been proposed for the formation of this
deposit, considering its similar characteristics to the Amapari deposit, it is likely to be of
the orogenic archetype.

5 Spatial Data Analysis and Integration

In data-driven modeling, the spatial association between known mineral occurrences
(training points) and individual datasets (geophysical, geochemical, etc.) is defined com-
putationally in order to determine weights representing the degree of favorability of each
dataset. In contrast, no training points are required in knowledge-driven modeling, but
expert knowledge of both the geology of the study area and the descriptive model of the
mineral deposit are necessary, so that the weights can be determined, albeit subjectively
(Bonham-Carter 1994).

In this work, the following methods were applied: weights-of-evidence (Agterberg et al.
1990; Assadi and Hale 2000; Bonham-Carter et al. 1989; Carranza and Hale 2000; Debba
et al. 2009; Nykidnen and Ojala 2007; Roy et al. 2006; Tangestani and Moore 2001),
artificial neural networks (Bougrain et al. 2003; Lammoglia et al. 2007; Leite and Souza
Filho 2009a, b; Nobrega and Souza Filho 2003; Nykinen 2008; Porwal et al. 2003), and
fuzzy logic (Carranza and Hale 1997; Cheng and Agterberg 1999; Lee 2007; Nykénen
et al. 2008b; Quadros et al. 2006).

5.1 Data Preprocessing
The Amapari deposit is an orogenic gold deposit, and its ore comprises a wealth of

pyrrhotite-rich quartz veins. Considering such specifics, the aeromagnetometric data were
used in two ways. First, the deposits were considered to be associated with sites of high-
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intensity anomalous magnetic field. The map of analytic signal amplitude (ASA) was first
transformed to 8-bit range (i.e., 0-256) in order to speed processing. Secondly, the map of
linear structures interpreted from the aeromagnetic data was used to determine the prox-
imity of the mineral occurrences to the NNW-trending linear magnetic structures. An
isodistance map adopting 250-m intervals around the structures helped determine the
optimum distance for this association. The original gamma-spectrometric data were mul-
tiplied by 100 to transform them into integers, because the WofE algorithm in ArcSDM
requires that data be integer grids. Using 100 as multiplier prevented the original values
from being shortened during the transformation.

These data were selected because they most likely contain information relevant to the
metallogenic model, such as: (1) the mineralization structural control (i.e., gold in the shear
zone—Melo et al. 2003), (2) mineralogical association with predominance of iron sulfides
(pyrrhotite) (Melo et al. 2003), and (3) hydrothermal alteration with potassium and ura-
nium enrichment (Faraco et al. 2003) relative to thorium (according to the geophysical
maps and the WofE method analyses).

5.2 Analysis by Weights-of-Evidence (WofE)

The weights-of-evidence (WofE) technique uses statistical relationships between diverse
data or information layers and known mineral occurrences in order to describe and analyze
the interactions between the various spatial datasets. Predictive models of mineral potential
are generated for a certain region, where the available data are sufficient to estimate the
relative importance of each data or information layer to be used as evidence (Arthur et al.
2005; Bonham-Carter 1994; Raines 1999; Wang et al. 2002).

There are two ways of treating data in the WofE method. One is the categorical method
of calculating weights for data or information represented as non-relational and mutually
exclusive categories in a map. The other is the cumulative method of calculating weights
for data or information represented as relational values (ordinal data, intervals, ratios, etc.)
in a map (Boleneus et al. 2001).

For the geological map, which is a categorical dataset, the results of the calculation of
weights and contrast values (C = difference between the positive and negative weights,
W+ — W—) are listed in Table 1. The map of geologic units was then transformed into a
binary map of favorable lithology based on values of C of each unit: favorable units with
C > 1 and unfavorable units with C < 1. According to Table 1, there is no relationship
between BIFs and the known occurrence of gold, which contradicts the metallogenetic
model proposed for the Amapari deposit that associates the highest gold grades with such
rocks. This is due to the fact that the training points related to the deposit account for the
mine as a whole but do not cover all the rocks found in the mine. This causes an infor-
mation gap when weights are calculated.

