
 
 

Delft University of Technology

Adaptive Correlation- and Distance-Based Localization for Iterative Ensemble Smoothers
in a Coupled Nonlinear Multiscale Model

Vossepoel, Femke C.; Evensen, Geir; van Leeuwen, Peter Jan

DOI
10.1175/MWR-D-24-0269.1
Publication date
2025
Document Version
Final published version
Published in
Monthly Weather Review

Citation (APA)
Vossepoel, F. C., Evensen, G., & van Leeuwen, P. J. (2025). Adaptive Correlation- and Distance-Based
Localization for Iterative Ensemble Smoothers in a Coupled Nonlinear Multiscale Model. Monthly Weather
Review, 153(11), 2593-2609. https://doi.org/10.1175/MWR-D-24-0269.1

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright
Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without the consent
of the author(s) and/or copyright holder(s), unless the work is under an open content license such as Creative Commons.

Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.

This work is downloaded from Delft University of Technology.
For technical reasons the number of authors shown on this cover page is limited to a maximum of 10.

https://doi.org/10.1175/MWR-D-24-0269.1
https://doi.org/10.1175/MWR-D-24-0269.1


Adaptive Correlation- and Distance-Based Localization for Iterative Ensemble

Smoothers in a Coupled Nonlinear Multiscale Model

FEMKE C. VOSSEPOEL ,a GEIR EVENSEN,b,c AND PETER JAN VAN LEEUWENd

a Department of Geoscience and Engineering, Delft University of Technology, Delft, Netherlands
b Norwegian Research Center, Bergen, Norway

c Nansen Environmental and Remote Sensing Center, Bergen, Norway
d Department of Atmospheric Sciences, Colorado State University, Fort Collins, Colorado

(Manuscript received 9 December 2024, in final form 19 July 2025, accepted 31 July 2025)

ABSTRACT: This paper extends the 2024 study of iterative ensemble smoothers by Evensen et al., who used a size-
able 1000-member ensemble configuration, to now using smaller, more affordable ensemble sizes with localization. As is
well known, localization is needed to increase the effective ensemble size and avoid degradation of the smoother solutions
by spurious correlations. As an alternative to the standard distance-based localization, we propose a reformulation of
an adaptive correlation-based localization method that, in a local update, considers only those observations for which the
absolute value of the correlation to the model counterpart is larger than a user-defined threshold. In the standard
distance-based localization, we update model variables using only nearby observations in physical distance. In correlation-
based localization, we update variables using only observations with small correlation distances. We define the correlation
distance as one minus the absolute value of the ensemble correlation between a predicted measurement and the variable we
are updating. Using the same formulation and implementation as in the 2024 Evensen et al. study, we compare the perfor-
mance of the two localization strategies in a coupled nonlinear multiscale model and demonstrate the better or at least com-
parable performance of the adaptive correlation-based localization. We attribute this to an additional measurement error
variance inflation for the measurements with a correlation distance close to the truncation distance, effectively leading to
smoother updates. Furthermore, it solves the problem of space–time localization that is hard to solve using localization
based on physical distance in ensemble smoothers over longer time windows. We also discuss strategies for the efficient
implementation of the correlation-based approach.

KEYWORDS: Bayesian methods; Inverse methods; Coupled models; Data assimilation; Nonlinear models

1. Introduction

We use coupled ocean and atmosphere models that assimilate
available observations of their state for weather and climate
forecasts. In a preceding paper, we described how ensemble
methods initially developed for parameter estimation in petro-
leum reservoir models have the potential for sequential data
assimilation in coupled and multiscale unstable dynamical
systems such as the ones used for weather and climate fore-
casting (Evensen et al. 2024). The overviews of data assimila-
tion in coupled ocean–atmosphere models by Penny et al.
(2017), Tondeur et al. (2020), and Miwa and Sawada (2024)
have demonstrated the importance of simultaneously updat-
ing the state of both model components in coupled data as-
similation. Miwa and Sawada (2024) highlight the sensitivity
of the data assimilation performance to the values of hyper-
parameters (i.e., localization and inflation) and model imper-
fections (i.e., uncertain parameters) in the data assimilation.

In our previous paper, we used a simple representation
of an Earth system by using a two-component coupled
Kuramoto–Sivashinsky (KS) model to describe interactions

between two components: one with a longer spatial scale
(typically the atmosphere) and one with a shorter spatial
scale (typically the ocean). Studying the covariance structures
of this coupled model, we explored the interactions between
the predominantly large and small spatial scales and their im-
plications for data assimilation. Similar studies by Tondeur
et al. (2020) and Miwa and Sawada (2024) have illustrated
the information propagation between the two components
and concluded that these cross-component feedbacks play es-
sential roles both for the slow and the fast scales.

Compared to the Lorenz’96 models employed by Miwa
and Sawada (2024), the KS model simulates realistic non-
linear coupled dynamics, reasonably representing the ocean–
atmosphere interaction. While the KS model does not represent
the quasigeostrophic ocean–atmosphere as in the model of
De Cruz et al. (2016) employed by Tondeur et al. (2020), it
does capture differences in spatial and temporal scales.

For the results of these studies to be meaningful for realistic
applications and operational data assimilation, we must first
test the performance of coupled data assimilation with limited
ensemble sizes before dealing with different observational
constraints in realistic applications, e.g., how to handle issues
connected with varying measurement latency and density for
the two model components. In Evensen et al. (2024), we used
1000 realizations in all experiments to study the assimilation
method’s actual performance without the influence of sam-
pling errors. For smaller and more realistic ensemble sizes, we
must use localization and possibly inflation to avoid ensemble
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degeneracy. Without localization, ensemble data-assimilation
methods require huge ensemble sizes to adequately represent
the prior distribution’s state space needed for the estimation
problem (Evensen et al. 2022). Especially for large opera-
tional data assimilation systems that estimate O(108–1011)
state variables and sometimes assimilate O(105–107) measure-
ments in each update step, the typical choice for an ensemble
size of 100 members provides insufficient samples of the prior to
represent the fine scales and detailed information contained in
the measurements. Through localization, we limit the area in
which we relate the measurements to the model equivalents,
which allows the model to fit the finer scales of these local
measurements instead of trying to fit all observations at once,
effectively increasing the local ensemble size.

