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Challenges:

Simulation of the CO, plume migration is a computationally expensive task

A large number of iterations needed due to uncertainty and heterogeneity in reservoirs

Goal:
fast and accurate CO, plume prediction
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Step 1. Data Preparation

Step 2. Model Training

Step 3. Model Prediction
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Step 1. Data Preparation
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Step 2. Model Training
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Neural network structure
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Test Set Input
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SENSITIVITY ON TRAINING SIZE
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CAN THE NEURAL NETWORK
INTERPOLATE AND EXTRAPOLATE?
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Duration Interpolate y (CO, saturation) y (CO; saturation) 0.6 E: 0.0021 0.20
Train: 25, 75, 125, and 175 days of 0.15
injection 0.4 0.4

Test: 50, 100, and 150 days of injection 0.10
In this example: 0.2 0.2 0.05

150 days of injection
0.0 0.0 0.00
y (CO, saturation) 6.6 y (CO, saturation) G MAE: 0.0013 555
Location Interpolate — o1

Train: randomly selected from half of the - 0.4
well perforation cases 0.10
Test: randomly selected from the other 0.2
half of the well perforation cases 0.05
0.0 0.00
: (CO; saturation) y (CO; saturation) MAE: 0.0147
Duration Extrapolate =" 0.6  -— 0.6 " 0.20
Train: 25, 50, 75, 100, and 125 days of . 0.15
injection 0.4 3 0.4

Test: 150, 175, and 200 days of injection 0.10
In this example: (e - 0.05

175 days of injection
0.0 0.0 0.00
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TRANSFER LEARNING
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Multi-perforation

ECLIPSE

Neural network before transfer learning
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Multi-perforation ECLIPSE Neural network before transfer learning Neural network after transfer learning
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Thank you for listening!
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