The aerogeophysical data used in this study include an image of the analytic signal
amplitude (ASA), images of potassium, thorium, and uranium individual channels, and a
map of linear magnetic structures. The ASA map was treated as a cumulative descending
dataset, in which higher ASA values are considered to represent areas having higher
possibilities of orogenic gold type deposit occurrence. After the calculation of the weights
for the ASA image, a binary evidential map was generated by using the highest contrast
value (C = 1.78) as a class separator, marking the lower threshold for the favorable class.
Gray levels (digital numbers, DNs) falling in the 0-254 interval were grouped in the
outside class and pixels with DNs of 255 in the inside class. Secondly, the weights were
calculated for the map of linear structures as a cumulative ascending evidence (CA).
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In other words, areas closest to the linear structures are taken as the most favorable for gold
deposit occurrence. The isodistance map was then transformed into another binary evi-
dential map by considering areas at distances within and beyond 250 m of linear structures
as favorable and unfavorable, respectively, according to the highest C value of 0.7
(Table 2). The procedures to calculate W+ and W— were applied to the individual gamma-
spectrometric images (Table 3) in order to generate a binary evidential map from each of
them. After the individual datasets were transformed into binary evidential maps, several
tests were carried out in order to find out which of them, when integrated with one another,
would comply with the conditional independence requirements (Agterberg and Cheng
2002).

The input parameters used for WofE modeling were (1) prior probability = 0.00467,
(2) training points = 12, and (3) unit area = 1 km?. The conditional independence ratio
(CIR) test involves the ratio between the number of points used in the test (n) and the sum
of all posterior probability values (7). A CIR below 1 can indicate a condition of
dependence among the binary evidential maps, and for integrated models to be acceptable,
they each must have a CIR higher than 0.85 (Bonham-Carter 1994; Mathew et al. 2007;
Sawatzky et al. 2004). The Agterberg and Cheng conditional independence test
(A&C_CIT) (Agterberg and Cheng 2002) works with the hypothesis that the difference
T — n is null. The test statistics are calculated from the equation (7 — n)/standard devi-
ation of 7. High values indicate that the conditional independence hypothesis is not
appropriate; in other words, the lower the ratio, the better is the model. The results of the
conditional tests of data independence CIR and A&C CIT are 0.90 and 62.5, respectively,
suggesting some conditional dependence among the data. However, even with such a
dependency, none of the tests performed here invalidated the generated models as they
were within the acceptable limits of data dependency published in the literature.

The integrated WofE model that best fitted the conditional independence tests is shown
in Fig. 7a. Figure 7b presents the part of the region where areas have been mapped with a
posterior probability higher than 0.9. These areas are considered to be the most potentially
favorable for gold occurrence and correspond to less than 1% of the study region (Fig. 8).
In the graph shown in Fig. 8, cumulative frequencies of unit cells are plotted against the
posterior probability and the classification thresholds of the posterior probability map
(Fig. 7) defined.

Raines (1999) recommends testing the reliability of the results by checking whether the
known occurrences are located in the most favorable area, a condition assumed as ideal.
The model was superimposed on the training points, but only one point (about 8% of the
total number of points) coincides with the most favorable areas (values above 1.9 times the
a priori probability). The area under the curve (AUC), where the relative cumulative area is
plotted against the relative cumulative number of training sites, measures the precision of
the final map. This yields an estimate of the efficiency of the model in correctly classifying
the training points (Nykénen et al. 2008a). The AUC values were automatically calculated
and transformed into percentages. The efficiency of the model is 76%.

5.3 Analysis by Fuzzy Logic

Another possibility of producing mineral prospectivity maps is the use of mathematical
functions that express the degree of membership of a dataset without the necessity of
training points. This method, which makes use of an expert’s knowledge to define the
relationship between evidence and a mathematical function, is known as fuzzy logic
(Bonham-Carter 1994; Cheng and Agterberg 1999; Karimi and Valadan Zoej 2004;
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Fig. 8 Curve of posterior probability versus cumulative area in the WofE model. The highlighted point
means that less than 1% of the present cells have values above 0.9 for the posterior probability. The dashed
lines represent the limits applied to categorize the posterior probability map into five classes (Fig. 7)

Lee 2007; Luo and Dimitrakopoulos 2003; Nelson et al. 2007; Porwal et al. 2004). The
degree of membership is defined on a continuous scale from 0 to 1, where O and 1 are the
function minimum and maximum values that correspond to full non-membership and full
membership, respectively. The equation below represents a linear function of the fuzzy
membership:

woutput = (¢ — min)/(max — min) (1)

@,

where “u” is a pixel value in an input map and “min” and “max” are the minimum and
maximum values, respectively, in the input map. Other functions can be used to define the
fuzzy membership values, and the choice of which function to use is based on the expert’s
judgment about the significance of an evidential map to the type of mineral deposit
considered in the analysis. This step is called “fuzzification” and is basically the simpli-
fication and standardization of data of a diverse nature into a common scale, so that they
can be integrated simultaneously in a consistent and coherent manner (e.g., Nelson et al.
2007).

