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Summary

Electrical Resistivity Tomography (ERT) is a geophysical method widely used in mining exploration
and characterized by non-linear and ill-posed inverse problem. Even though deterministic inversion
represents the standard approach in ERT inversion, Bayesian algorithms allow to tackle the non-linearity
of the problem returning a posterior probability density function (pdf) as solution. The Ensemble
Smoother Multiple Data Assimilation (ESMDA) is an ensemble-based Bayesian algorithm that solves
the inverse problem approximating the sensitivity through cross-covariance and covariance matrices.
Due to finite size of the ensemble, the covariance matrices can be contaminated by spurious correlations
that affect the sampling of the pdf. We propose a distance-based localization approach to mitigate these
effects, smoothing out or removing correlations far away from the data position. After encouraging
synthetic test, we apply the proposed strategy to field dataset acquired in the Athabasca basin. The
results suggest that the localized ESMDA allows to obtain smooth models while preserving resolution
in the relevant portion of the model. In addition, sampling of the pdf helps result interpretation by
evaluating the uncertainty associated with each model cell. This approach is particularly valuable in
mining exploration, where decision about the drilling need to be taken.
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Localized ensemble-based inversion of ERT data: synthetic test and application to mining explo-
ration.

Introduction

Electrical Resistivity Tomography (ERT) is widely used in hydrogeology, civil engineering and mining
exploration. It is characterized by a non-linear and ill-posed inverse problem, which brings about non-
uniqueness of the solution and local minima. The common inversion approach involves the application
of deterministic algorithms such as Gauss-Newton and its variations, which return a single resistivity
model as solution. In some contexts, it is valuable to obtain information about the uncertainty of the
solution to better interpret the resistivity model. The Bayesian inversion algorithms return the posterior
probability density function (pdf) as solution of the problem, which can be analyzed in terms of its mean
and standard deviation. These algorithms, for instance Markov Chain Monte Carlo, are usually compu-
tationally expensive involving tens of thousands iterations to converge and sample the posterior pdf. In
this work, we focus on ensemble-based approach, applied in meteorology, ocean sciences and reservoir
history matching. Instead of sampling the pdf through Markov chains, the algorithm approximates the
distribution by means of an ensemble of models updated iteratively. In particular, we apply the adaptive
version of the Ensemble Smoother Multiple Data Assimilation (ESMDA) (Emerick, 2016), based on the
Kalman filter, which was already tested and applied in near surface context by Vinciguerra et al. (2024).
The drawback of ESMDA, and in general of the ensemble-based approaches, is mainly that even the
updates can be considered as a small Gauss Newton corrections (Reynolds et al., 2006), the sensitivity
is not computed mathematically (through adjoint state) but approximated by means of cross-covariance
and covariance matrices of the entire ensemble of models. The consequence is that the employment of a
too small ensemble may cause uncertainty underestimation and spurious correlations that affect the pdf
sampling. On the other hand, the use of a large ensemble may lead to a heavy computational burden.
This work aims to investigate the effect of localization in ESMDA inversion maintaining the ensemble
dimension as small as possible. The localization regularizes updates to model parameters in function,
for instance, of the distance between each cell of the model and observed data (Chen and Oliver, 2017).
This strategy is widely applied in other contexts representing the state-of-the-art approach (Chen and
Oliver, 2017), but as far as we are aware, it has never been applied to exploration geophysics. There
exists various strategies to build the localization function, in this work we employ a distance based ap-
proach. First, we test the algorithm on a synthetic inversion simulating three highly conductive bodies
within a resistive half-space, then we apply the algorithm to a field dataset acquired in Athabasca basin
(Canada) for Uranium exploration purposes.