Roughly speaking, we can implement the localization scheme
based on a spatial distance (distance-based localization) or the
correlations between the observations and model variables
(adaptive correlation-based localization). One of the issues with
distance-based localization in a coupled system with different
length scales in the two components is our inability to define a
proper truncation distance beforehand. For example, if we use
an ocean observation to update the atmospheric state, is a trun-
cation distance based on the dominant ocean or the atmospheric
scales the most appropriate? As in our examples, this question
also extends to time distances when we use an ensemble
smoother to update the ensemble over a data assimilation win-
dow. This issue suggests that correlation-based localization might
perform better as it automatically chooses which observations to
use for the update of a model variable. However, the choice of
the correlation cutoff will become more critical. More generally,
the choice between these two approaches and their parameters
will affect the performance of the coupled data assimilation. This
paper aims to investigate the role of localization in coupled data
assimilation, explore the advantages of two methods for truncat-
ing measurements, and assess the assimilation performance’s
sensitivity to the method’s parameters. Understanding the effects
of these choices in the idealized setting of the KS model will
help the design and implementation of data assimilation ap-
proaches in operational coupled models of higher dimensions.

2. Coupled multiscale Kuramoto–Sivashinsky model

Evensen et al. (2024) introduced the coupled two-component
multiscale KS model. The KS equation is a fourth-order partial
differential equation initially used to describe diffusive thermal
instabilities in laminar flame fronts (Kuramoto 1978; Sivashinsky
1977, 1980). We will not give a detailed account of the model
here but refer to the discussion in Evensen et al. (2024). Several
important properties of the model make it suitable as a testbed
for studying our data assimilation methods. The model de-
scribes unstable and near-chaotic dynamics with nonlinear
saturation of the linear instabilities, similar to oceanic and at-
mospheric behavior. It contains a one-dimensional and univari-
ate space–time equation for each component of the coupled
system, which makes it computationally efficient and easy to
interpret results. In Evensen et al. (2024), we used the same
time scale for both model components, but the spatial scales
differed. We have also included and studied the impact of

differences in time scales in the current study. The model sys-
tem should resemble the behavior of coupled climate models,
where the ocean and atmospheric components have vastly
different spatial and temporal scales.

In our implementation, we couple an Atmos and an Ocean
with the symbols A and O referring to their respective varia-
bles. The coupled model equations read

ta
­A
­t

52
la
2
­A2

­x
2 l2a

­2A
­x2

2
l4a
2
­4A
­x4

1 aoa(O 2 A), (1)

to
­O
­t

52
lo
2
­O2

­x
2 l2o

­2O
­x2

2 l4o
­4O
­x4

1 vao(A 2 O), (2)

defined on the spatial domain x 2 [0:1024]. Note that, contrary
to the ad hoc approach used by Evensen et al. (2024), we
introduced la and lo as the spatial scales, and we introduced
ta and to for the temporal scales for Atmos and Ocean, re-
spectively. In this manner, we made the spatial and temporal
scales explicit in the equations. Multiplying the Ocean time
derivative by the factor to 5 4 and the Atmos time derivative
by the factor ta 5 1, we ensure that the ocean dynamics
evolve slower than the atmospheric ones. To introduce differ-
ent spatial scales for the Atmos and Ocean equations, we
scale the x coordinates in the two equations corresponding to a
domain of length La 5 32 for Atmos and Lo 5 256 for Ocean
as in Evensen et al. (2024). Transformed back to the standard
x coordinate varying from 0 to 1024, we obtain the model
Eqs. (1) and (2). We have used the factors la 5 1024/32 5 32
and lo 5 1024/256 5 4, leading to a difference in the spatial
scale of a factor of 8 between Atmos and Ocean.

We couple the two equations through the relaxation terms
aoa(O 2 A) and vao (A 2 O), where we use coupling coeffi-
cients of 0.003 in both equations. Additionally, we halve the
biharmonic damping of the Atmos variable to have more
structures in the solutions.

Our multiscale KS model is suitable for conceptualizing
data assimilation in coupled systems. The interaction between
the different components occurs at multiple scales, which, as
we will show, makes it difficult to apply distance-based locali-
zation. We can consider it a 1D analog to the 2D Navier–Stokes
equations. The model has a unique solution given the initial
conditions, but it has chaotic behavior and a finite-dimensional
global attractor. The 1D KS model simplifies the analysis and
interpretation of results, and we avoid using computationally
expensive 2D or 3D models. The FORTRAN-90 implemen-
tation we use in all experiments is available from Evensen
(2023).

3. Correlation and distance-based localization

Localization is a standard technique for reducing the sam-
pling errors’ effect on the quality of updates in ensemble-
based data-assimilation methods.1 When optimally applied to
large-scale problems with small ensemble sizes, localization
increases the solution space’s degrees of freedom, allowing

1 Section 3 is based on Evensen et al. (2025, chapter 7).
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for a better match to data. Furthermore, localization reduces
the spurious model updates caused by sampling errors and
thereby the tendency for the ensemble to “collapse” when we
condition on a large number of independent measurements.
We refer to Evensen et al. (2022; chapter 10) for an overview
of localization methods.

So-called distance-based localization is the most commonly
used localization method in meteorology and oceanography.
In distance-based localization, the dynamical system’s physi-
cal scales determine the truncation distance. The dominant
scale in the ocean and atmosphere is the mesoscale, which is
associated with the Rossby radius of deformation. The proce-
dure for selecting a localization radius, typically a few Rossby
radii, must ensure that measurements of, e.g., temperature,
sea surface height, and pressure only influence the model’s
state variables in a region close to the measurements. For
these problems, distance-based localization gives results almost
equivalent to the infinite ensemble size limit for as long as the
measurements are local and we have a well-defined decor-
relation length. The first publications on distance-based lo-
calization introduced covariance localization (Hamill 2001;
Houtekamer and Mitchell 2001; Bishop et al. 2001; Whitaker
and Hamill 2002) or Kalman gain localization (Anderson
2003), where a tapering function damps long-range spuri-
ous correlations. In covariance localization, one tapers the
covariance functions, while in Kalman gain localization, it
is applied directly to the Kalman gain (Chen and Oliver
2017).

Covariance localization typically uses a damping operator
to eliminate long-range spurious correlations in the state co-
variance matrix. Using a Schur (or Hadamard) product, the
damping operator acts on the covariance through element-
wise multiplication of two matrices: the ensemble covariance
matrix with a damping correlation matrix. The operator applies
a scaling factor equal to one at the location of the measurement
and gradually reduces to zero further away. A commonly used
damping function is the one by Gaspari and Cohn (1999), while
Furrer and Bengtsson (2007) provide an alternative.