The fuzzy membership values are defined according to the classes of the input maps.
The final map is generated by combining the input maps by means of fuzzy operators:
Fuzzy-AND, Fuzzy-OR, Fuzzy-Sum, Fuzzy-Product, or Fuzzy-Gamma (Bonham-Carter
1994; Karimi and Valadan Zoej 2004; Lee 2007; Miethke et al. 2007).

Because it simple to understand and easy to implement, fuzzy logic is considered an
attractive method. It also allows more flexibility in combining input maps, because, instead
of combining input maps in a single operation as in WofE and artificial neural networks
(ANN), the combination of input maps can be performed in a series of steps in an inference
network (flow chart). This inference network is a simulation of the logical processes
associated with mineralization as defined by the expert (Quadros et al. 2006).
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Table 4 Spatial relationships

between geological units and Lithology Fuzzy membership

fuzzy membership values . . .
BIF—oxide and silicate facies 0.9
Calc-silicate rock—skarn 0.8
Schist, amphibolite, and calc-silicate rock 0.8
Quartzite and schist 0.6
Chemical sediment and schist 0.4
Granodioritic gneiss/granodiorite 0.3
Granites and pegmatite 0.3
Trondhjemite-tonalite-granite 0.3
Ortho-amphibolite 0.2
Granite-gneiss 0.2
Para-amphibolites and bio-Qz-schist 0.2
Dioritic gneiss/diorite 0.2

5.3.1 Data Fuzzification

The input data for the fuzzy logic modeling were the geological and sub-watershed maps
and aerogeophysical data. The aerogeophysical data included K, Th, and U channel maps,
ASA and magnetic lineaments maps, which are the same as those used in the WofE
modeling.

5.3.1.1 Geological Map The geological map is a categorical dataset and, therefore, it is
not possible to establish a mathematical function to make it a fuzzy set. However, based on
the metallogenic model, particularly in regard to favorability of certain rock types to host
the type of gold mineralization considered in this study, subjective membership values
between 0 and 1 were attributed to each rock unit in the geological map (Table 4), thus
enabling the fuzzification of the geological map.

5.3.1.2 Geochemistry Similar to the geological map, the map of sub-watersheds classi-
fied according to Au content (Fig. 6) was considered a categorical dataset. The fuzzifi-
cation of such data is shown in Table 5. The value 0.5 was attributed to areas where
geochemical data are lacking.

5.3.1.3 Geophysics Unlike the geological and sub-watersheds maps, the aerogeophysical
data are considered continuous. Suitable fuzzy membership functions can be applied to
represent the relationship between the occurrence of gold mineralization and features in the
geophysical data as depicted in the metallogenic model.

Table 5 “Fuzzification” table

for classified sub-watersheds Description FMSHIP
according to gold content in .
stream sediment samples Anomalous basin > 1 ppm Au 0.9
Non-anomalous basin < 1 ppm Au 0.2
No data 0.5
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Potassium and uranium channels and ASA maps The fuzzification of the maps of K and
U channels and ASA was performed using the large function (Bonham-Carter 1994):

poutput = 1/(1 + (,u/midpoint)fsr’d) (2)
where “p” is a pixel value in a map; “midpoint” is the value in that map to which a fuzzy
membership of 0.5 is attributed, and “spd” is a value that defines the membership spread.
The spread value can vary from O to 10. Smaller values generate graphs with smoother
curves. In this function, the highest fuzzy membership values are attributed to the highest
values in the input map. This function was applied to the maps of K and U channels and
ASA, because values in each of these maps probably represent geological features that are
more favorable for the occurrence of a gold deposit, according to the metallogenic model.

