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Project 1

Machine Learning based Production Forecasting
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SPATIAL CONNECTIVITY =
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PRODUCTION PROFILES =
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MACHINE LEARNING WORKFLOW
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CONDENSATE FORECASTING

DS6: Condensate Prediction using Compressed Features (PCA + SVD)
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GAS FORECASTING

DS6: Gas Prediction using Compressed Features (PCA + SVD)
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USE OF EARLY PRODUCTION
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COMPUTATIONAL

BENEFITS =

Computational Task

Computational Time

Condensate Rate Gas Rate

Data Generation using Simulator

24 days for generating 2000 realizations

Geomodel Compression per

per Realization

Realization 0.159 secs
Hyperparameter Tuning and Training S s 0 0 13 hns
Time (approximate)
Simulator-based Forecasting per 1798 mins
Realization .
Machine-Learning-based Forecasting 0.0003 secs
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Project 2
Core-Log Integration for Subsurface Geomechanical

Characterization
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Objective _

Use high-resolution CT scans to predict and improve resolution of the
subsurface measurements
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CT Data -

90 ft
(180 zones)

~250 slices in one zone

Webinars
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11460 out of 44784 slices
are removed
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Project 3

Fracture Characterization using Manifold Learning
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EGS Collab Project @ 1500m =
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Characterization: Stage 1, Day 1

Triggers and Located Events in UMAP Space Located Events in Physical Space

Clustered events on May 22
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Characterization: Day 2
Located Events in Physical Space

Triggers and Located Events in UMAP Space
Clustered events on May 23
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Project 4

Viscosity Estimation using Thin-Section Images
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F1 Score

Predictive Performance

0.99+0.00

High vs Low

F1 Score All Data 180° F

1.0x0.01

0,950,01

0.84%0.02

End Points vs Middle Points

High vs Rest Low vs Rest

Image-based viscosity prediction improves (1) field-scale, inter-
well fluid typing, (2) precision of subsurface fluid sampling, and (3)
high-resolution reservoir model development.
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Analysis

’ Feature |
‘ Extraction
The novel image-based
viscosity prediction
workflow lowers the cost ‘ Feature
Selection

and improves the precision"
of laboratory-based
viscosity measurements
and simultaneously
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resolution reservoir model
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Figure 15: Optimization of regressor for
predicting the viscosity of the fluid contained
in the samples.
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Figure 14: Feature selection process used prior
to model training. The process eliminates
collinear, irrelevant, and non-informative
features from the list of 500 features extracted
from the images. Feature selection 6
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Figure 16: Optimization of classifiers for
detecting the viscosity of the fluid contained
in the samples as low- or high-viscosity fluids.
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Project 5

Monitoring Crack Propagation
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Samples
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\ | Material Property

Range

Material Size
r ! Porosity Range

Fluid Density in Pores

Matrix Composition

Compressional Velocity
] Matrix (Approximately)

Shear Velocity
Matrix (Approximately)

(60mm, 108mm)
(0,0.2)
(800, 1200) kg/m?3

(15%-60%) Quartz, (5% -
25%)Calcite, (5%-15%)
Dolomite, (1-other)%Clay

(2300, 5900) m/s

(1200, 3200) m/s
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20 Stat features

Generalization Performance

-,

4 Stat features
SRP
GRP
LLEI‘ 0.83 | 70.5: guz
Isomap IL \]nm je.so Utm
SVD 0.88 0.8 0.91 0.93
PCA 0.88 0.93 0.94 0.95
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MF"% K-Nearest Neighbor Random Forest Gradient Boosting Neural Network
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Project 6

Rapid Carbon Storage Forecasting using
Neural Operator with Transfer Learning
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Fourier Layer i

INPUT
(Example:
Spatial data)

Neural net

e o
o @

@ ®

OUTPUT
(Spatial data for the next steps)

EEEE

https://www.quantamagazine.org/latest-neural-nets-solve-worlds-hardest-equations-faster-than-ever-before-20210419/

40

40



11/20/2023

(b)

Fourier layer 1 }—Fourier layer 2

Fourier layer

(Li et al. 2022)
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Transfer Learning
e Reusing and repurposing a model trained on a source

domain/task for a target domain/task
* Lowers compute, storage and data requirements

e Faster training and better accuracy

Webinars
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A Task
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:‘a
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(=)
=/
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Same

Transfer Learning Examples o

The knowledge of driving a car in

® ®©
Texas will help you
 c: Drive a truck

© | |
* b: Drive a car in Colorado
e g: Bike ina NYC

®) (o)

Similar Dissimilar

A Domain
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Geostatistical Realization (P30) =

Webinars

SACROC unit is situated in western Texas's Permian basin.

POROSITY PERMEABILITY [mD]
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B
CMG Simulated Pressure Distribution =
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30 years 50 years

P [psia]

3190
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Fourier Neural Operator for CO2 Forecastifig.

Models Outputs
Injection (Sat)

P, psi

injection (Pressure)

Post — Injection (Sat)

Post — injection (Pressure)
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Training Fourier Neural Operator

K, ¢, Qs Locy, t

Input

FC-1 Fourier—1 Fourier—2 Fourier—3 Fourier—4 FC-2

4,736,130 model parameters
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P, Sg
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Pressure Forecasting s

Injection Post-Injection

Source Model vs. Simulator

Comparison of Reservolr Pressure Source Model vs. Simulator
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Saturation Forecasting Viabinrs

Injection Post-Injection

Source Model vs. Simulator
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Y-Axis

TRANSFER LEARNING

Variable Injector Locations
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Pre-trained
Model

TL Model

Transfer Learning: Feature Extractionw
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K, &, Q;y, Lociy, t P, Sg
Pre-trained Model
~-H-E-8--0- .

TL Model

Transfer Learning: Fine Tuning

Input

Output
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Input Output
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4,736,130 parameters

4,736,130 parameters
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TARGET 1: VALIDATION

—

Webinars
» Feature extraction
Target 1 vs. Simulator Target 1 vs. Simulator
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Thanks for your attention !!
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