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1. Transductive support vector machine (TSVM)
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1. Support Vector Machine (SVM)
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Fig. 1. A: Distribution of volcanic rock units and location of the Lut block in eastern Iran, and B: Simplified geological
map of the Dehsalm study area (Akrami and Naderi Mighan, 2005)
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Fig. 2. Comparison of the decision boundary identified by A: supervised SVM, and B: semi-supervised SVM
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Table 1. The available datasets used for porphyry Cu-Au potential modeling in Dehsalm study area

Exploration data sets (used to extract input
data layers)

Descriptions

Lithological setting

Structural setting

Geochemical setting

Aster satellite imagery data

Airborne magnetic data

Mineral occurrences

Digital elevation model (DEM)

1:100,000 geological map sheet, used to classify host and other
important lithologies

Faults and Lineament extracted from 1:100,000 geological map

843 stream sediment samples analyzed for Cu, As, Sb, Pb, Zn and
Mo (no Au analysis)

4 scenes (AST-L1T), used for alteration mapping

with 500m distance flight lines, 2500m tie lines and 400m flight
height

20 copper-gold occurrences

Used to create 410 catchment basins
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Table 2. Characteristics of mineral system model and exploratory criteriafor porphyry Cu-Au MPM in Dehsalm area

Tar_get!ng Spatial proxy Rationale Procedures Used
criteria
A) SOURCE
Most porphyry Cu-Au deposits worldwide 1) Euclidean distance calculated
are formed in association with subduction- from intrusive rocks, including
. Proximity to related calc-alkaline magmas and occur diorite-granodiorite and
Granitic to o . . : . .
intermediate diorite- spatially in magmatic arcs (Sillitoe, 1972). monzonite,
ntrusive granodiorite A wide variety of intrusive rocks with 2) Euclidean distance calculated
and monzonite dioritic to granitic compositions are from dacite & rhyodacite rocks 3)
spatially and genetically associated with, or Euclidean distance cal cul ated
host, porphyry deposits (John et a., 2010). from rhyolite rocks (Fig. 3B).
B) PATHWAYS
Severa types of wall-rock ateration (e.g., b The band ratio mgthod was
- o . . applied on ASTER imagesto
1) Proximity to argillic, and iron-oxide (gossan) .
. . . detect hydrothermal alteration,
ateration characterize porphyry Cu-Au depositsand . : .
. including argillic (b4/b5)* (b8/b6)
(argillic- Fe-  may extend upward and outward for several . .
Hydrothermal . . and Fe-oxide (b4/b2) alterations
A Oxide) kilometers from the center of the . .
fluids . . - o . and Euclidean distance calculated
2) Proximity to  mineralization (Sillitoe, 2010). Mapping of from alteration zones (Fig. 3E-F)
altered acidic therelated alteration can be used as the g '

volcanic rocks

evidence of passage of hydrothermal fluids
from the presence of alteration signatures.

2) Euclidean distance calculated
from the altered acidic volcanic
rocks (Fig. 3A).

1. Gaussian Radial Basis Function (RBF)
2. Correct classification rate
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Table 2 (Continued). Characteristics of Mineral System model and exploratory criteria for Porphyry Cu-Au MPM in
Dehsalm area

Targeting Spatial proxy Rationale Procedures Used
criteria

B) PATHWAYS

Intrusions associated with porphyry copper-gold

. A . . Airborne magnetometer
deposit contain abundant igneous magnetite and 0

data were analyzed and

Sub-surface  Proximity to high produce greater quantities of hydrothermal . .

. . . . . . . Euclidean distance from

intrusive magnetic magnetite during early potassic alteration (Clark, : .
. e : reduction to pole magnetic

bodies anomaly 2014). Hence, proximity to the magnetite .

anomalies can detect the early potassic alteration (RTP) filter were calculated

. yp (Fig. 3D) (Clark, 2014).

in porphyry systems.

C) Deposition

1) Stream catchment basin
(SCB) extracted from
digital elevation model file
in GIS software,

' ' o 2) Stream sediment
The suite of important geochemical indicator catchment basin analysis

Favorable elements for prospecting porphyry Cu-Au deposit
catchment basins  is Cu-As-Sh-Mo-Zn-Pb (Y ousefi and Carranza, wes (o(l;);r?az:]szwgigi)ed by
Pathfinders anomaly of 2015z; Sillitoe, 2010). Therefore, in this study “a, R
. . . 3) Thefuzzy “Or” operation
elements signature element  sample catchment basin (SCB) modeling method
(Cu, Pb, Zn, Mo,  was employed to portray geochemical anomalies was used to generate the
ST Pioy portray g enhanced geochemical

Asand Sh) as ch:r(lld celali rt]ra?es forC gruraAn; przoggg)ctlvny signature as Mo+ Ast Sb
g{&g & ' and Cu+ Pb+ Zn
combinations,