Thorium channel and magnetic lineaments maps The fuzzification of the maps of Th
channels and the maps of distance to magnetic lineaments were performed by means of the
small function (Bonham-Carter 1994):

uoutput = 1/(1 + (,u/midpoint)sl’d> (3)

The small function considers the smallest values to have the highest values of the
membership function (i.e., it is the inverse of the large function). The fuzzification of the
Th map was performed using the small function, because the data show that Th content is
inversely correlated to K and U contents in the study area. The small function was also
applied to the map of distance to magnetic lineaments as the Amapari deposit is struc-
turally controlled.

5.3.2 Fuzzy Operators

After fuzzification, the evidential maps were combined by means of fuzzy operators in
order to generate a prospectivity map. The operators Fuzzy-Sum, Fuzzy-Product, and
Fuzzy-Gamma were used in this work. The Fuzzy-Sum operator is defined as (Bonham-
Carter 1994):

Fuzzy-Sum = 1 — H (1 — pi) (4)
i=1

@,

where “u” is a pixel value in the position “n.” This operator results in values that never
exceed 1 but are always larger than or equal to the largest membership value for every
n location in the individual input maps. For example, the Fuzzy-Sum of input values (0.2,
0.3, 0.7) at a certain location is 1 — (1 — 0.2)*(1 — 0.3)*(1 — 0.7), which equals 0.832.
Similar to the results of the Fuzzy-Or operator, which are controlled by the maximum
value per location in the input data, the results of the Fuzzy-Sum operator exhibit a
maximizing effect.

The Fuzzy-Sum operator was used to integrate the fuzzy evidence of Au stream sedi-
ment values in sub-watersheds with the fuzzy evidence of the geological map in order to
represent the contribution of the two evidential maps in the model, mainly because of the
association between schists, BIFs, and skarns with the highest gold grades (Melo et al.
2003). In this way, the two evidential datasets reinforce one another to give better infor-
mation than that obtained when they are used separately.
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The Fuzzy-Product operator is defined (Bonham-Carter 1994) as:

n
Fuzzy-Product = H wi (5)

i=1

where “pi” is the pixel-to-pixel fuzzy membership value of the data to be combined. The
map generated contains values that are always less than or equal to the minimum value per
location in the individual input maps, due to the multiplication of several numbers < 1. For
example, the Fuzzy-Product of input values (0.2, 0.3, 0.7) at a certain location is
(0.2)*(0.3)*(0.7), which equals 0.042. Likewise, the results of the fuzzy-and operator are
controlled by the smallest value per location in the individual input maps, and the results of
the Fuzzy-Product exhibit a minimizing effect. An advantage of using the Fuzzy-Sum and
Fuzzy-Product operators is that the integration result carries a contribution from all input
data, unlike the situation when using the Fuzzy-And and Fuzzy-Or operators. The Fuzzy-
Product was employed to combine data of similar nature—gamma rays data (K, Th, and U)
and magnetic data (ASA and lineaments).
The Fuzzy-Gamma operator is defined as (Bonham-Carter 1994):

Fuzzy-Gamma = (Fuzzy-Sum)’ - (Fuzzy-Product)' ™ (6)

where 7 is a parameter that varies from O to 1. When gamma () equals 1, the operator is
the same as the Fuzzy-Sum; when 7 equals O, the operator is the same as the Fuzzy-
Product. Intermediately, y values define the importance of each operator in the final result.
This is the most meaningful operator for the generation of prospectivity maps because it
tends to smooth the Fuzzy-Product minimizing effect and the Fuzzy-Sum maximizing
effect.

After the data were combined using the Fuzzy-Sum and Fuzzy-Product operators as
described earlier, the Fuzzy-Gamma operator was applied to combine those three inter-
mediate integration results. The following were used to develop the model: Fuzzy-Sum of
the geological and sub-watersheds maps, Fuzzy-Product of the magnetic data, Fuzzy-
Product of the gamma-spectrometric data and y = 0.45.

The locations of known gold occurrences were draped over the final fuzzy model in
order to visualize its ability to pinpoint areas that are of interest for future gold exploration
(Fig. 9).

Four principal sectors were mapped as having higher prospectivity for gold according to
the model (Fig. 9). The anomalies observed in Sector 1 and 4 are elongated according to
the regional NW structural trend and are close to other known gold occurrences. Sector 2 is
semicircular and associated with a magnetic high and the presence of BIFs, chemical
sediments, and schists. Sector 3 comprises prospective areas related to the Amapari mine
and surroundings. The remaining training points, related to gold traces, are located in the
domains that are less favorable for the occurrence of gold mineralization.