In cases when it is difficult to determine a fixed truncation
distance in space and time for distance-based localization,
adaptive correlation-based localization methods can help pre-
vent ensemble collapse and reduce data mismatch. We will
see below in Fig. 7 that the KS model poses some problems
for distance-based localization due to the spatial periodicity
of the solution. The KS model generates significant oscillating
correlations for the Atmos variable extending to large distan-
ces, and using distance-based localization, it is not clear where
to truncate. Adaptive correlation-based localization has proved
very useful in petroleum reservoir applications, where it is
challenging to determine a fixed localization distance as it
would depend on the reservoir’s geology and the placement
of wells used to produce the reservoir.

The methods of Chen et al. (2009), Emerick and Reynolds
(2011), Bishop and Hodyss (2007, 2009a,b), and Anderson
(2012) provide localization based on the correlation value,
typically depending on ensemble size. Because the adaptive
techniques rely on the ability to separate spurious correla-
tions from actual (large ensemble size) correlations, their

performance is generally poorer than distance-based locali-
zation when distance based is appropriate. In statistics, the
methodology is known as thresholding (see, e.g., Bickel and
Levina 2008).

We will use a version of the so-called local analysis intro-
duced by Haugen et al. (2002) and Evensen (2003) both for
the distance-based and the adaptive correlation-based locali-
zation. Local analysis is a computational approach to effi-
ciently update states or parameters in the data assimilation
analysis by introducing individual update calculations for
each local state variable at a grid point. Further details are
provided below and can be found in Evensen (2003). While
the local analysis of Haugen et al. (2002) updated all variables
on a small cube of grid points using only nearby located meas-
urements, we will in the following section introduce an adap-
tive correlation-based localization in combination with a local
analysis scheme.

a. Adaptive correlation-based localization

The method of adaptive correlation-based localization is a
straightforward implementation of a local analysis scheme
where we update the parameters, or rows in the ensemble
state matrix, sequentially one by one using only the measure-
ments significantly correlated to the state variable or parameter
at the location of the update. It uses the estimated correlations
between “predicted measurements” and the state variables to
determine if a measurement shall influence a state variable’s
update. In an update, we only retain the observations with the
absolute value of a correlation above a certain threshold.
Note that, in the remainder of the paper, when we refer to the
magnitude of a correlation, we mean the absolute value of the
correlation.

Adaptive localization sometimes has advantages over distance-
based localization, e.g., when conditioning the model on non-
local measurements when the truncation distance is unknown
or when there are multiple distances at which the measure-
ments correlate to the state variable or parameter. The main
advantage is that we can implement adaptive correlation-based
localization without referring to the spatial location of the
updated variables. Thus, we only need the ensemble matrices
of the predicted state and the predicted measurements to ap-
ply the localization. This is especially important in ensemble
smoothers, where a physical-distance-based high correlation
area becomes time dependent because observation information
is advected with the flow (Brusdal et al. 2003). Adaptive
correlation-based localization does not have this problem
by construction. We will present a theoretical foundation for
selecting the truncation value as a function of the ensemble
size and discuss some possible remedies for further incremental
improvement of the method.

Several publications have discussed various implementations
of adaptive correlation-based localization, e.g., Evensen (2009,
chapter 15.5), Bishop and Hodyss (2007, 2009a,b), Zhang and
Oliver (2010), Anderson (2012, 2016), Luo and Bhakta (2020),
Neto et al. (2021), Luo and Xia (2022), and Vishny et al.
(2024). We will focus on the correlation truncation approach
from Evensen (2009, chapter 15.5), which was also used by
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Neto et al. (2021), Luo and Xia (2022), and Luo and Bhakta
(2020).

An issue with adaptive correlation-based localization is that
removing all measurements with an estimated correlation
value less than the truncation value will also remove informa-
tion from measurements with physical but low correlations.
However, we would have similar problems when using a
distance-based truncation. With correlation-based localiza-
tion, we will include some measurements with spurious
strong correlations. Similarly, with distance-based localiza-
tion, we will retain some measurements with insignificant
information located within the truncation distance.

b. Implementation strategy

There are several ensemble smoothers that we can choose
from, such as the ensemble smoother (ES), the ES with multi-
ple data assimilations (ESMDAs), and the iterative ensemble
Kalman smoother (IES). We can write the global update steps
using ES, ESMDA, and IES as

Za 5 ZfT, (3)

where the posterior ensemble in Za 2Rn3N is a linear combi-
nation of the prior ensemble in Zf. The transition matrix
T 2RN3N determines the linear combination. Here, n is the
state dimension, N is the number of realizations, and typically
n .. N. The matrix multiplication in Eq. (3) is the most ex-
pensive computation in the analysis scheme, requiring nN2

floating point operations. However, Eq. (3) is highly paralle-
lizable as we can compute each row in Za, and hence each
model variable, independently of the others.

The local analysis exploits the parallelization of the compu-
tation in Eq. (3), and we can write it as the n local updates for
l5 1…n computed from

Za
l 5 Z

f
lTl, (4)

where the subscript l denotes the lth row of Z. In the local
analysis, we update each row Zl using an individual transition
matrix Tl, which for each l may differ in the measurements
used in its calculation.

The distance- and correlation-based localization imple-
mentations become very similar when writing the update as
Eq. (4). The methods only differ in the selection procedure
for selecting which observations to use in each local update.
We can interpret correlation-based localization as apply-
ing another distance measure to define nearby and distant
measurements.

A local update transforms the problem of finding one Tma-
trix to n matrices Tl, where n is the dimension of the state var-
iable. The increased computational cost is an issue common
for adaptive and distance-based localization. We must com-
pute many small inversions in both approaches to obtain the
n local Tl matrices. Still, for each Tl, we will use a far lower
number of measurements in the updates, reducing the local
cost to O(mlN

2) operations, where ml is the number of obser-
vations used in each local analysis update. Note also that
there may be no measurements for many state vector

elements, in which case the transition matrix is just the iden-
tity matrix.

The local analysis allows updating each grid point’s state
variables one by one, as explained by Eq. (4). However, this is
not a restriction, as we can update any subset of variables to-
gether using the same transition matrix. In many cases, it will
be beneficial to define subsets of the state vector, e.g., the sub-
sets of all the model’s variables at the same grid points, as this
ensures a joint and balanced update of the different model
variables at each grid point. In some models, the subset can
include all variables in a vertical grid column to ensure a bal-
anced update respecting the model physics vertically. Defin-
ing such subsets of variables for each local update reduces the
computational cost as we compute significantly fewer transi-
tion matrices Tl.

