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Localization ]

* Distance-based localization is highly effective. However, key reservoir
parameters lack a direct spatial relationship with observations.

e ES-MDA with Schur-product localization of the Kalman gain:
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» Several distance-free methods have been proposed for scalar parameters,
although none of them is completely effective.



Pseudo-Optimal Localization™

* Minimization (term-by-term) of the Frobenius norm of the difference between the
true covariance and its localized estimate
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*Furrer, R., & Bengtsson, T.: Estimation of high-dimensional prior and posterior covariance matrices in Kalman filter variants, Journal of Multivariate Analysis, 98(2), 2007
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Pseudo-Optimal Localization
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Pseudo-Optimal Localization =
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Pseudo-Optimal Localization
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Machine Learning Localization BR

Forward
. . Ne 1 Ne
c Simulate the prior ensemble: {mj}jzl simulator {dj = g(mj)}j_1
e Train the machine learning proxy: d = G(m)
. i NE ML proxy (~ NE
9 Use the ML proxy in a large ensemble: {mj}j S {dj = g(mj)}. 1 Ng > N,
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e Compute the cross-covariance: C,q = T > (mj m) (dj - d)
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Machine Learning Methods

Extra Tree Cgl\o

Decision Tree éc;o

Random Fonj&gs%tym .
% VMLC g\%o 4‘
XGBoost #GBoost

LightGBM < LightGBM 5

Y N
ORRO80
\,;‘V V‘,‘A‘(
LA

O
NS

Neural Network (Multilayer Perceptron

Tabnet

)
FT-Transformer ==

(

\_

Goals:
* No additional reservoir simulations (beyond those already used in the data assimilation)

* No additional tuning parameter (no hyperparameter tuning)
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Part 1 — Localization for Scalar Parameters



Test Case (PUNQ-S3* modified model)
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*Floris, F.J., Bush, M.D., Cuypers, M., Roggero, F., & Syversveen, A.R.: Methods for Quantifying the Uncertainty of Production Forecasts: a Comparative Study, Petroleum

Geoscience, 7(S), 2001
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Results

* Ensemble size (training set): N, = 100 —
1 B o2
* Reference: N = 5000 RMSE = J NN, ; ; (P = Tir - i)

Training time (s) RMSE (Correlation)
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Data Assimilation Results

* 10 data assimilation experiments (N, = 100)
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Data Mismatch
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Correlations (Dummy vs Predicted Data) ;
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Part 2 — Localization for Grid Parameters
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Test Case 1

* CO, injection

* Pressure measurements at 4 monitor
wells

* Estimate log-permeability distribution
* Ensemble with N, = 100
* ML method: XGBoost
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Data Assimilation Results BT
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Test Case 2 (PUNQ-S3 modified model)

Tops

2339 2347 2355 2363 2371 2379 2387 2395 2403 2411

0 8(|)0 1 6|00 24|00 3200
* Estimate porosity, horizontal and
vertical permeability distribution O
. OWC 5
* Measurements of water cut, gas-oil sotol ‘o

ratio, and pressure
* Ensemble with N, = 100
* ML method: LightGBM
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Localization Results — Pressure
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Localization Matrix
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Data Assimilation Results BA

* 10 data assimilation experiments (N, = 100)

Data Mismatch Normalized Variance and Mean Offset
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Training Time*
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* Number of model parameters: 5238
* Number of data points: 1530
* CPU Intel(R) Xeon(R) with 16 cores
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*Preliminary result
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Final Comments

e Distance-free localization scheme
 No additional forward simulations
e Out-of-box machine learning implementations (XGBoost or LightGBM)

* No additional tuning parameters

* Scalability for large scale problems needs further investigation
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