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Introcuction

U Critical Minerals

A metallic or non-metallic element can be considered critical if it meets criteria such

as Economic Importance / Supply Risk / Lack of Substitutes.

The Critical Minerals to

China, EU, and
U.S. Security

Governments formulate lists of
critical minerals according to their
industrial requirements and strategic
evaluations of supply risks.
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- China leads in mineral processing,

° C h I n a caontrolling 100% of the world's
refined supply of natural graphite,

over 90% of manganese, 70% of
cobalt, nearly 60% of lithium, and
40% of copper refining.

Did you know?

Critical Minerals are used in a variety of goods and
products, many of which can be found in our homes
and daily lives
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Introduction

Mineral requirements for the energy transition
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Geological Setiing of NSW

UThe host rocks:

volcanic and intrusive rocks formed in 2

tectonically active subduction zones,
especially andesites, diorites,
granodiorites, and tonalites

UThe age of formation:
Ordovician to Early Silurian

UAlteration :
Potassic alteration
Phyllic (sericitic) alteration
Argillic alteration
Propylitic alteration
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Step 1: Data Layers and Features
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Step 2: Training Data File
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Step 3: Forecast and Assesment
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Our Frameworlk

Innovations:

1)

2)
3)

First-time implementation in NSW for the
exploration of porphyry mineralisation.
Developed a database with over 800 features.
Applied a size-based weighting (case-sensitive
learning) system to enhance the robustness of

our exploration model.

Strengths :

1)

2)

Used PU Bagging to improve reliability and
accuracy in identifying porphyry mineralisation.
Employed Random forest classifier to handle
data noise, list important features, train the
model using a mixture of categorical and

numerical features.

Extracting features for
mineral occurrences

Extracting features for

random (unlabeled) samples )

Raster and vector datasets

Preprocessing data and
creating data layers

Step 1:

Creating features and
> generating random,
unlabelled samples

Data Collection

Obtaining the coordinates of
positive samples (mineral
occurrences) and unlabelled
samples.

Step 2:

Concatenating all features

Extracting features for
mineral occurrences

Extracting features for
random (unlabeled) samples

Concatenating all features

A

Concatenating all features
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creating the predictive
model
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Step 3:

Generating target points and
setting the sample
resolution

Forecasting and Assessment
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»| extract values of features at
target points

Step 4:
Prospectively Map
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Step 4: Mineral Prospectivity Map (MPM)
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Porphyry Mineralisation
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