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From greenfield to near mine
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Outline Datarock.

@ Why Data Science and Machine
Le arnin g n EXp 10 ration? Evidence maps Gold prospectivity maps

Where should we use ML @nd maybe

where we shouldn’t use it)

What can Ido at the regional scale?
What can Ido ata camp scale?
What can Ido at a near-mine scale?
(How) can we move beyond the
prospectivity map to provide =

concrete value in exploration and WOE S(:::eights of Evidence) diagram from Fu et al 2021
mining?
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Beyond the prospectivity map: Tackling the growth challenges facing the mineral industry with the application of mineral systems - Nicole Januszczak, 2021.



https://www.researchgate.net/profile/Behnam-Sadeghi-4/publication/356986379_Application_of_C-C_fractal_modelling_to_separate_anthropogenic_from_geogenic_patterns/links/61b6dafea6251b553ab47c3c/Application-of-C-C-fractal-modelling-to-separate-anthropogenic-from-geogenic-patterns.pdf#page=80

Why Data Science and ML in Exploration? Datarock.

@® We collecta /ofofdata as an
industry.

e The value ofthis data isn’t always
realised with traditional methods of
geological analysis.

e Understanding of where ML
provides value can add new

techniques to the Exploration

gco lo gIs ts toolkit Geological data that is suited for geological interpretation often needs to be
manipulated to be more appropriate for ML purposes , particularly in the imagery
space



Where should we use ML? Datarock.

Hype Cycle for Artificial Intelligence, 2021

@® ML (and alltechniques!)aren’ta
silver bullet - and applying them

Knowledge Graphs —
Smart Robots 1 \\ Edge Al

where they’re not appropriate e
K] o
harms both side of'this work. 1 —
e ‘When rules depend on too many - -

factors and many of these rules

overlap or need to be tuned very e
ﬂh e /‘}/’ /,l‘ soon becomes d/ ﬁc/-C U / l‘ fO/" a Trigger Expectations Disillusit.)lr::nent Enlightenment Productivity

Plateau will be reached:

human to accurately code the rules.
You can use ML fo effectively solve =" Gartner
this problem.’

https://docs.aws.amazon.com/machine-learning/latest/dg/when-to-use-machine-learning.html



Different exploration phases - Different requirements

Surficial

Geological mapping
Geochemistry
Remote sensing

| Near surface geophysics

- Regional

[Data that informs depth |

Geaophysics
Cover thickness maps

| Geological models

Prospectivity analysis

Refined data products
- Reprocessed data
- Refined class maps

Texture search

v

= Big-picture understanding W

Deep / shallow structure relationships
Structural / hydrothermal setting
Improved interpretable products
Identify/confirm camp-scale target

Understand geophysical character

Understand cover/basement interface
- A

Large-scale inversions
et

Downhole

| Geological logging

Geochemistry

Geophysics

| Core photos :

Acoustic scanner

. Multi / hyper spectral data

Datarock.



Greenfields Exploration Datarock.

@® There are two broad approaches
towards prospectivity - Knowledge

. . Erocnsses pmi;l:sns m;fﬂp‘;:l:; Predictor maps
Driven (mineral Systems approach) Moot
X hydrothermal Geochemistry Proximity and
and Data DI‘lVe n fluicks of rocks elemental map
3 ) The presence
e A minerals systems approachworks i2.8 | Mogmetc | Tonech | Proxisityof
.. . . B5Es extrusive rhyolitold rocks
by combining theories of mineral =<8 rocks
f t d ﬁn d th T:legﬁ?:ghce Proximity of
ormation arc C C > cn Country rocks rmetal limastonal
. . . j sedimentary rock
numerically and spatially quantified. el e
. The presence
(MC Cua lg c t al 2 O 10 ) Intrusive- of iron-rich alr::}n:;n:ﬁt:;:igﬂc
- g e e ST
e The data driven approach maps a set g
w
of quantified features to known headto O ok rocky  Elomental map /
oxddised fluid
deposits and represents spatial -
areas relative to those known po nts Examples of geological process and predictor relevant

to some prospectivity maps from Sadeghi 2019.

e Is a hybrid approach possible?
(Januszczak 2021)



Regional Exploration Datarock.

