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 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.

2Source: IRENA, The U.S. Department of Energy
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The host rocks:
volcanic and intrusive rocks formed in 
tectonically active subduction zones, 

especially andesites, diorites, 
granodiorites, and tonalites

The age of formation:
Ordovician to Early Silurian 

Alteration :
Potassic alteration

Phyllic (sericitic) alteration 
Argillic alteration

Propylitic alteration 

Structure Control:
Fault zones 

Fracture networks 
Dilational zones
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a) Geological maps: Metamorphic faces (AF: Amphibolite 
facies, GlF: Granulite facies, SF: Subgreenschist facies, UG: 
Upper Greenschist); 

Source: MinView Website /CSIRO Data Access Portal

 Geological Maps

 Geophysical Data

 Satellite Images

 Digital Elevation Model

b) GVG: Gravity Vertical Gradient
c) Rad K Ratio: Radiometric potassium ratio
d) TMI-RTP: Total Magnetic Intensity Reduced to the Pole
e) DEM: Digital Elevation Model. 
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827 Features

Generating unlabelled samples 
and a training data file 

Concatenating 
labeled and 

unlabeled features

Removing missing values 
and highly correlated >0.7 
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Accuracy (138 features) F1 Score Accuracy 
(Positive Samples)

0.954 0.877 0.923
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Accuracy (26 features) F1 Score Accuracy 
(Positive Samples)

0.957 0.884 0.923
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Innovations:

1) First-time implementation in NSW for the 

exploration of porphyry mineralisation.

2) Developed a database with over 800 features.

3) Applied a size-based weighting (case-sensitive 

learning)  system to enhance the robustness of 

our exploration model.

Strengths :

1) Used PU Bagging to improve reliability and 

accuracy in identifying porphyry mineralisation.

2) Employed Random forest classifier to handle 

data noise, list important features, train the 

model using a mixture of categorical and 

numerical features.  
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Feature Importance

Standard deviation of the total magnetic 
intensity grid with the first vertical 
derivative applied

0.209

Mean of the total magnetic intensity grid 
with the first vertical derivative applied

0.087

Metamorphic Facies (Tabberabberan 
Greenshist facies)

0.087

Maximum of gravity grid of the Complete 
Spherical Cap Bouguer Anomaly with 
the tilt derivative enhancement

0.080

Correlation of 
AlOH_group_composition_

0.064

Distance to Unconformities in 
Metamorphic Boundaries

0.062

Distance to Faulted boundaries within 
the Lachlan Fold Belt

0.054

Standard deviation of grid illustrating the 
ratio of thorium to potassium 
concentrations from radiometric data 

0.034

Mean of reduced-to-pole magnetic grid 
transformed into pseudo-gravity data

0.034

Distance to intrusive boundaries 0.031
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12Seismic Tomography Data Source: (Y. Chen et al., 2023). 



13

Carranza, E. J. M., & Laborte, A. G. (2015). Random forest predictive modeling of mineral prospectivity with small number of prospects and data with missing 
values in Abra (Philippines). Computers & Geosciences, 74, 60–70. https://doi.org/10.1016/j.cageo.2014.10.004

Carranza, E. J. M., & Laborte, A. G. (2016). Data-Driven Predictive Modeling of Mineral Prospectivity Using Random Forests: A Case Study in Catanduanes Island 
(Philippines). Natural Resources Research, 25(1), 35–50. https://doi.org/10.1007/s11053-015-9268-x

Davies, R. S., Davies, M. J., Groves, D., Davids, K., Brymer, E., Trench, A., Sykes, J. P., & Dentith, M. (2021). Learning and Expertise in Mineral Exploration 
Decision-Making: An Ecological Dynamics Perspective. International Journal of Environmental Research and Public Health, 18(18), 9752. 
https://doi.org/10.3390/ijerph18189752

Farahbakhsh, E., Maughan, J., & Müller, R. D. (2023). Prospectivity modelling of critical mineral deposits using a generative adversarial network with oversampling 
and positive-unlabelled bagging. Ore Geology Reviews, 162, 105665. https://doi.org/10.1016/j.oregeorev.2023.105665

Glen, R. A., Quinn, C. D., & Cooke, D. R. (2012). The Macquarie Arc, Lachlan Orogen, New South Wales: its evolution, tectonic setting and mineral deposits. 
Episodes, 35(1), 177–186. https://doi.org/10.18814/epiiugs/2012/v35i1/017

Jooshaki, M., Nad, A., & Michaux, S. (2021). A Systematic Review on the Application of Machine Learning in Exploiting Mineralogical Data in Mining and 
Mineral Industry. Minerals, 11(8), 816. https://doi.org/10.3390/min11080816

Khakurel, J., Penzenstadler, B., Porras, J., Knutas, A., & Zhang, W. (2018). The Rise of Artificial Intelligence under the Lens of Sustainability. Technologies, 6(4), 
100. https://doi.org/10.3390/technologies6040100

Lachaud, A., Adam, M., & Mišković, I. (2023). Comparative Study of Random Forest and Support Vector Machine Algorithms in Mineral Prospectivity Mapping 
with Limited Training Data. Minerals, 13(8), 1073. https://doi.org/10.3390/min13081073

Long, T., Zhou, Z., Hancke, G., Bai, Y., & Gao, Q. (2022). A Review of Artificial Intelligence Technologies in Mineral Identification: Classification and 
Visualization. Journal of Sensor and Actuator Networks, 11(3), 50. https://doi.org/10.3390/jsan11030050




	Slide Number 1
	Slide Number 2
	Slide Number 3
	Slide Number 4
	Slide Number 5
	Slide Number 6
	Slide Number 7
	Slide Number 8
	Slide Number 9
	Slide Number 10
	Slide Number 11
	Slide Number 12
	Slide Number 13
	Slide Number 14