In distance-based localization, we need to compute the
Euclidian distance between each state variable and each
measurement to a cost of order O(nm). It is often possible
to significantly reduce this cost by using clever storage
schemes for the measurements and by combining clusters of
nearby grid points into one distance calculation.

A significant additional computation in the correlation-
based localization is evaluating the correlation function be-
tween the state variables and the measurements, which fills a
matrix Czy 2Rn3m. Its computation requires nmN floating
point operations to obtain the covariance Czy 5 AYT, in which
A is the forecast ensemble perturbation matrix and Y is the
predicted measurement perturbation matrix. To obtain the
correlation matrix, we must also normalize by the standard
deviations of A and Y. This computation significantly in-
creases the cost of calculating which measurements to use for
each state vector update. The total operational cost will be
the accumulated costs of computing the correlation matrix
(nmN), the n local inversions (nmlN

2), and the final update
equation, which is still nN2 number of operations. We can
write the total cost as n(mN 1 mlN

2 1 N2), showing that it is
still linear in the state size n, but it depends on the total num-
ber of measurements and also the number of measurements
retained in each local update.

Another primary concern is the storage of Czy 2Rn3m,
which becomes challenging for large models with many meas-
urements. However, we expect many adjacent variables to use
the same observations in the local update. Recall that the
transition matrices depend only on the active measurements
in the analysis. Thus, a better strategy is to compute the corre-
lations for reasonably sized “grid blocks.” By grid blocks, we
mean a set of selected neighboring grid points that we update
simultaneously. Using these grid blocks, we compute the cor-
relations for blocks of variables in rows of Z (typically varia-
bles defined on neighboring grid points in an assimilation
window), then identify which observations are active when
updating each such block of variables, and calculate a joint
transition matrix for this block of state variables. By dividing
the state ensemble matrix Z into subblocks, we avoid the ex-
cessive storage of huge matrices. Furthermore, we can signifi-
cantly reduce the number of inversions by reusing the
transition matrices Tl for all state variables updated with the
same set of measurements.
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c. Selecting a correlation truncation value

It is possible to derive a theoretical value for the sample-
correlation standard deviation using the Fisher transform; see
Guttman et al. (1982) and Flowerdew [2015; Eq. (9)]. It says
that the variable r,

rij 5
1
2
ln
1 1 rij
1 2 rij

5 arc tanh(rij), (5)

evaluated from the correlation between the measurement
number j and the state variable number i will be approxi-
mately normally distributed with a standard deviation of
1/

��������
N 2 3

√
. We need the sample standard deviation of the

correlation r for adaptive correlation-based localization. First,
the Fisher transform shows that the sampling error for high
correlations (i.e., close to one) is much lower than for low cor-
relations. Thus, data assimilation updates with measurements
highly correlated to the state variables will have a lower sam-
pling error than those with lower correlations. This result is a
point in favor of correlation-based localization. Furthermore,
from Fig. 1, we see that the standard deviation estimates of
r and r are nearly identical for the low correlations we wish
to truncate.

In the case of physically uncorrelated measurements and state
variables, the actual correlation will be zero, and the finite
ensemble size will lead to spurious correlations with a normal
distribution N [0, 1/(N2 3)], i.e., with zero mean and a standard
deviation of 1/

��������
N2 3

√
. To remove 99.7% of these spurious

correlations, we can truncate all measurements with predicted
correlations to a state variable of less than three standard devi-
ations (see Fig. 2). The choice of three standard deviations
makes sense since we wish to remove “all” spuriously correlated
measurements, so, as a first-guess value, we set the truncation to

rt 5 3/
���
N

√
: (6)

In Fig. 3, we illustrate the truncation of measurements with
different levels of physical, or true, correlation. We use an

ensemble size of N 5 100 and a truncation defined by Eq. (6)
and assume its distribution is approximately Gaussian, which
is a valid approximation in the range of correlation values we
consider; see Fig. 1 and Flowerdew (2015; Fig. 1).

In the upper plot of Fig. 3, we assume zero physical correla-
tion between a measurement and the state variable, as would
be the case for a large portion of the variables in the model
domain since the model domain’s size is significantly larger
than the characteristic length scales of the model variables.
When using a truncation value defined by Eq. (6), we will re-
move an uncorrelated measurement in 99.7% of the cases
when truncating based on the sample correlation (the red
area). The middle plot of Fig. 3 illustrates that when the mea-
surement has a low physical correlation of 0.2, we remove the
measurement in 84.1% of the cases. An alternative interpreta-
tion is that with many measurements with a correlation of 0.2,
we will retain 15.9% of them. In the case of the lower plot,
where the correlation value is 0.3, we will keep half the meas-
urements when the correlation equals the truncation value.

By applying this truncation scheme, we will also remove
some measurements with a higher physical correlation located
in the range (rt:2rt), as we truncate these measurements if the

FIG. 1. The blue line in this plot shows the Fisher transformation
from Eq. (5). Note that the difference of the transformation with
the linear relation r 5 r (in red) is negligible for correlations in the
interval [20.6:0.6], where we apply the correlation-based localiza-
tion. Thus, the Gaussian assumption on the distributions of sample
correlations in Fig. 3 is valid.

FIG. 2. The plot shows the probability density function of a
Gaussian distribution with the percentages of samples falling in dif-
ferent parts of the pdf.

FIG. 3. The figure illustrates the truncation’s impact for measure-
ments with an actual physical correlation of 0.0, 0.2, and 0.4 in
the three panels from top to bottom, as denoted by the white
vertical line, in the case with sampling errors corresponding to
using 100 realizations. The distribution’s red part corresponds to
the truncated measurements, while the blue part indicates the re-
tained measurements. The symmetry in the plots accounts for both
positive and negative correlations. The vertical blue lines indicate
the theoretical truncation value from Eq. (6).
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sampling correlations are below the truncation value rt. We
will truncate 15.9% of the measurements with a correlation
equal to 0.4 and 2.27% of those with a truncation value equal
to 0.5. There is barely any truncation for measurements with a
correlation above 0.6.