Methods

Adaptive ESMDA
ESMDA (Emerick and Reynolds, 2013) is an iterative algorithm that employs an ensemble of models
to assess posterior pdf associated with the model space. In particular, from Reynolds et al. (2006),
it arises that the algorithm performs multiple small Gauss-Newton-like corrections to approximate the
posterior distribution. At each iteration and for each ensemble member, the update of resistivity model
m is expressed by: . . .

m;jl = mfc + Cmd(cdd + alcd)71 (dkpred - d:bs) (l)

where the index i express the i-th iteration, the index k the k-th ensemble member, C,,; denotes the
cross-covariance between the ensemble of resistivity models and the predicted apparent resistivities,
C,q is the covariance of the ensemble of predicted data, C; represents the covariance of the observed
apparent resistivity, o' is the damping factor and d pred and d7), - are the predicted and perturbed observed
apparent resistivity, respectively. The C,,; matrix has dimension n X m, the matrix C;; m x m and Cy is
a diagonal matrix of dimension m x m, where n is the number of model parameters and m the number
of data points. In this work we adopt the adaptive ESMDA, where o changes according to the value of
normalized objective function, damping the model updates at early iterations (Vinciguerra et al., 2024).
Introducing the Kalman filter, the 1 becomes:

miH = mj + K (dgpreq — djy) (2)
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where it emerges the pivotal role of the Kalman filter, which multiply the difference between observed
and predicted data.

The ensemble dimension represents a hyper parameter during the preliminary phase that is usually cho-
sen proportional to the number of parameters. Indeed, a too small ensemble may produce ensemble
collapse, uncertainties underestimation and spurious correlations in the matrices C,,; and C;; contam-
inating the Kalman filter. At the same time, since each ensemble member is associated to a forward
calculation, reducing the ensemble dimension guarantees a lower computational cost.

Localization

Spurious correlations may greatly impact model updating (2) especially where we expect low or no
sensitivity (Chen and Oliver, 2017). The algorithm approximates the sensitivity information through
cross-covariance and covariance matrices computed from the ensemble of models. Consequently, with-
out analytic computation of sensitivity, the resulting posterior pdf may be characterized by an unreliable
and noisy mean model (Chen and Oliver, 2017).

In other contexts, such as in reservoir history matching, there exists a vast literature about reducing the
impact of spurious correlations involving the concept of localization. As the term suggests, it means to
"localize" the updates, i.e removing or smoothing-out correlations far away from the data position. In
this work we focus on distance-based localization, which allows to relate the localization range to the
expected investigation depth of the survey. The localization involves an element-wise product between
a correlation type function and Kalman gain at each iteration following the relation:

m;‘(—«—l _ m;{ +Co K(dpred —dy,) )

where o indicates the element-wise product between the correlation function C and Kalman gain K. The
matrix C has dimension n X m where each i-th column contains a 2D function that expresses the corre-
lation factor associated with each cell. The appropriate choice of the function may depend on different
factors such as the range (critical distance) and the rate at which the spatial correlation diminishes with
distance. Since the matrix C enters into the update of (3), we can consider the localization as regulariza-
tion to the model update as a function of the distance between cells of the model and data.

Here, after testing different functions, we decided to employ a simple exponential correlation defined as:

C.= exp(—(a/r)k) (G

where C; . indicates the i-th column of the matrix, d is the Euclidean distance between each cell of the
model and the i-th data point, r is the range which expresses the distance where spurious correlations
are smoothed out and k is the order. Since in ERT each quadrupole (of known coordinates) measures
an apparent resistivity datum, we assign a correlation factor between the model cells and data points
depending on the distance (4). Even though the theory behind the localization is straightforward, the
effects on inversion results seem valuable as we show in the next paragraphs.

Results

Synthetic test

Since we aim to apply the method to field ERT survey, we first create a synthetic model that includes
the expected macro resistivity domains of the Athabasca basin. In particular, we build a model con-
taining three main conductive bodies that simulate graphitic zones within two horizontal high resistivity
domains. The shallow one represents the Athabasca sandstones, whereas the second is the underlying
basement (label A and B in Figure 1). They are characterized by high resistivity values, about 3-103Q-m
and 5-103Q - m, respectively. We simulate an ERT survey with pole-dipole array, which is suitable for
sub-vertical resistivity contrasts. The voltage dipole length is 100 m and it is moved along the profile
increasing the distance between pole and dipole. We use pyGIMLi (Riicker et al., 2017) as forward
operator, which solves the Poisson’s differential equation through finite-element approach.