5.4 Analysis by Artificial Neural Networks (ANN)

The ANN method consists of an adaptive computational system that, by means of artificial
intelligence, provides pattern recognition or data classification with the objective of con-
ducting specific tasks, such as the spatial relationship between known gold occurrences and
exploration data to produce mineral potential maps (Bougrain et al. 2003; Leite and Souza
Filho 2009a, b; Nobrega and Souza Filho 2003; Porwal et al. 2003). Some properties make
the neural networks a technique suitable for pattern recognition and classification of spatial
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Fig. 9 Fuzzy logic prospectivity map draped over the JERS-1 SAR imagery. Areas comprising important
targets are delineated by boxes labeled 1-4

data: (1) the ability to extract hidden patterns that may not be perceptible to humans or to
traditional statistical techniques; (2) the capacity to analyze data without the need of
previous information or a mineral deposit model; (3) the possibility of working with noisy,
limited, interdependent, or non-linear data; (4) the possibility of continuous addition of
new data; and (5) the capacity to analyze large datasets (Brown et al. 2000; Lammoglia
et al. 2007; Nobrega and Souza Filho 2003).

Artificial neural networks simulate the human brain in terms of organizational logic, the
neurons being interconnected by weighted links that indicate the strength of each con-
nection. The basic structure of an ANN is composed of a n-dimensional input layer (where
n = evidential maps), an output layer (a mineral occurrence prospectivity map), and one or
two hidden layers representing mathematical functions that establish the weights of the
individual input data with respect to the output. This recognition process uses training
points that offer the means to identify patterns. The recognized patterns are then stored and
distributed by means of weight values (Leite and Souza Filho 2009a, b). Compared to
WofE, the ANN technique does not require a large number of training points to evaluate
the influence of the evidential maps in the prospectivity map. Compared to fuzzy logic,
which requires expert knowledge of a metallogenic model for assigning weights to the
data, the ANN does not require a well-defined metallogenic model for the type of mineral
deposit under examination. Provided that the quality of the datasets is good, the ANN
technique is capable of yielding relevant results for areas where records of mineralization
occurrence are scarce or the metallogenic model is poorly defined. Another advantage of
the method is its capability to analyze all data simultaneously (Bougrain et al. 2003).
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To demonstrate the ability of ANN modeling, three data training and classification
systems that are available in the ArcSDM software were used in this study: fuzzy clus-
tering (FC), radial basis functional link network (RBFLN), and probabilistic neural net-
work (PNN).

The FC is a very fast unsupervised classification method by neural networks. Clustering
of similar classes (fuzzy clusters) is performed with no need for training points, thus
characterizing it as an unsupervised technique. The number of clusters can be adjusted by
the user by the elimination of small, insignificant clusters. This step corresponds to data
training. From this step on, classification of the whole image is carried out automatically
(Lammoglia et al. 2007; Looney and Yu 2000).

The RBFLN is a supervised method that requires training points for both known
mineralized and known non-mineralized areas for the deposit type of interest. The structure
of this system is composed of three layers: input, middle, and output. The input layer
represents a number of evidential maps (feature vector maps), where each evidence can be
defined as an index vector (feature vector). In the middle layer, radial Gaussian functions
are established in order to define equal values for the vectors positioned at equal distances
to the center of this base (Lammoglia et al. 2007; Looney and Yu 2000; Porwal et al.
2003). The best results occur when the number of radial basis functions is large enough to
cover the whole area of the feature vector map. Therefore, a large number of training
vectors (training points) is necessary because each vector is the center of the radial basis
function; in other words, the more vectors, the better is the function accuracy. Despite
better results being obtained with a larger number of functions, there is a risk that RBFLN
may focus on a specific characteristic of a single training vector and thereby reduce its
capacity to generalize the feature vector maps (Porwal et al. 2003). According to Sawatzky
et al. (2004), in theory, the number of training points represents the number of radial
functions. Nonetheless, this number can be modified interactively by the analyst. The
classification steps come after the definition of these parameters.