In adaptive localization, we remove a fraction of measure-
ments with significant physical correlations. We only remove
those with a low sample correlation that would have had less
impact on the update anyway. This implies that we will lose
some information by truncating measurements with signifi-
cant physical correlations, and we will include some meas-
urements with small but substantial spurious correlations.
Distance-based localization will also include measurements
with negligible physical correlation and truncate measure-
ments with high correlations outside the localization radius.

d. Tapering distant measurements

In standard covariance localization methods (Evensen et al.
2022, chapter 10), one uses a tapering of the covariance func-
tions damping long-range spurious correlations. In local anal-
ysis, we update grid point by grid point and thereby risk using
slightly different observations when computing the updates at
two adjacent grid points. This approach will introduce small
discontinuities in the updated realizations. Thus, to ensure
smooth updates, we introduce tapering by inflating the errors
of the most distant observations. This error inflation reduces
these observations’ impact on the analysis and effectively
works as a tapering of the covariance functions.

We can follow a similar procedure for correlation-based
localization. We define a correlation distance similar to the
Euclidean distance used in distance-based localization as

dc(l, j) 5 1 2 |r(l, j)| 2 [0, 1], (7)

where r(l, j) is the ensemble correlation between state vari-
able number l and measurement number j. If the correlation
equals one or minus one, we have a minimum distance of
zero; if the correlation is zero, we obtain a maximum distance
of one. The truncation distance is then

dt 5 1 2 rt: (8)

We use observation error inflation to reduce the impact of the
most remotely located measurements within the truncation
distance. We prescribe the error inflation factor as

Einf(l, j) 5
1 dc(l, j) # bdt

exp
dc(l, j) 2 bdt

b

( )2
dc(l, j) . bdt

,

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩ (9)

where b 2 (0, 1) defines the distance at which the measure-
ment error inflation becomes active. If we require that the er-
ror inflation equals the maximum inflation, Einf 5 Emax, when
dc(l, j) 5 dt, we obtain the following value for the parameter b
in Eq. (9),

b 5
(1 2 b)dt������������
ln(Emax)

√ : (10)

So, we retain the original observation errors for measure-
ments at a distance dc(l, j) closer to the grid point than bdt.
For observations located further away, we deliberately inflate
the errors by the factor Einf(l, j) to reduce their impact on the
update. This procedure ensures that when we introduce a new
measurement to the local analysis when moving from one grid
point to the next, the new measurement will have less impact
on the analysis of this adjacent grid point. The effect of the
new observation will gradually increase when its correlation
with either one of the Ocean or the Atmos variables becomes
more significant. It is straightforward to use the same tapering
strategy in standard distance-based localization. Figure 4
shows the inflation factor for different values of b. In the fol-
lowing experiments, we set b 5 0.5 and examine different val-
ues for Emax. We introduce the observation error inflation by
multiplying each row in E with the inflation factor Einf corre-
sponding to the measurement in question.

e. Pragmatic implementation

The transition matrix is obtained following Evensen et al.
[2022, Eqs. (8.32)–(8.34)]:

T 5 I 1 W/
���������
N 2 1

√
, (11)

where

W 5 ST(SST 1 EET)21[D 2 g(Zf )], (12)

and

S 5
Y for n $ N 2 1

YAyA for n , N 2 1:

{
(13)

In the equations above, the measurement matrix D 2 Rm3N

contains all measurements at an update step, and we repre-
sent the measurement errors by the measurement perturba-
tion matrix E 2 Rm3N. In the case of correlated observations,
we specify correlated perturbations in E. Similarly to the per-
turbation matrix E, we have the predicted measurement
anomalies in Y 2Rm3N .

FIG. 4. This plot illustrates the error inflation Einf(dc) for an
example where we set rt 5 0.3, which gives dt 5 0.7, and the
maximum inflation at dt is Emax 5 4.0, and several values of b,
which define at what correlation distance, bdt, we start inflating.
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For each local update, we extract the rows corresponding
to the measurements located within the truncation distance
from D, Y, and E and store them in Dl 2 Rml3N , Yl 2Rml3N ,
and El 2Rml3N . We implement the tapering according to
Eq. (9) by multiplying each row El by the corresponding in-
flation factor Einf(l, j).

To reduce the number of inversions and the computational
cost, we define the state vector to contain both the Atmos and
Ocean variables at the spatial grid point l for all times within
the assimilation window. In the experiments below, we use an
assimilation window of six time units, implying that we update
12 state variables (one for Ocean and one for Atmos for each
time unit in the window) in each local update.

To select the active measurements for each local update,
we compute the correlations between Ocean and Atmos
with the predicted measurements at the final time of the as-
similation window. If the correlation between the measure-
ment and either the Ocean or the Atmos variable is larger
than the truncation correlation, we include the measure-
ment in the analysis. With this simplification, we reduce the
number of required inversions by a factor of 12 and the
number of computed correlations by a factor of 6. We can
further reduce the computational cost by including larger
subgroups of variables in each local update. However, our

relatively low-dimensional KS model runs efficiently with
this configuration.

4. Reference case and prediction experiments

We define a reference case for the coupled KS model using
an Ocean component 4 times slower than the Atmos compo-
nent, i.e., we set t 5 4 in Eq. (2). Figure 5 shows examples of
a free run of the coupled system for different values of t. First,
we notice the highly nonlinear model evolution and the differ-
ence in scales between the Ocean and Atmos variables, where
the Ocean variable contains small-scale, slow features and the
Atmos contains large-scale, relatively faster ones. It is clear
that the coupling affects the behavior of both components
and that the time-scale change for the Ocean component sig-
nificantly impacts the evolution of both systems.

In Fig. 6, we show the time development of the ensemble
standard deviation and the residual between a reference solu-
tion and the ensemble mean for the three values of t. It is
clear that the value of t does not impact the climatological en-
semble spread, only the time it takes to reach climatology for
the Ocean component.

Finally, we present ensemble correlation functions from
Ocean and Atmos observations with the model variables in

FIG. 5. The plots show the Hovmöller diagrams for (top) Atmos and (bottom) Ocean variables from coupled predictions using different
time scales t 5 1.0, 2.0, and 4.0 from left to right.
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Fig. 7. We observe the Ocean and the Atmos variables at one
grid point in the middle of the domain and the middle of the
simulation period. We notice the extension in time of the
OceanObs–Ocean correlation when the Ocean component
becomes slower with t 5 4, and we also observe that the cross
correlations between the Ocean and Atmos reduce in this
case compared to the case of t 5 1. The result is as expected
when we acknowledge that in the case of the Ocean having an
infinite time scale, there would be no covariation at all. A
practical implication is that in a more realistic coupled ocean
and atmosphere model, the correlation will be less than in the
KS model with t 5 1, at least for the dynamical variables de-
scribing the mesoscale dynamics. On the other hand, the vari-
ability of ocean mixed-layer temperature and the atmospheric
temperature may have stronger correlations than the ones

represented by the KS model, as, in reality, these are tightly
connected.

