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Abstract
The ensemble Kalman filter (EnKF) is a subject of

intensive investigation for use as a reservoir management
tool. For strongly nonlinear problems, however, EnKF can
fail to achieve an acceptable data match at certain times in
the assimilation process. Here, we provide iterative EnKF
procedures to remedy this deficiency and explore the valid-
ity of these iterative methods compared to standard EnKF
by considering two examples, one of which is pertains to
a simple problem where the posterior probability density
function has two modes. In both examples, we are able to
obtain better data matches using iterative methods than
with standard EnKF.

In Appendix A, we enumerate the assumptions that
must hold in order to show that EnKF provides a cor-
rect sampling of the probability distribution for the ran-
dom variables. This derivation calls into question the com-
mon derivation in which one adds the data to the original
combined state vector of model parameters and dynamical
variables. In fact, it appears that there is no assurance
that this trick for turning a nonlinear problem into a lin-
ear problem results in a correct sampling of the pdf one
wishes to sample. However, we show that augmenting the
state vector with the data results in a correct procedure
for sampling the pdf if at every data assimilation step, the
predicted data vector is a linear function of the combined
(unaugmented) state vector and the average predicted data
vector is equal to the predicted data evaluated at the aver-
age of the predicted combined state vector. Without these
assumptions, we know of no way to show EnKF samples
correctly. For completeness, in Appendix C, we show that
each ensemble member of model parameters obtained at
each step of EnKF is a linear combination of the initial

ensemble, which emphasizes the importance of obtaining a
sufficiently large initial ensemble.

Introduction
The ensemble Kalman filter (EnKF) was introduced by

Evensen (1994) in the context of ocean dynamics literature
as a Monte Carlo approximation of the extended Kalman
filter and has been extensively discussed in the weather
prediction literature. EnKF was recently introduced into
the petroleum engineering literature (Naevdal et al., 2002,
2003) and adapted to the problem of estimating reservoir
variables or parameters (permeability and porosity fields).

Since its introduction into the petroleum engineering
literature, EnKF has been investigated by a variety of re-
searchers including Gu and Oliver (2004); Skjervheim et al.
(2005); Gao et al. (2005); Liu and Oliver (2005); Wen
and Chen (2005); Zafari and Reynolds (2005a); Skjervheim
et al. (2006); Thulin et al. (2007) in a reservoir characteri-
zation setting. The method has also recently been applied
successfully to a true field case (Evensen et al. (2007)). As
shown in Gao et al. (2006), EnKF and the more compu-
tationally intense randomized maximum likelihood (RML)
method gave a similar model estimate and a similar char-
acterization of uncertainty in reservoir performance predic-
tions for the well known PUNQ-S3 problem. For the most
part, EnKF has performed well for reservoir characteriza-
tion examples. However, it is relatively easy to generate
toy problems with multimodal conditional pdf’s for which
EnKF samples very poorly and hence provides a poor as-
sessment of uncertainty Zafari (2005); Zafari and Reynolds
(2005b); Reynolds et al. (2006). Reynolds et al. (2006)
also showed a small, but representative reservoir problem
where EnKF has difficulty correctly assimilating water-
cut data, and because of this, they designed an iterative
process that combines features of randomized maximum
likelihood (Oliver et al., 1996; Zhang and Reynolds, 2002;
Zhang et al., 2005). Reynolds et al. (2006) also showed
the EnKF update (analysis) equation is the same equa-
tion as one obtains by using RML with one Gauss-Newton
iteration with a full step using the EnKF forecast (pre-
diction) as the initial guess. Because of this result, it not
surprising that it may be necessary to use an iterative pro-
cedure to obtain an acceptable match of data for highly
nonlinear problems. Here, we present a detailed deriva-
tion of our current version of the Reynolds et al. (2006)
algorithm and refer to this algorithm as IEnKF(1). In
IEnKF(1), we simply match data sequentially in time as


