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Most machine learning use human-designed (hand-crafted) representations of input data
PRIMARY DATASETS MANUALLY EXTRACTED FEATURES ~ LEARNING ALGORITHM oUTPUT




=13 Primary data

Public-domain data e Outstanding student
Typically 1:50,000 to 1:250,000 scale |
’ Two types:
ﬂ * Directly measured, uniformly sampled, * Interpreted from sparse
gridded measurements/observations, non-uniform
h : : sampling, vector
e e.g., air-borne magnetics, gamma rays pling
. : :
. spectrometric, remote sensing, SRTM * Geology, structures

High degree of abstraction

High uncertainty
Subjective bias @% R=

Low degree of abstraction

Low uncertainty
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Mineral-systems-guided feature
engineering: Issues ~ E=

Mineral systems model: compiles mineralization processes across scales (translithopsheric to ore-body scale)

«—
@ Back-arc or post-collisional settings:

Intra-continental rift zone
i REE enrichment by magmatic and Intra-continental associated with a mantle plume: FLUID SINK
X:::-er;?ni hydlolhermalypfocgsses rift zone: REE enrichment REE enrichment by magmatic and 'ﬁ (e D t I t H
magmatism: e.g. Bastnés-type deposits, Craton-marginalh by magmatic and 2)’: ré‘:;‘?ﬁ;;?ﬁs?gr\l ATA e pOSI ocation 1S
N ot 0 T i ( Pk b 1 .g. < -
typically no REE ltalian alkaline province LREE 'chWI t % L 5 Barmer rift, Parana-Etendeka - LIP
enrichment \‘\ eg. Saer?a"rlog,‘inen 18 Gardar Pn;pvmoe, Qeloin 20‘ province, Kola province R o A5 Deposit Scale Controlled by these
STk -y | : ri Focused
e &77__,,, - 7 0000 fluid exit prOCeSSGS
f R AN =~

Continental crust conduit

Most public-domain
data (1:50,000 to
1,250,000 scale)

%4 |<Fluid flow barrier
Camp Scale FLUID
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magmatism

| Metasomatised
[ ) SCLM

Fluids released from
subducting slab
metasomatise the SCLM

Mantle plume?

¢ Metasomatised
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Sub-continental SCLm

lithospheric
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dified from denough et al, 2016, based on Pirajno, 2015 K S
L - & . .
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and Simandl and Paradis, 2018

Handcrafted features are biased towards camp-scale features (e.g., transportation pathways, sources)

Metal deposition features are under-represented
Possible response of metal-deposition processes in gridded geophysical data, not easy to interpret visually? r—
Are we using right data for training? 5 I ! —

Exploration targeting of deposits or fertile geology?
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Inputs to ML: hand-crafted features Q

Most machine learning use human-designed (hand-crafted) representations of input data
PRIMARY DATASETS MANUALLY EXTRACTED FEATURES ~ LEARNING ALGORITHM oUTPUT
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Input primary data directly to ML? Q
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Obviate the need for hand-crafting features
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Unsupervised machine learning: @U
features from primary data! Dol
Self organising maps
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Case study : REE
prospectivity
mapping in NE India

Rationale

* Area consists of the
second youngest and
well-preserved kerguelen
hotspot-related
carbonatite province.

* Higher density of known
occurrences in a smaller
area.

* Well studied genesis
» Better coverage of
geochemical data with
decent geophysical data
coverage over the
province.
* Field knowledge
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NE India
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SOM Clusters
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Prospectivity models use input features that are hand-designed from primary data - typically using
mineral systems approaches.

Manual feature extraction from interpreted geoscience data is subject to uncertainty
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Email : malcolmaranha@iitb.ac.in