5. Data assimilation experiments

We have run many data assimilation experiments to test
different distance-based and adaptive correlation-based
localization-scheme configurations. We examined the impact
of the following parameters in these different configurations:
the truncation length in the distance-based localization, the
truncation correlation-distance value, and the error variance
inflation for the most distant measurements in the adaptive
correlation-based localization. We have also run experiments
with different ensemble sizes, although we have focused on
using 100 realizations in the ensemble.

FIG. 6. The plots show the time evolution of the residuals for the ensemble predictions using different values of t. The blue and red lines
are for the Ocean and Atmos variables, respectively. The dark lines indicate RMSEs relative to the reference solution. The light lines are
the ensemble-predicted RMS standard deviations denoted as RMSS.

FIG. 7. Here, we show the correlations from coupled ensemble simulations for t 5 0 and t 5 4. (top) The correlations of an Ocean
observation with the Ocean variable and an Atmos observation with the Atmos variable. (bottom) In contrast, the cross correlations
between an Ocean observation with the Atmos variable and the Atmos observation with the Ocean variable.
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We use a reference case where we run the model from time
0 to time 400. We have doubled the simulation length com-
pared to the experiments in Evensen et al. (2024) since the
Ocean is now 4 times slower, and we need a longer time inte-
gration to study the Ocean behavior. After 50 time units of
spinup time, we sample the Ocean and Atmos variables to
create observations. In all data assimilation experiments, we
use the same measurement density, where we collect meas-
urements every two time units, with a spatial resolution of ev-
ery 15 grid points for the Ocean variable and every 45 grid
points for the Atmos variable. Hence, there are three Ocean
measurements for every Atmos measurement. Considering
that the spatial scale ratio between Atmos and Ocean is eight,
the Ocean variable has significantly fewer observations per
length scale than the Atmos variable, i.e., 3/8 of the measure-
ment density of the Atmos variable. As we will see below, the

less dense sampling of the Ocean leads to a weaker control of
the Ocean’s evolution.

As the Ocean variable is evolving 4 times slower, the choice
of t 5 4 makes it easier to control as we have a 4 times higher
relative sampling rate of the Ocean variable than the Atmos
variable. We use the first period from t 5 0 to t 5 50 as an en-
semble spinup period, and we do not generate any observa-
tions for this period. For the remainder of the simulation
period, we simulate observational error in the assimilated ob-
servations by adding random noise from a normal distribution
with a mean of zero and a standard deviation of 0.3 for both
Ocean and Atmos measurements.

For the data assimilation experiments, we use the ESMDA
as described in Evensen et al. (2024), where we found that the
choice of four MDA steps is close to optimal for the current
configuration. We defined an assimilation window of length

FIG. 8. The figure shows the Hovmöller plots from a global update with N 5 100 realizations. (top) The Atmos variable and (bottom)
the Ocean variable. We plot the solution for the period of the assimilation experiment from t 5 50 to t 5 400 and do not include the
spinup ensemble integration from t5 0 to t5 50. The assimilation windows have a length of six units of time, and we plot the smoother es-
timate for all six units of time in every assimilation window. (first column) The respective variables’ reference solution. (second column)
The estimated posterior ensemble mean. (third column) The estimated ensemble standard deviations. (fourth column) The absolute value
of the residual between the estimate and the reference solution.
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equal to six units of time, which means that we have a grid of
15 3 3 measurements for the Atmos variable and 45 3 3
measurements for Ocean in each update step. Each MDA step
is independent of the previous ones, and we recompute the cor-
relations used to select measurements in each MDA step.

As discussed in Evensen et al. (2024), the optimal strategy
when using ESMDA is to directly update the solution in the
whole data assimilation window in the final update step rather
than integrating the model over the window from updated ini-
tial conditions.

a. Global updates

Four experiments with global updates, as in Evensen et al.
(2024), illustrate how ensemble size affects the analysis.
Figures 8–10 give the results for the cases where we use 100,
400, and 1000 realizations. We name these reference experi-
ments “global update experiments,” in which we do not apply
localization. When we use 100 model realizations, we have no
skill in estimating the solution. We experience filter divergence,
where the ensemble standard deviation does not correspond
to the expected variance in the residuals. In the case with an

ensemble size of 400 model realizations, the estimation im-
proves, but there are remaining residuals, illustrated by the
root-mean-square error (RMSE), that we are unable to reduce
and correct. Moreover, filter divergence affects the Atmos vari-
able estimate, where the residuals start growing at the end of
the assimilation period while the ensemble standard deviation
remains low, and it solves the space–time localization distance
issue that has hindered ensemble smoothers for a long time.
On the other hand, when using 1000 model realizations, we
obtain low RMSE values and an ensemble standard deviation
consistent with the expected variance in the residuals, suggest-
ing we avoid filter divergence. Note that the global update re-
sults with N 5 400 could benefit from adding inflation, but we
did not pursue this idea in the current paper as we focus on lo-
calization methods.

b. Local analysis

When using local analysis, we must tune some parameters,
whether we are using a distance- or correlation-based trun-
cation of measurements. For distance-based localization,
we need to determine the appropriate truncation distance.

FIG. 9. The Hovmöller plots show the results from a global update with N5 400 realizations. See the description in Fig. 8.
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Typically, one would set the truncation distance large enough
to include the characteristic length scales of the system.
For the correlation-based localization discussed in section 1,
we need to determine the truncation correlation distance
where we have a theoretical value of 3/

��������
N 2 3

√
as a first guess.

We can use the additional error inflation of the most remote
measurements for both localization approaches, which re-
quires setting a value for the maximum measurement error
variance inflation Emax in Eq. (10). In the current applica-
tion, we do not expect that the choice of b in Eq. (9) will
have a significant impact, and we use b 5 0.5. To assess the
effect of these parameters, we run the experiments that we
summarize in Fig. 11.