3) Euclidean distance
calculated from anomalous

basins (Fig. 4).
In porphyry systems, generally the major faults Euclidean distance
Structural act as pathways and the subsidiary fractures are calculated from structural
Lineament featUres the mineralization zones (Sillitoe, 2010). So, in features (Fig. 3C)

this study proximity to the local faultsisused as
trap proxy for metal deposition.
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Fig. 3. Continuous weighted evidence layer for porphyry Cu-Au potential modeling in Dehsalm area, A: proximity to

altered volcanic rocks, B: proximity to intrusion volcanic units, C: proximity to faults, D: proximity to RTP magnetite

anomalies, E: proximity to Fe-oxide ateration, and F: proximity to argillic alteration
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Dehsalm area, A: Copper, B: Molybdenum, C: Lead, and D: Arsenic, E: Zinc and F: Antimony
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Fig. 9. Evidences of mineralization in delineated target zones in Dehsalm area; A: general view of the study area, B:
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Introduction

The identification of potentially mineralized areas
has progressed with the use and interpretation of all
available exploratory data in the form of mineral
potential modeling (MPM) (Y ousefi and Nykénen,
2017). Recently, machine learning methods have
been a popular research topic in the field of MPM
((Chen and Wu, 2016). Machine learning
algorithms that have been used in MPM generally
fall into the categories of being supervised or
unsupervised. Supervised models, use the location
of the known mineral occurrences as training sites
(or labeled data). Therefore, these models suffer
stochastic bias and error (Zuo and Carranza, 2011).
Unsupervised models classify mineral
prospectivity of every location based solely on
feature statistics of individual evidential datalayers
((Abedi et al., 2012). The semi-supervised learning
models ae a hybrid of supervised and
unsupervised learning model s that use both labeled
and unlabeled data to extract the hidden structure
of the data, aswell asthe relation between the input
exploration layers and the output labeled data
(Fatehi and Asadi, 2017).

The Dehsalm study area forms a part of the Lut
metallogenic block of eastern Iran, which is
characterized by the subduction zone setting and
extensive magmatism (Beydokhti et al., 2015). The
objective of this research is to present a
prospectivity model to delineate exploration target
areas for porphyry Cu-Au mineraization in the

study area. For generating a prospectivity model,
we used TSVM adgorithm, a semi-supervised
learning integration technique, to identify the
anomalous areas related to the porphyry Cu-Au
mineralization. The input layers are selected based
on aconceptual model for porphyry Cu-Aumineral
system. The performance of the minera
prospectivity maps (MPMs) is evaluated using the
various techniques, including the receiver
operating characteristic (ROC) curve, an area
under curve (AUC) metric.

Materials and methods

To apply a process-based understanding of
porphyry copper-gold deposit system on the
mapping of prospectivity, a conceptual model must
be first developed (Fatehi and Asadi, 2017). Such
a model should depict critical scale-dependent
processes involved in the minera deposit
formation, and a mineral system approach can be
followed to aid understanding where, when and
why mineral deposits form (Parsaet al., 2016).
The spatial data sets used to model porphyry Cu-
Au prospectivity of the study area include
geological, remote sensing, geophysical, and
geochemical data. In this study, semi-supervised
support vector machine (TSVM) prospectivity
technique is utilized to model porphyry Cu-Au
target areas. The TSVM is an extension of SVM
that uses the unlabeled data to improve the
performances of the classifier. The aim of TSVM
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algorithm is to find the decision hyper-plane
subject to maximize the margin distance in labeled
and unlabeled data.

Result

In the present study, TSVM and SVM modelswere
applied to Cu-Au prospectivity modeling in the
study area. The models were trained based on the
location of known Cu-Au mineradization
occurrences and non-deposit location using €1071
packagein R open-source statistical software (70%
of the labeled data were used in training and 30%
in the testing phase of learning in both algorithms).
The RBF kernel function were used and the
optimal values of the kernel parameters were
assessed using a10-fold cross-validation procedure
and the best learning performance was selected by
correct classification rate. The output of the models
highlighted the target areas for porphyry Cu-Au
mineralization in the study area. The receiver
operating characteristics (ROC) analysis shows
that both models perform well, however, the
TSVM mode yields the best performance.

Discussion

To identify exploratory target areas on a regional
scale, various supervised and unsupervised
approaches have been developed in minera
potential modeling. Supervised methods such as
SVM use labeled data to classify exploratory
datasets. In this research, a new semi- supervised
learning method, TSVM, was applied to model the
mineral  potential  for  porphyry  Cu-Au
mineralization in the Dehsalm exploration zone.
The introduced target areas by TSVM method,
within the known mineral indices, covered smaller
areas than targets identified by SVM model, so
planning the detailed exploration phase will be
optima. The result of this research
demonstrates the superiority of the semi-
supervised learning method
in identifying the target areas for planning the
exploratory operations.
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