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DIRECT PREDICTION OF TEMPERATURE FROM TIME-LAPSE ERT USING BAYESIAN EVIDENTIAL
LEARNING: EXTENSION TO A 4D EXPERIMENT
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| ) Fg. 6. Average temperature around the well prediction interval does not contain the true temperature

= We validate the temperature distribution by comparison with the true temperature around the well (Fig. 6). We see that
the median sample of the posterior is very close to the reference. The 5%-95% interval indicates the range of uncertainty
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N > Gp on the temperature from ERT. Spatially, most model cells with a true temperature outside the 5%-95% interval for at least
Response h % 50 100 150 200 250 300 one time-step (Fig. 7) lie in areas at the edge of the model with very low temperature (see Fig 5), so that the absolute
Fig. 1: Bayesian Evidential learning framework applied to time-lapse geophysical interpretation Number of PCA components error on temperature is very limited. Therefore, BEL does not create artifacts.
The objective of Bayesian Evidential Learning (BEL) is to variables (e.g., PCA). Fig. 3. Dimension reduction of the prediction with PCA and discrete cosine transform . -
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to sample the posterior
distribution p(h|d) in the

low dimensional space and
back-transform it to the Compared to standard methods, this approach yields more geologically realistic samples, avoiding smoothing due to

The alluvial aquifer is modeled using 250 sequential
Gaussian simulations based on our prior knowledge of
the site (Table 1). The heat storage experiment is
simulated using HydroGeoSphere for each simulation.

during a heat storage experiment monitored by 3D surface ERT
The framework allows to generate the posterior distribution without any explicit inversion

Storage phase 46 h
Température (°C)

6 gfuppemquulferlsan;;g%e; A The temperature distribution (prediction h) at 106 original space (Fig. 5). regularization and enables to assess uncertainty by generating many possible solutions consistent with the data
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e time-steps is extracted and transformed into We use Kernel density The approach only requires independent forward runs and can be parallelized
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8 | (coarse clean gravels) ,, "~ | © resistivity ~ variations  using a  petrophysical esti.mation in the (CA space to The method has a huge potential for hydrogeophysical predictions, but more generally to any prediction problems.
Ny N SN[, 2 A relationship [2] to simulate the change in resistance derive p(h|d)

—— We are planning to apply the method to field data and further investigate the influence of noise on the results

Fig. 2: Experimental set-up
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