The probabilistic neural network (PNN) is also a supervised classification method.
Compared to RBFLN, the training points used in PNN correspond only to known min-
eralized areas. The structure of a PNN is also composed of three layers: input, middle, and
output. The input layer consists of N nodes, one for each index vector (feature vectors).
The middle layer receives information from all input nodes and is associated with a
Gaussian function centered on the input vector corresponding to a certain class. The output
layer receives the Gaussian function values belonging to the same class in the middle layer.
Finally, these functions are summed to create the probability density function. This method
involves the reduction in training vectors. This reduction is made by the analyst from the
definition of a threshold between medium distances of index vectors (Sawatzky et al.
2004).

The same sets of evidential data used in the WofE analysis were combined using each of
the ANNs described above in order to derive two sets of mineral potential models: (1)
Model 1: geology, distance to magnetic lineaments, K, Th, U, and ASA and (2) Model 2:
fuzzified geology, distance to magnetic lineaments, K, Th, U, and ASA. For simultaneous
analysis by the neural nets, data from different sources must be combined, resulting in a
map containing all clustered evidence (i.e., a feature vector map). The deposit points
employed in the application of RBFLN and PNN were the same training points as used in
the WofE technique. The non-deposit points used in the RBFLN were extracted from
unfavorable sites of hosting gold deposits mapped by the WofE method, considering the
characteristics of the original data. After preprocessing, the three ANN systems and the
mineral prospectivity maps derived from them were tested. The best model was determined
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by analysis of the training parameters and classification accuracy of each system (Tables 6,
7, 8,9, 10).

Table 6 shows that the FC model 2 (Fig. 10) is more accurate than the FC model 1 (not
shown). Both the RBFLN model 1 (Fig. 11) and the PNN model 1 (Fig. 12) display better
classification accuracies than their model 2 counterparts (Tables 8, 10).

Table 6 Fuzzy clustering: training

Threshold value Number of clusters Clustering validity®
Model 1 1.0 2 1.309
Model 2 1.0 2 1.178

The bold value represents the optimum clustering validity
* Lower values relate to better clustering consistency

Table 7 RBFLN: training

No. of radial No. of Minimum Maximum MSE® SSE®
basis functions iterations fit to class® fit to class®
Model 1 50 200 0.0030 1.06 0.09 2.00
Model 2 50 200 0.0004 1.16 0.09 1.97

The bold values represent the optimum results for each parameter

? The minimum and maximum fit to class indicated the adjustment of the training vectors not related to the
class and related to the class, respectively. The values of the minimum fit to class should be closer to 0 and
the maximum closer to 1 whenever possible

® The mean square error (MSE) and the sum of squared errors (SSE) should be as low as possible

Table 8 RBFLN: classification

Minimum classification error Maximum classification error MSE SSE
Model 1 0 2.61 0.12 19,325
Model 2 0 2.65 0.12 19,645

The bold values represent the optimum results for each parameter
See the footnotes of Table 7

Table 9 PNN: training

PNN parameter Minimum fit to class Maximum fit to class MSE SSE
Model 1 0.4 0.14 1 0.39 8.59
Model 2 0.4 0.26 1 0.34 7.41

The bold values represent the optimum results for each parameter
See the footnotes of Table 7
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Table 10 PNN: classification

Minimum fit to class Maximum fit to class MSE SSE
Model 1 0.06 1 0.04 6,956
Model 2 0.06 1 0.06 9,152

The bold values represent the optimum results for each parameter
See the footnotes of Table 7
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Fig. 10 Fuzzy clustering model 2 prospectivity map draped over the JERS-1 SAR imagery

5.5 Validation of the Models

The areas with potential for gold deposits that are identified in the models generated via
WofE, fuzzy logic, PNN, and FC are also identified in the RBFLN. However, the model
generated via RBFLN (Fig. 11) identifies several other areas with potential for gold
occurrence that are not depicted by the other models. This means that the RBFLN model
(Fig. 11) delineates more new target areas for further exploration of gold in the region,
whereas the target areas defined by the other models are mostly the same as those con-
taining the known deposit occurrences. Consequently, the gold prospectivity map derived
via RBFLN was considered as a primary map to be used in the field for targeting the
potential occurrence of gold that is not restricted to the known mineralized areas.
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Fig. 11 RBFLN model 1 prospectivity map draped over the JERS-1 SAR imagery

During a field trip to the Ampari mine, several deformed and strongly altered rocks
consisting of pegmatites, schists, and BIFs (Fig. 13a) were observed. They show sub-
vertical to vertical foliation. Sulfide mineralization is conspicuous along deformed beds of
the BIFs (Fig. 13b). The locations of open pits, which follow a N-S trend in the map (TAP
ABI, TAP AB2, TAP C, and Urucum pits) and a NW trend (TAP D pit) were also mapped
in the field and are shown in Fig. 14. In addition, numerous areas identified by the RBFLN
model 1 to be favorable for gold occurrence coincide with areas delineated by previous soil
geochemical campaigns, conducted by the MPBA mining company, as geochemically
anomalous for gold (Fig. 15).

