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Introduction
In recent years, ensemble smoother [9] and its iterative forms (e.g., [2, 3, 8]) have been extensively used to tackle
hydrocarbon reservoir data assimilation problems. In real applications of an iterative ensemble smoother (IES),
small ensembles are often adopted to reduce the computational costs of forward reservoir simulations. Using a
relatively small ensemble size often leads to ensemble collapse, a phenomenon in which the spread of an ensemble
of estimated reservoir models becomes artificially small. Ensemble collapse is not desirable for ensemble-based
data assimilation, since it not only underestimates the uncertainties associated with the estimated reservoir
models, but also forces the IES to stop updating reservoir models.

To tackle ensemble collapse, it is customary to employ a certain localization technique. Conventional local-
ization methods use the distances between physical locations of model variables and observations to modify the
degree of observations’ influence on model updates. In practice, they may suffer from some noticed issues, e.g.,
when there are non-local observations, or when there are no physical locations associated with model variables
or observations as in the 4D seismic history matching framework of [6]. In this study, we present an adaptive
localization scheme that exploits the correlations between model variables and observations for localization [6].
We will show that, correlation-based adaptive localization not only overcomes the noticed issues arising in con-
ventional distance-based localization but also is more convenient to implement and use in practice. We will also
present our most recent experience on the applications of this novel localization scheme to several case studies.

Correlation-based Kalman-gain-type adaptive localization
Without loss of generality, one can write the iteration formula in an IES as [8]

mi+1 = mi + K∆di , (1)

where i is the index of iteration step, m ∈ Rm is an m-dimensional reservoir model consisting of, for instance,
petrophysical parameters (e.g., permeability, porosity and so on), ∆d ∈ Rp is a p-dimensional innovation vector
with respect to m, and K is a Kalman-gain-like matrix. Note that Eq. (1) also resembles the update formula
in an ensemble Kalman filter (EnKF).

Let mk stand for the kth model variable (k = 1, 2, · · · ,m) of m. Then, Eq. (1) can be re-expressed as

mi+1
k = mi

k +

p∑
s=1

Kks∆d
i
s , (2)

where Kks denotes the element of K at the kth row and the sth column, and ∆dis the sth element of ∆di. An
implication of Eq. (2) is that, in general, each innovation element ∆dis (s = 1, 2, · · · , p) would contribute to the
update of the kth model variable, whereas the degree of contribution is specified by Kks. The role of localization
can thus be interpreted as the one that modifies the elements Kks to control the degrees of contributions from
the innovation terms ∆dis to the update of model variables. To this end, one can introduce scalar tapering
coefficients cks ∈ [0, 1] to Eq. (2), to obtain the following modified update formula

mi+1
k = mi

k +

p∑
s=1

(cksKks) ∆dis . (3)

The values of the tapering coefficients cks are specified depending on the specific localization scheme in
use. In correlation-based localization [6], the determination of a tapering coefficient cks is interpreted as a
causal-relation detection problem in the presence of sampling errors (or statistical fluctuations) due to a finite
ensemble size. The rationale behind this interpretation is that, if the sth simulated observation element has a
causal relation with a model variable mk , then it should be used for the update of mk; otherwise, it should be



excluded from the model update formula. For computational efficiency, [6] adopts the correlation coefficient,
denoted by ρks, as a measure to detect the causality. In the context of ensemble data assimilation with a
relatively small ensemble size, due to the effect of sampling errors, ρks may not be exactly zero even if the
pair of model variable and simulated observation element are indeed uncorrelated. To tackle this problem, one
may treat sampling errors as noise, and compute the value of the tapering coefficient cks through the following
formula:

cks = I(abs(ρks) > θks), (4)

where I(•) is the indicator function, with its value being 1 if the condition • is satisfied, and 0 otherwise; and
θks ≥ 0 is a threshold value to be determined from a certain criterion [6]. According to Eq. (4), the value of cks
is either 1 or 0, corresponding to the choice that the sth observation element is used to update model variable
mb

k or not. Correlation-based localization in Eq. (4) is similar to the local analysis scheme in [4]. While the
tapering coefficients in both localization schemes take values of 1 or 0, correlation-based localization does not
require physical locations of observation elements as in [4].

Let us briefly explain why correlation-based localization can mitigate or overcome some of the practical
issues in distance-based localization. First of all, the tapering coefficients cks in Eq. (4) are computed using
correlations between model variables and simulated observation elements, and thus do not involve the physical
locations of observations. This feature helps to establish a localization scheme in the 4D seismic history matching
framework of [6], whereas distance-based localization is not applicable due to the lack of physical locations of
the observations (leading wavelet coefficients of 4D seismic data) in data assimilation. Also, according to
Eq. (4), a model variable is updated by only using observations that have strong enough correlations (in
magnitudes) with it, despite the physical locations of these observations. Therefore, it can be used to handle
non-local observations, as demonstrated in [6]. Furthermore, using correlation entails adaptivity on it own. For
instance, the correlation coefficients of a given observation element with respect to various types of petrophysical
parameters may be different. Accordingly, the resulting tapering coefficients cks will adapt to different types
of petrophysical parameters [6]. For the observation elements at the same physical location (if any) but a
different time instant, their correlations with model variables may also be different. In this case, applying Eq.
(4) could lead to different tapering coefficients even for a fixed threshold value, meaning that correlation-based
localization also adapts to the 4D effect of the observations.

Numerical experience
We have applied correlation-based adaptive localization to several 2D/3D reservoir data assimilation problems
(both synthetic and real, see, for example, [1, 5, 6, 7]). It is observed that correlation-based localization scheme
works well to prevent ensemble collapse while achieving good data assimilation performance. Moreover, it is
straightforward to implement and use in practice, and can be easily transferred among different case studies.

Conclusion
We present an adaptive localization scheme that avoids some of the practical issues arising in conventional
distance-based localization. Our experience from both synthetic and real case studies indicates that correlation-
based localization has broader applicability and better usability/re-usability. These attractive features make
correlation-based localization become a viable alternative to conventional distance-based localization for reser-
voir data assimilation problems.
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