In order to make the test realistic, we contaminate the data with Gaussian noise having standard devia-
tion of 2% of the apparent resistivity values. Since we search for conductive bodies, we start with a prior
multivariate distribution having mean value of 103°Q - m. After preliminary tests, we set the ensemble
dimension equal to 2000, the order k equal to 2, and the r parameter in (4) equal to 1500 meters. The
choice has been made interpreting the Depth of Investigation (DOI) index.
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a) Synthetic model
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Figure 1 a) Synthetic model composed by three conductive bodies within a layered host. b) Inversion
result with pyGIMLi. c) Mean model we obtain with standard ESMDA. d) Mean model we obtain with
Localized ESMDA algorithm.

The inversion results show that pyGIMLi recovers the conductive bodies top in terms of position, but
as expected due to the low resolution of ERT, not in terms of dip. Moreover, the first 500 meters of
the model are contaminated by artifacts (Figure 1a). The standard ESMDA without localization returns
a low root mean square error (rmse equal to 4.7%), whereas the three bodies are not correctly recon-
structed. The localized ESMDA (Equation 3) is able to better reconstruct the conductive bodies where
we expect high sensitivity, until the depth of 1500 m. The conductive bodies seem to be more focused
even though, as pyGIMLI, the low resistivity anomalies do not reveal the true dip. The mean model
is characterized by fewer artifacts in the first 500 m maintaining low rmse. These encouraging results
made us apply the algorithm to a field dataset.

Inversion of field dataset

The data we invert in this work have been acquired in the Athabasca basin, an important Uranium play,
characterized by extended graphitic fault systems. The array configuration is the same we have used
for the synthetic test, pole-dipole with dipole dimension of 100 meters and distance between pole and
dipole that increases from 100 to 1650 meters.

We set the same parameters as for the synthetic test, both in terms of prior distribution (mean resistivity
equal to 1000 Q- m), ensemble dimension of 2000 models and localization range (r in 4) equal to 1500 m.
The computational time is about 4 hours with a laptop equipped with Intel Core i7-1165G7 @ 2.80GHz.
Without localization, the ESMDA inversion returns a mean model able to predict the observed data with a
low rms error of 3.7% but heavily scattered (Figure 2a). This is probably due to the spurious correlations
that contaminate the covariance matrices (1) and then the Kalman filter. The use of a covariance-like
localization function is able to smooth-out the updates where we expect low sensitivity, focusing more on
the first 1500 meters of depth. The mean model shows that the first 500 meters are characterized by high
resistivity values, higher than 1000 Q- m to more than 5000 Q - m without an evident stratification (Figure
2b). Starting from the depth of 500 m, we observe sub-vertical low resistivity anomalies that seem to
be connected to a large anomaly until 1500 meters of depth. We interpret them as graphitic conductors
that we know from geological information. To further validate the mean model we employ the pyGIMLi
software inversion (Figure 2c). The inverted model shows anomalies that are totally compatible with the
mean model in Figure 2b but with a noiser near-surface model. The benefit of Bayesian inversion is to
use the posterior pdf to better interpret the result evaluating the cells in terms of probability distribution.
Figure 2d represents four marginal posterior pdfs associated with four cells indicated by colored dots
in Figure 2b. As each marginal distributions represent the resistivity values of each cell for all the
ensemble members, it can be interpreted in terms of uncertainty (standard deviation). Combined to other
geophysical or geological information, the standard deviation may help to interpret relevant resistivity
anomalies.
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Figure 2 a) Mean model obtained with adaptive ESMDA inversion without localization. b) Mean model
obtained with Localized adaptive ESMDA. c) Model obtained with pyGIMLi. d) Marginal posterior
probability density functions associated with four cells of the mean model.

Conclusions

This research focuses on apply the localization to enhance the result the adaptive ESMDA in context of
mineral exploration where we expect large contrasts of resistivity. The synthetic test suggests that the
distance-based localization is able not only to regularize the model updates beyond the critical distance
but also to focus on relevant portions of the model. The application of the algorithm to field data
acquired in the Athabasca basin confirms the benefit of the localization, which helps to reconstruct the
large contrast between conductive bodies and shallow high resistivity half-space. The results suggest
that localization of the Kalman filter guarantees smoother model in depth without losing resolution in
the relevant portion of the model. In addition, the marginal posterior distribution of each cell can help
the interpretation of the resistivity anomalies, especially in mining context where decision about drilling
has to be taken.
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