6 Discussion

One of the conditions necessary for the application of data-driven spatial modeling tech-
niques is to have training points of good quality and sufficient in quantity to represent the
mineral deposits of interest in a certain region. Even though only a few training points are
available for this work (only two points are in fact associated with active gold mines), the
results were considered plausible and interesting for regional exploration.

The model generated via WofE complied with the data independence conditions
required by such a method. The prospectivity map was very restrictive; 99% of the study
region has posterior probabilities less than 0.05 for the occurrence of gold. The area
mapped via WofE as highly potential for gold is associated with the Amapari mine, mainly
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Fig. 12 PNN model 1 prospectivity map draped over the JERS-1 SAR imagery

Fig. 13 Field aspects of gold mineralization in the study area. a From left to right: schists (pink and
orange), pegmatites (white) and BIFs (dark gray) (pit TAP AB2—Fig. 15). b Sulfide mineralization in the
BIFS

in the domains of BIFs, skarns, and calc-silicate rocks and with a N-S strike, which agrees
with the descriptions of mineralized bodies verified in the area (Rosa-Costa et al. 2003).
Therefore, despite the limitations of WofE for regions where data and knowledge on
mineralization are scarce, the method yielded satisfactory results.

The models used in the fuzzy logic method presented the best results when the gamma
operator was applied with a gamma value of 0.45. As in the WofE method, the targets are
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Fig. 14 Limits of open pits of the Amapari mine: Urucum (), TAP C (2), TAP AB2 (3), TAP ABI (4),
TAP D (5) (see text for explanation) draped over the RBFLN prospectivity map

well defined, here including four significant sites. The first occurs associated within the
domains of the Amapari mine, in the central portion of the area. The second and third are
located in the northern portion of the area. One is semicircular, associated with a magnetic
high and BIFs, chemical sediments, and schists. The other is close to two known gold
occurrences; it is hosted by quartzites, chemical sediments, and schists, displays an
elongated shape that agrees with the trend of the regional structure and it flanks grano-
diorite, granodioritic gneiss, and trondhjemite-tonalite-granite bodies to the east. The
fourth site occurs in the southeastern portion of the area and it is close to a known gold
occurrence. This body is also elongated according to the regional structural trend and is
associated with magnetic highs and BIFs, chemical sediments, and schistose rocks.

The ANN classification method also yielded relevant results. Two models were gen-
erated, differing only by the use of a fuzzyfied geological map (model 2). Model 2 supplied
the best results from the analysis of the training and classification parameters for the FC
system and model 1 for the RBFLN and PNN systems. As opposed to the PNN and FC
systems, the RBFLN generated the highest possibility of most favorable areas. The PNN
and FC methods were more restrictive and visually similar.

The areas mapped as favorable to mineralization by the neural networks method
coincide with those mapped by the WofE and fuzzy logic methods, including new targets
associated with BIFs in the central-southern portion of the area (PNN and RBFLN systems)
and with schists, amphibolites, and calc-silicate rocks that outline the granodiorite and
granodioritic gneiss in the central portion of the area (RBFLN system). The quality of the
results is associated with the input data attributes, namely a 1:100,000 scale geologic map
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Fig. 15 RBFLN prospectivity map and areas recognized by the MPBA mining company to contain
geochemical anomalies of Au in soil: (/) Abacate prospect, (2) Sucuriju target, (3) Gaviao/Cumaru prospect,
(4) Batata target, (5) Josefa target, (6) Timbo target, (7) Urucum Leste target, (8) Urucum Oeste target, (9)
Bananeira target, (/0) Janaina target, (/1) Tapereba Sul target, (/12) Vila do Meio target, (/3) Igarapé do
Brago target, (/4) Cupixizinho target

and aerogeophysical data of high sampling density, which is one of the premises for the
success of the classification methods.

