Examples of Applications of
Artificial Intelligence in Geology

Marek Szczerba

Institute of Geological Sciences, Polish Academy of Sciences

Centrum Badan Ziemi i Plane t e GEOPLANET / b

ING PAN



Artificial Intelligence (Al) - types

Artificial intelligence uses machines to mimic human intelligence
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Three Machine Learning paradigms

https://www.analytixlabs.co.in/
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Labeled data: The algorithm is trained on a
dataset where each data point has a
corresponding label.

Goal: To learn a mapping function that can
predict the output for new, unseen data.

https://www.analytixlabs.co.in/, https://www.geeksforgeeks.org/



Unsupervised Learning

) Singular Support
Principal Value Vector
Component Decomposition Machine Random

Linear

Regression

Logistic
Regression

SARSA

Q-Learning

nn [ epesiaton ] [ Awetn | [ oveosedna )
vy —Q—@—@

*’ﬁ' * Unkmown Gutput

+ No Training Data Set

Unlabeled data: The algorithm is trained on a
dataset where the data points do not have
corresponding labels or output values.

Goal: To discover hidden patterns and
structures within the data.

https://www.analytixlabs.co.in/, https://www.geeksforgeeks.org/
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Agent-environment interaction: An agent
learns to make decisions by interacting with an
environment.

Reward system: The agent receives rewards or
penalties based on its actions.

Goal: To maximize cumulative reward over time.

https://www.analytixlabs.co.in/, https://www.spiceworks.com/, https://copyassignment.com/



Supervised Learning - methodologies
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Classification: algorithms categorize new
observations into distinct classes, each
characterized by identical labels

Regression: algorithms focus on estimating the
values of one or more dependent variables

https://www.analytixlabs.co.in/, Petrelli et al., 2024



core analysis (supervised - classification)

Data: High-resolution digital images of Holocene sediment
cores.

Methodology: Deep learning with Convolutional Neural
Networks (CNNSs).

Results: Six sedimentary facies associations
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ermobarometer (supervised - regression)

Data: Compilation of 2545 experiments from 127 published
studies — Si — Al - Ti — Fe — Mg — Ca — Na — K — H,O + minerals

Methodology: Random forest (500 decision trees)

Results: Pressure-Temperature is computed by averaging the
predictions of all decision trees

decision tree

@ Si0; >=53 @

T(e0)
1400

1200
1000

50 60 70
SiOz (wt.%)
root node
MgO <8
Internal (10
A L) | random forest (n= 500)

Al,0, < 18 ALD, < 15 Na,0 < 2.7
“B branches g8y 11
Na,0>=4 K;0 >= 1.9 Al,Oy >= 12
7
19%, ’ predlctlon 1 predlctlon 2 predlctlon 3 predlcltlon 4

l

‘44 38‘ 1) (48) (94 (10 (1) (13 (average vote |
w% 16% 6%‘ 8% 2% (12%) l1o%) 3%/ 7% - -

leaf nodes

Weber and Blundy, 2024



Unsupervised Learning - methodologies
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Clustering groups similar observations into
uniform categories, known as clusters

(c) Dimensionality Reduction
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Dimension reduction - decrease the number of variables to
facilitate the visualization of complex, high-dimensional data

https://www.analytixlabs.co.in/, https://www.geeksforgeeks.org/, Petrelli et al., 2024



nicity of Kilauea (unsupervised - clustering)

Data: Compilation of 5949 P-waves spectral characteristics

Methodology: Clustering into 20 groups

Results: Groups A-D showed episodic increases during three
key intervals before the eruption. Group E steadily increased
and peaked shortly before the eruption.

C‘Iuster #0 luster #1 luster #2
J\ (5)
Cluster #5 Cluster #6 Cluster #7

J
Cf;ster #10 7ster #11 7”\5:;\:
Cluster #17

C;m ] msE

Cluster #3 Cluster #4

|

[P

[P,
Cluster #8 Cluster #9
Clyster #13 Cluster #14

i Mo

mm

o4
o

Mean amp / Peak amp
o
>

o
N

0.0

0,40!
035
0.30
025
0.20
0.15
0.10
0,05

0,

~ {27 pf7i8i4219

15164 6 |8 131115 |3 [1 |9 10 CusterNo

§ 114 284 17 202 57 203 1031 30 52 554 260 206 72 264 342443 38¢ 318 474 Cluster size

19@|
E
4
(&
D
12 18
W5 & o9 C
1 17
3 L
°10
7A @100
3 {01000
5 10
Paak frequency(Hz)

ns
g. & §

counts
g

Cumulative events

o 28o 88, 8 8,

8 2 8 8. 8 3

Episode 1 Episode 2 Episode 3
| i |
8) GroupA ; 1
| i
R M= f.,ﬁl "‘II
AR A AN JUUTL
L L () g 1 ‘f L1 " L L L AII 1 v
b) Group B ’ Il
: F ! ,|| n
|‘x.,., — J‘,",("',»:"‘\‘. Lo _1 s ‘L/-("L /\ 1/ \ 'u
1 L {0 g ) 1 1 1.1 () 1 i 1 4
¢} GroupC | s
I =
s Le ,‘.«f"q‘lt'“ ¥ / \lt A .'Jll‘l
(1ophm 99904 MY ol PPN PO OO ) (000 M 1O | OO OO
d) Group D ' .
LN /8 A 7 V|| ‘ﬂs
AL J1 f\
AL N\ LAPVAR!
fA_rA‘.‘ 1 3 {I — L A—‘l i- ??J 1 3 . I
e  GroupE Ni
1
= “l. " |
B A I\ J
S} I p—=—=F A\ “A J’I‘.'.l\“"'\/ J ) V \
0108 15 22 29 05 12 19 26 05 12 19 28 02 09 16 23
January February March April

230

115

1120

60

o

2]

Daily events count

Cui et al., 2021



Ore mineralogy (dimensionality reduction)

Data: Content of 58 minerals and 31 elements, that
were detected in 80 samples

Methodology: Principal component analysis (PCA)

Results: Mineralization associations information and
classification of ores
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Agent-environment interaction: An agent learns to
make decisions by interacting with an environment.

Reward system: The agent receives rewards or
penalties based on its actions.

Goal: To maximize cumulative reward over time.

https://www.analytixlabs.co.in/, https://www.spiceworks.com/, https://copyassignment.com/



neral exploration (Reinforcement Learning)

Data: Map of geological features and 39 major and

trace elements. sl
=

Methodology: Deep Reinforcement Learning

Results: Evaluation of mineralization potential in

unlabeled areas. e
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Question

4

Data
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Model selection
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Learning and testing
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Acceptation?

What do we want to predict or understand using Al?

Prepare input data, remove noise, missing values...

Balancing accuracy, interpretability, and computational requirements.

Thank you



