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2020 SEG Annual Meeting
Machine Learning
Interpretation Workshop

Sun, J., Zhang, T,, Niu, Z., Emery, D. J.,
Guarido, M., Trad, D. O., and Innanen, K. A.
H., 2020, Deep learning for seismic facies
classification in Parihaka: CREWES
Research Report, 32, 51.
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Y Image Segmentation
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Force: Seismic Fault
Mapping

Wozniakowska, P., Guarido, M.,
Fathalian, A., Trad, D. O., and Emery,
D. J., 2020, A 2.5D deep learning
approach to identify faults in seismic
sessions: CREWES Research Report,
32, 55.



CHALLENGES SUPPORT SIGN UP SIGN IN

FORCE: Seismic Fault Mapping

Builds the best machine learning based fault mapping algorithm for seismic data

ACTIVE | $OK INPRIZES | M@ 8/10/2020-10/16/2020 | & 77

SEISMIC DATA

OVERVIEW  DATA  RULES LEADERBOARD  DISCUSSION

Overview

There is no leaderboard for this competition. If you want to share screenshots of your current algorithm please send them to the
organizers who will publish them on a gallery page.

This contest is developed in collaboration with FORCE.

Competition link

Seismic fault detection

3D volume


https://xeek.ai/challenges/force-seismic/overview
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Synthetic Data
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Force: Machine Predicted
Lithology

Guarido, M., Emery, D. J., Macquet, M.,
Trad, D. O., and Innanen, K. A. H.,
2020, The Pitfalls and Insights of Log
Facies Classification for a Machine
Learning Contest: CREWES Research
Report, 32, 18.



CHALLENGES SUPPORT SIGN UP SIGN IN

FORCE: Machine Predicted Lithology

Create a machine learning model that has the highest accuracy in prediction lithology from a suite of wireline
logs. A training dataset with hand interpreted and QC’ed wellbore lithology is available.

ACTIVE | $0K INPRIZES | [ 8/10/2020-10/16/2020 | & 285

SUPERVISED LEARNING, RECURRENT NETWORKS, WELL LOGS, CNN, LITHOLOGY, NPD, MACHINE LEARNING

OVERVIEW DATA RULES LEADERBOARD DISCUSSION

Overview

This contest is developed in collaboration with FORCE.

The objective of the competition is to correctly predict lithology labels for provided well logs, provided NPD lithostratigraphy and
well X, Y position.

Competition link

Facies classification

Well logs
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https://xeek.ai/challenges/force-well-logs/overview
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‘77 First Pitfall — Classes Mineralogy
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Second Pitfall — Contest Metric
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‘1',7 Balanced Models
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‘s Imbalanced Models
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“s* Models Performance

Balanced Accuracy Contest Metric

Gradient Boosting (balanced) 0.56 -1.35

Naive Bayes 0.40 -1.86

Logistic Regression (balanced) 0.32 -2.17

Stacked Models (balanced) 0.56 -1.38
Logistic Regression 008 09
Gradient Boosting 0.42 -0.59

Random Forest (balanced) 0.40 -2.00
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ih. Insights

Source of data
Keeps motivation
Not easy

What do you want from your data?
What is your goal?
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