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Received Abstract

1 December 2023 This study introduces a 4-D seismic data integration approach based on Pix2Pix to quantify uncertainty

Final version Received and enhance reliability in subsurface CO, storage within channelized aquifers. We address geological
17 January 2024 uncertainties, such as the azimuth of channel direction, using multi-point statistics to generate diverse

channelized aquifer models, to form the Pix2Pix training dataset. After successfully training the
Accepted Pix2Pix, we realize the channelized aquifer models by assimilating 4-D seismic data changes from a
27 February 2024 reference channelized aquifer. The Pix2Pix dataset is crafted with (1) disconnections in artificial

neural networks using dropout and (2) the addition of random noise to the input layer, yielding an
ensemble of models that align with the provided data for quantifying uncertainty. Generating
channelized aquifers using the suggested method improves prediction of channel direction, facies
distribution, and accurate forecasts of future CO, plume movement. As an advanced monitoring
technology, our method integrates 4-D seismic data for effective CO, storage in channelized aquifers.

Key words : carbon capture and sequestration, time-lapse seismic image, channelized aquifer characteri-
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Fig. 1. Schematic diagram of GAN for channelized reservoirs (modified from Jo ef al., 2021).
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Fig. 2. Schematic structure of the generator in the proposed methods. (a) dropout-based realizations and (b) random noise-based

realizations.
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Table 1. Summary of the suggested model

Block Layer Output shape Input shape Number of Parameters

Encoder 1 Conv2d [1, 64, 128, 128] [1, 1, 256, 256] 1,088

LeakyReLU
Encoder 2 Conv2d [1, 128, 64, 64] [1, 64, 128, 128] 131,456
BatchNorm2d

LeakyReLU
Encoder 3 Conv2d [1, 256, 32, 32] [1, 128, 64, 64] 525,056
BatchNorm2d

LeakyReLU
Encoder 4 Conv2d [1, 512, 16, 16] [1, 256, 32, 32] 2,098,688
BatchNorm2d

LeakyReLU
Encoder 5 Conv2d [1, 512, 8, 8] [1, 512, 16, 16] 4,195,840
BatchNorm2d

LeakyReLU
Encoder 6 Conv2d [1, 512, 4, 4] [1, 512, 8, 8] 4,195,840
BatchNorm2d

LeakyReLU
Encoder 7 Conv2d [1, 512, 2, 2] [1, 512, 4, 4] 4,195,840
BatchNorm2d

LeakyReLU

E 8
ncoder Convad

[1, 512, 1, 1] [1, 512, 2, 2] 4,194,816

ReLU
ConvTranspose2d
BatchNorm2d
Dropout2d

Decoder 8 [1, 512, 2, 2] [1, 512, 1, 1] 4,195,840

ReLU
ConvTranspose2d
BatchNorm2d
Dropout2d

Decoder 7 [1, 512, 4, 4] [1, 1024, 2, 2] 8,390,144

ReLU
ConvTranspose2d
BatchNorm2d
Dropout2d

Decoder 6 [1, 512, 8, 8] [1, 1024, 4, 4] 8,390,144

ReLU
ConvTranspose2d
BatchNorm2d
Dropout2d

Decoder 5 [1, 512, 16, 16] [1, 1024, 8, 8] 8,390,144

RelLU
Decoder 4 ConvTranspose2d [1, 256, 32, 32] [1, 1024, 16, 16] 4,195,072
BatchNorm2d

ReLU
Decoder 3 ConvTranspose2d [1, 128, 64, 64] [1, 512, 32, 32] 1,048,960
BatchNorm2d

ReLU
Decoder 2 ConvTranspose2d [1, 64, 128, 128] [1, 256, 64, 64] 262,336
BatchNorm2d

—

Decoder ConvTranspose2d [1, 1, 256, 256] [1, 128, 128, 128] 2,049

Alo1d A1%
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Fig. 3. Training image and channel reservoir realizations
through multi-point statistics (MPS). (a) the fluvial channel
training image and (b) various MPS realizations with different
azimuths indicating channel directions, where 0° is west-to-east,
and 90° is north-to-south.
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Fig. 6. Ground truth model. (a) rock facies, (b) gas saturation after 3 years of injection, (c) seismic changes after 3 years.
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Table 2. Grid system, reservoir properties, and operational parameters used in reservoir simulation

Parameters Value Unit
Aquifer model size (IxJxK) 9,000%9,000x500 fexftxft
Grid cell number (IxJxK) 128x128x1 -
Grid cell size (IxJxK) 70x70x500 ftxftxft
Initial aquifer pressure 1803.16 psi (at top of anticline)
Sandstone porosity 20 %
Shaly-sandstone porosity 10 %
Sandstone permeability 450 mD
Shaly-sandstone permeability 25 mD
Salinity of aquifer 20,000 ppm*
Maximum BHP of wells 2,814 psi
Total CO; injection rate for 4 injection wells 2 Mt/year
Injection time 3 Years

*ppm: parts per million.
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Fig. 10. Visualization of the ensemble characteristics based on 100 realizations from the proposed methods. (a) average map and
(b) standard deviation map of Pix2Pix realizations with dropout. (c) average map, and (d) standard deviation of Pix2Pix realizations

with random noise input.
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Fig. 12. Future prediction comparison: gas saturation maps up to 5 years of CO; injection. (a) ground truth CO, saturation from
the reference channel reservoir model, (b) mean CO, saturation map of the 100 initial ensemble, (c) mean CO, saturation map of
100 Pix2Pix realization with dropout, and (d) mean CO; saturation map of 100 Pix2Pix realization with random noise.
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