From Fig. 11, we observe that the distance-based localiza-
tion performs best when using a localization truncation dis-
tance of about 50 grid points. It is interesting to note that the
residuals for the Ocean variable are smaller for even shorter
localization lengths, but for those localization lengths, the
Atmos residual is larger. In additional experiments de-
scribed below, we investigate the possibility of using differ-
ent truncation distances for the Ocean and the Atmos

variables. Additional measurement variance inflation for
remote measurements has a negligible impact in the cases
of Fig. 11 using distance-based localization. On the other
hand, in the adaptive correlation-based localization, the er-
ror variance inflation has a considerable impact. We tried
values of Emax equal to one, two, four, eight, and sixteen.
We obtained the best results for distance-based localization
using Emax 5 4. For correlation-based localization, Emax 5

8 gave the best results. It may be surprising to see the vast
improvement we obtain by increasing Emax from one to
eight, but it is clear that this additional error inflation is cru-
cial for correlation-based localization. Figure 11 highlights
that we obtain significantly better results using adaptive
correlation-based localization than the physical distance-
based one.

We furthermore observe that we obtain better results
with correlation truncation values more significant than the
correlation truncation value derived from Eq. (6). Based on
the results of Fig. 11, we use truncation values between 0.3
and 0.4 corresponding to truncation distances dt between
0.6 and 0.7. Thus, we can use a relatively strong truncation

FIG. 10. The Hovmöller plots show the results from a global update with N5 1000 realizations. See the description in Fig. 8.
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that significantly reduces the number of measurements in
each local update, reducing the computing time.

In Fig. 12, we show the results from the distance-based lo-
calization using a localization distance of 50 grid points and
Emax 5 4. In contrast, in Fig. 13, we present the results from
the best configuration from Fig. 11 when using the adaptive
correlation-based localization. The distance-based localization
extends the solution space and allows the assimilation sys-
tem to track the reference solution without any observable
filter divergence efficiently. On the other hand, the adaptive
correlation-based localization overall gives a slightly lower
residual and better correspondence between the estimated
ensemble standard deviations and the expected variance of
the residuals. Note also that with correlation-based localization,
we do not need to consider differences in truncation distances
in the Atmos and Ocean variables, as is the case with distance-
based localization. The apparent vertical lines seen in the
Atmos standard deviations and residuals in Fig. 12 result
from the distance-based localization using a relatively short
truncation distance of 50 grid points, which creates small
discontinuities in the updated ensemble realizations.

c. Correlation-distance dependency

The Hovmöller diagrams of the global update experiments in
Figs. 8–10 illustrate the difficulty in obtaining accurate analyses
with small ensemble sizes. Figures 12 and 13 give the Hovmöller
diagrams for the case of distance-based localization and adaptive

correlation-based localization, respectively, both for an en-
semble size of N 5 100. Ensemble sizes larger than 400 for
these models give similar results with and without adaptive or
distance-based localization. However, for smaller ensembles,
both the adaptive correlation-based localization and the
distance-based localization reduce the RMSE by a factor of 3
or more. The ensemble spread [root-mean-square standard de-
viation (RMSS), which is the square root of the temporal aver-
age of the squares of the spatial standard deviations] is hardly
affected, suggesting no ensemble collapse in the localization
cases. A comparison of the RMSS and RSME allows us to
evaluate the estimated errors in comparison with the actual er-
rors. However, we notice that the ensemble spread is systemati-
cally too low for the ocean variables in all localization
experiments, indicating the need for including an additional in-
flation scheme. Since the Ocean dynamics are dominated by
smaller spatial scales than the Atmos dynamics, there is no
well-defined distance value for localization when we update
the Atmos with Ocean observations, or vice versa. We per-
formed many experiments with different localization distances
for Atmos and Ocean, but all had their issues, as expected,
given the outcomes of the experiments presented above.

The upper plots of Fig. 14 show the retained observations
from the first assimilation time in the first assimilation analysis
of ESMDA using distance-based localization and plotted at
their respective distance–correlation location. In this example,
we set the Euclidian truncation distance for distance-based

FIG. 11. The figure shows the RMSEs and ensemble standard deviations for different truncation distances for (left)
distance-based localization and (right) correlation-based localization. (top) The RMS values when we do not use error
variance inflation for remote measurements. (bottom) The results using the “best” values of Emax 5 4 for physical
distance-based localization and Emax 5 8 when we use the correlation-based localization. Each point on the curves
represents the averages over 50 experiments repeated with different random seeds. The ensemble size isN5 100.
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localization to 150 grid points, hence the absence of points at
greater distances. The “innovation,” i.e., the difference be-
tween the observation and the model equivalents, determines
the color of each observation. It is interesting to see that
many correlations are very small, even at very small distances.
One would expect these correlations to have high uncertain-
ties, leading to less accurate updates. We observe relatively
more observation–model pairs that differ more than three
units for the Ocean component than the Atmos component,
suggesting that we need a more significant update for the
Ocean variable. The upper plots of Fig. 14 also illustrate that
the Atmos variable has high correlations between observation
and model at distances exceeding 75, which we do not see for
the Ocean variable. We can interpret this difference in results
from the correlation structures from the free runs in Fig. 7
with t 5 4, where Ocean correlation length scales drop off at
about 75 grid points.

In the lower plots of Fig. 14, we set the truncation scale
in the correlation-based localization to 0.3. Some model–
data pairs with a lower correlation are visible in the plots. In

cases where the correlation for one component is higher
than the threshold and lower for the other component, we
still include the model–observation pair. One could argue
that only the component with a correlation higher than 0.3
should be updated by that observation, but we did not imple-
ment that. We find recurring strong correlations for the Atmos
variable every 120 grid points, consistent with the patterns in
Fig. 7. Figure 7 also explains the “bow like” structures seen in
the upper plots of Fig. 14 via the typical Atmos correlation
“blob” size of about 75 grid points. Interestingly, the coupling
through the data assimilation allows Ocean to inherit some of the
longer correlation distances at about 120 gridpoint distance from
Atmos, a desirable feature related to the physical interactions be-
tween the two components enforced by the data assimilation.

6. Summary and outlook

In this paper, we discussed different approaches to localiza-
tion. We demonstrated how adaptive correlation-based locali-
zation in the case of a coupled Kuramoto–Sivashinsky model

FIG. 12. The Hovmöller plots show the results from an update using distance-based localization, with a localization distance of 50 grid points,
Emax 5 4.0, andN5 100 realizations in the ensemble. See the description in Fig. 8.
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resulted in lower RMSE values than distance-based localiza-
tion. Moreover, it offers an approach that considers the differ-
ent spatial scales of the two coupled systems, and it solves the
space–time localization distance issue that has hindered en-
semble smoothers for a long time.