@® Tin-tungsten deposits (in NW Tasmania) are

typically associated with upper parts of 500m

: : L Voo peze
evolved Devonian granite plutons where 1 e gl 1
fluids from cooling granites have ponded Decreasing areration [ E[ |
temperature halo - may be - . R
and/or concentrated. namow - )

SR Sn
e Geophysical characteristics ofthe mineral - |
SYS tem Stockscheiders | /

w

o Upper parts of low density granite bodies Greisen
manifest as gravity lows

o Low Fe-Tioxide evolved granites tend to be
magnetically ‘quiet’

+ microgranite  + + + Granite
+ + + 4+ + + + 4+ 4+ + + o+ 4+ o+
S S S S S S S S S S S S S S

o When exposed at surface, evolved prospective Source: Blevin (1998)
granites will give rise to strong radiometric
responses due to high K U and Th content


https://www.researchgate.net/publication/288252734_Palaeozoic_tintungsten_deposits_in_eastern_Australia

Regional Exploration Datarock.
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Greenfields Exploration Datarock.

Most similar medium-scale

r

Mo§ similar small-scale




Different exploration phases - Different requirements Datarock.

"_bata that informs depth ]

Geaophysics

Downhole

Cover thickness maps I :
\ Geological logging

“Geo\og\cal models

Surficial

Geological mapping Geochemistry

G h
Geochemistry eophysics

Core photos
Remote sensing P

Acoustic scanner
| Near surface geophysics

‘\Mum / hyper speciral data

Camp-scale

Near-miss indicators
Uncover data relationships
Informed inversions
Geology model refinement

Identify data gaps

Target prioritisation

Localised geological setting

Understand similarity to known system
Discover new data relationships

Better depth constraints through
inversion or model refinements

Guide further data acquisition

Data/SME driven target ranking
\




Camp Scale Exploration Datarock.

Classification of ore bearing unit Probability of ore bearing unit



Camp Scale Exploration Datarock.
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Different exploration phases - Different requirements Datarock.

Geaophysics =
Py = Downhole

Cover thickness maps

Geological logging

Surficial |

Geological models
asbdsiivivsiniic st B Geochemistry
Geological mapping
G h
Geochemistry eophysics
Core photos

Remote sensing

S
Acoustic scanner = Detailed deposit-scale models

Near surface geophysics

Multi / hyper spectral data y Assist OBK with data-driven modelling

Augment resource intensive work

Provide new datasets (e.g. deposit-

=) Near-mine wide fracture orientation)
Near-miss indicators Update understanding in near-real-time
Uncover data relationships P! Integrate disparate datasets

Cleissification models Identify where drilling may be close to

an intercept

- Lithology
- Alteration Identify inconsistencies in legacy data
- Geometallurgy kDrwe prioritisation of drilling targets

- Stratigraphic
Regression models

- Mineralisation

- Rock hardness

- Distance
Computer-vision models
Geotechnical parameters
Geaology model refinement

Target prioritisation




Near Mine Exploration Datarock.

@® Photo dewarping +identifying corebox location
+ masking

e Identify + mask the sections ofthe corebox that
don’t contain core.

e Identify + mask the section ofthe corebox that
has coherent core.

e Identify + mask the section ofthe corebox that

has /ncoherent core.

Use OCR to identify writing on the core and use
this in an intelligent way to determine the depth
on the core.

e Depth register the image.

e Export +post process the required dataset
(remove artefacts from writing, poor lighting in
coresheds, etc)




ear Mine Exploration Datarock.

superimpose
Row_length: 97.37632898447019 cm
Rock: 284.9731 cm? | Qtz: 93.2953 cm? | LQ: 82.8493 cm2

superimpose
Row_length: 97.08569255266332 cm
Rock: 484.7302 cm2 | Qtz: 256.0169 cm2 | LQ: 0.0 cm2

Vein area per
metre



Near Mine Exploration Datarock.

Pt

@ Textural characteristics can be
difficult to identify easily due to
the vast amount of data
available.

e Finding one or two examples
can be easy (?)-then use ML to
identify potential candidates of
that texture in the remainder of
the available dataset.




Near Mine Exploration Datarock.

Data driven domains
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