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Petro-elastic model calibration

Hamed Amini and Colin MacBeth (2015)
“Calibration of rock stress-sensitivity using 4D seismic data.”
77th EAGE conference & exhibition, Madrid, Spain.

Hamed Amini (2018a)

“Calibration of minerals’ and dry rock elastic moduli in sand-shale mixtures.”
80th EAGE conference & exhibition, Copenhagen, Denmark.



Petro-elastic model (PEM) Dynamic model calibrated with:

Static model calibrated with: * Lab data (core plugs)
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Static model cal

loration

Well log data:
* Density, Vp and Vs
« Multiple wells

« Global optimization algorithm
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Dynamic model calibration
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Deep Neural Network (DNN) inversion

Gustavo Corte, Jesper Dramsch, Hamed Amini, and Colin MacBeth (2020),

“Deep neural network application for 4D seismic inversion to changes in pressure and saturation:
Optimizing the use of synthetic training datasets”.

Geophysical Prospecting, 68: 2164-2185.
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DNN Architecture

« Variational Auto-Encoder

* Pixel by Pixel inversion
* No lateral correlation
constraints
- Regularization <=
» Variational central layer —
« Dropout regularization
« Train with noisy synthetic data
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Synthetic training dataset
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 Reservoir simulation results
« 15 time-steps
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Synthetic training dataset

 Reservoir simulation results
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DNN Inversion results
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DNN Inversion results
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Bayesian Stochastic Inversion

Gustavo Corte, Hamed Amini, and Colin MacBeth (2023),
“Bayesian inversion of 4D seismic data to pressure and saturation changes:

Application to a west of Shetlands field”.
Geophysical Prospecting, 71, 292- 321.
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Bayesian Stochastic Inversion
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Bayesian Stochastic Inversion
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Bayesian Stochastic Inversion
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* Pressure results: simulation

« Saturation results: slightly
higher to compensate for the
Imposed pressure signal

« Residual hardening

residual

résidual
ASNA

-0.6

* Prior information
* Pressure: reservoir simulation
« Saturation: Zero change values
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Bayesian Stochastic Inversion
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« Saturation results: slightly
higher than previous and
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Uncertainty quantification
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Uncertainty quantification

Low ASw Limit
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* Low water saturations require pressure increases lower than +2 MPa to match seismic data.
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Uncertainty quantification

High ASw Limit
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* High water saturations require pressure increases as high as +5 MPa to match seismic data.
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Uncertainty quantification

ASw above 0.6

ASw above 0.45

ASw above 0.3

Probability
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* Probability of water saturation increase above a certain threshold




Conclusions

* DNN inversion provides a quick solution
« Unbiased by prior information such as a reservoir simulation model
» Incorporates global prior information: property correlations from fluid flow physics
* Pressure estimations are reasonable, but inaccurate
* Lack of uncertainty estimation

« Bayesian inversion adds to the information content
« Reservoir simulation pressure prior
» Likely more accurate than without, but biased by reservoir simulation results
« DNN saturation prior
« Better match to the 4D seismic data
« Uncertainty quantification
« Multiple realizations that match the 4D seismic data
« High and low uncertainty bounds
« P10 and P90 estimations
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