The Amapa region is one of the last exploration frontiers in the Brazilian Amazon. The
choice of this study area and the dataset employed in this research are suitable for dem-
onstrating the problems faced by exploration geologists to define target areas in “green
fields,” where only a few gold deposits and the occurrence of archetypal mineralization of
interest are known. Due to the lack of availability of a satisfactory number and distribution
of training sites, the reliabilities of the WofE and ANN models are questionable. Clearly, in
these circumstances, the unsupervised (knowledge-driven) fuzzy logic method is the most
appropriate modeling approach. The results based on fuzzy logic and fuzzy clustering
methods, although revealing ill-defined new targets, are the ones most likely to be geo-
logically meaningful because such methods do not require training data of locations of
occurrences of the deposit type. However, it must be pointed out that a comparison
between the prospectivity maps yielded by both WofE and ANN methods with the fuzzy
methods shows a plausible resemblance in the overall results obtained by all models. This
signifies that the training points, although small in number, describe a coherent signature
for the deposit model.

Tables 11, 12, and 13 present a summary of the evidence and analysis criteria for these
three modeling methods.
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Table 11 Summary of the evidence and analysis criteria for the WofE method

Criterion Description W+ S(W+) W-— S(W—-) C S(C) Stud_Cnt Weight
Presence of Calc-silicate 492 1.28 —-0.09 0.3 5 1.31 3.82 4.92
training points rock—Skarn
in the units Schist, 1.64 1.01 —-0.07 0.3 1.17 1.06 1.62 1.64
amphibolite
and
calc-silicate
rock
Proximity to Up to 250 m 0.35 0.38 —0.35 045 0.7 059 1.19 0.35
NNW linear of lineaments
structures
High magnetic =~ Above 0.942 1.17 1.01 —-0.07 0.3 1.78 1.06 1.69 1.71
nT/m
High potassium  Above 1.07% 1.27 1.01 —0.06 0.3 133 1.05 1.26 1.27
High uranium Above 7.02 ppm 1.59 0.3 —0.07 0.3 1.66 1.06 1.58 1.59
Low thorium Below 825 ppm 0.6  0.36 —0.64 0.3 1.25 0.61 2.03 0.6

The highest weights are those that most influence the model

Table 12 Summary of the evidence and analysis criteria for the fuzzy logic method

Evidence — Criterion Fuzzification Method Fuzzy Operator Gamma Operator
Geological map — Rocks
with the highest levels of Categorical Sum (geol. + basins)
gold SUM
+
Basins map — Anomalous c cal
Basins (> 1pppm Au) ategorica Product (magnetic datas)
imi i +
Proximity to NNW linear Small Function
structures PRODUCT Product (gamma datas)
High magnetic Large Function I
High potassium Large Function Gamma = 0.45
High uranium Large Function PRODUCT
Low thorium Small Function

Table 13 Summary of the evidence and analysis criteria for the ANN method for models 1 and 2

Evidence Criterion Classification Model Evidence Criterion Classification Model
Geological Map Geological Fuzzy Map
NW linear magnetic NW linear magnetic
structures map RBFLN structures map
Analy}lcal S}gnal map Ana]yFlca] S}gnal map FUZZY CLUSTERING
Radiometric map — Radiometric map -
potassium PNN potassium

Radiometric map — thorium
Radiometric map — uranium

Radiometric map — thorium

Radiometric map - uranium

Model 1

7 Conclusions

Model 2

The use of spatial data modeling methods requires some conditions to hold for their
application: (1) a large quantity of training points (WofE), (2) a database of good quality
(mainly ANN), and (3) a good understanding of the metallogenetic model of the study area
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(fuzzy logic). Even if the first condition was not complied with here, the results were
considered to be satisfactory. Previously, known areas were mapped (Amapari deposit) and
other targets identified.

The gold prospectivity maps, which were generated by these three spatial modeling
techniques, are included in the publicly available ArcSDM software. The methods yielded
very similar results, except for the RBFLN classification system, which generated a larger
quantity of exploration targets.

Field work was carried out in order to validate the models. This showed the success of
using indirect methods in mineral exploration, even in a region where little is known about
the geology and the information on mineral potential is scarce. The Amapari mine open
pits were visited during the field work, and the superposition of these occurrences on the
prospectivity map showed that the pits are located in regions with the highest potential of
gold occurrence. It was also possible to observe that the most favorable areas identified in
the map coincide with the soil geochemical anomalies for gold.
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