A fixed truncation distance in distance-based localization
will exclude observations strongly correlated with the ana-
lyzed variable and located relatively far from the analysis
point. Thus, distance-based localization is less effective in in-
corporating the information contained in relevant observa-
tions. The differences in spatial scales between the coupled
systems make the tuning of distance-based localization diffi-
cult: While the correlation scales between Ocean observations
and the modeled Ocean variable may be most prominent on
short spatial scales, the correlation between Ocean observa-
tions and Atmos model variables, or between Atmos observa-
tions and Ocean model variables, also involves larger spatial
scales. So, there is not one unique scale that presents itself as
a sensible distance truncation scale, which complicates the
tuning of a distance-based localization scheme.

Our approach differs from the standard adaptive covari-
ance and Kalman gain localization presented in previous stud-
ies in two distinct ways. First, we compute a local analysis,
updating the model solution grid block by grid block using a
subset of measurements for each grid block. Second, we intro-
duce a measurement error-variance inflation for measure-
ments with a significant Euclidian or correlation distance
approaching the truncation value (see Fig. 4 and its impact in
Fig. 11). The measurement error variance inflation leads to
smoother updates in space and time and significantly reduces
the error residuals, as the results from Fig. 11 demonstrate.
We propose that this measurement error variance inflation
explains the success of the adaptive correlation-based locali-
zation in this paper’s experiments.

Our results have focused on smoothing via ESMDA, while
many applications use filters such as variants of the EnKF.
We found that adaptive correlation-based localization achieves
a better overall performance than distance-based localization.
Figure 14 contains information on why that might be the case:
longer-range correlations, especially in the atmosphere, contain

FIG. 13. The Hovmöller plots show the results from an update using correlation-based localization, with a correlation truncation distance
of dt 5 0.68, Emax 5 8.0, and N5 100 realizations in the ensemble. See the description in Fig. 8.
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useful information, and observations with small local corre-
lations omitted by adaptive localization will not lead to
significant updates. We expect that this will also hold for
any filter implementation of adaptive correlation-based
localization.

In a filter, just as in a smoother, we typically assimilate all
observations in an assimilation window, which means that
even in a filter, we use the space–time correlations of the ob-
servations and the model to update the solution. Now in a fil-
ter, the update occurs at the end of the assimilation window
using observations within the window, whereas an iterative
smoother updates the assimilation window’s initial conditions.
This means that the influence of the localization will be differ-
ent. In a filter, inaccuracies due to localization will be propa-
gated with the forecast to the next assimilation time. In
contrast, in an iterative smoother localization inaccuracies
will be propagated through the assimilation window. The iter-
ative nature of the smoother will act to remove some of these
inaccuracies. However, the final update will be at the start of
the window, and the reduced inaccuracies from the iterations
will grow with the final propagation over the window. Hence,
it is hard to predict which method will suffer less from locali-
zation inaccuracies. This will depend, among others, on the
window length. As an aside, if we implement the ensemble
smoother (so without the multiple data assimilation) with an

update at the end of the window, the method is identical to an
EnKF, so the adaptive correlation-based localization in that
case will have similar performance as in the case of an EnKF
implementation.

The time of the computation of the correlations will influ-
ence the result of the adaptive correlation-based localization.
In our implementation, the correlations are computed at the
end of the assimilation window. If we implemented the adap-
tive correlation-based localization in a filter, this would be the
same.

While the multitude of spatial scales does not plague adap-
tive correlation-based localization, it also requires tuning. In
addition to the inflation factor, the adaptive correlation-based
localization has as tuning parameters the correlation thresh-
old and the observation error tapering. We provided a theo-
retical estimate for the correlation threshold value, which
should serve well as a first-guess value in more complex mod-
els. The tapering is very similar to that used in the standard
distance-based localization. In our experiments, we found
that stronger tapering toward larger observation errors is ben-
eficial for adaptive localization compared to distance-based
localization. This is not surprising because the physical distan-
ces over which the correlations are large can be much larger in
the adaptive approach than the distance-based localization cut-
off, see e.g., Fig. 14. Meaningful rules of thumb require more

FIG. 14. The figure illustrates the selection of observations in distance-based and adaptive correlation-based locali-
zation. (top) All the observations accounted for in the distance-based localization truncated at 150 grid points and
plotted at their respective distance–correlation locations. (bottom) All the observations accounted for in the adaptive
correlation-based localization truncated at an absolute correlation value of 0.3. The colors indicate the differ-
ences between the observations and their model equivalents. (left) The Atmos observations and (right) the
Ocean observations.
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experimentation in more realistic systems. Adaptive inflation
methods are likely to be most efficient, and a combination of
distance-based and adaptive localization may be an attractive
and practical approach in realistic applications.

Adaptive correlation-based localization tends to include
more observations in the analysis than distance-based localiza-
tion. While this increases the influence of the observations on
the data assimilation analysis, it may result in relatively high
computational costs. Also here, an interesting idea to avoid
this issue is a combination of distance-based and correlation-
based localization, in which we first limit the number of
observations by applying a wide spatial truncation, followed by
a truncation of the correlation distance. Such an approach not
only reduces computational costs but can offer a useful balance
between the well-known stability of distance-based localization
and the adaptivity of the correlation-based approach.

We performed the experiments in this paper using a highly
idealistic representation of two Earth systems bearing limited
similarity to the actual ocean and atmosphere. Further re-
search should include the application of more realistic models
of coupled systems. It will be interesting to see the perfor-
mance of the adaptive correlation-based localization when
coupling models of different Earth components. We can imag-
ine that for some Earth system components, the coupling will
be very nonlocal, very complex, and possibly non-Gaussian.
In those cases, a localization based on correlations rather than
on distance measures might better capture the relevant corre-
lations than a localization based on physical distance. This
would need to be investigated. In reality, the frequency and
location of observations will not be as favorable as in the ex-
periments presented here, and follow-up studies should con-
sider this fact as well. An exciting application for adaptive
correlation-based localization would be the assimilation of
“nonlocal” satellite radiances sensitive to deep atmospheric
layers as discussed by Campbell et al. (2010).

In conclusion, this study illustrates the benefits, sensitivities,
and promise that adaptive correlation-based localization methods
hold, and further research should consider these methods in
more realistic systems.
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