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ABSTRACT
The sensitivity of ensemble spread and forecast skill scores of decadal predictions to details of the ensemble
generation is investigated by incorporating uncertainties of ocean initial conditions using ocean singularvector-based (OSV) perturbations. Results are compared to a traditional atmospheric lagged initialization
(ALI) method. Both sets of experiments are performed using the coupled MPI-ESM model initialized from
the GECCO2 ocean synthesis. The OSVs are calculated from a linear inverse model based on a historical
MPI-ESM run. During the first three lead years, the sea surface temperature spread from ALI hindcasts
appears to be strongly underestimated, while OSV hindcasts show a more realistic spread. However, for later
lead times (the second pentad of hindcasts), the spread becomes overestimated for large areas of the ocean in
both ensembles. Yet, for integrated measures such as the North Atlantic SST and Atlantic meridional
overturning circulation, the spread of OSV hindcasts is overestimated at initial time and reduces over time.
The spread reliability measures are shown to be sensitive to the choice of the verification dataset. In this
context, it is found that HadISST tends to underestimate the variability of SST as compared to Reynolds SST
and satellite observations. In terms of forecast skill for surface air temperature, SST, and ocean heat content,
OSV hindcasts show improvement over ALI hindcasts over the North Atlantic Ocean up to lead year 5.

1. Introduction
Climate adaptation efforts require long-term climate
projections; at the same time they demand reliable climate predictions over the next several decades (Meehl
et al. 2009, 2011; Kirtman et al. 2013). To cope with this
latter requirement, climate research under the auspices
of the World Climate Research Programme (WCRP) is
deeply concerned with the science underlying the production of skillful climate predictions. Related research
topics entail the initialization of coupled models to
properly represent the present state of the climate system and the questions of how to cope with uncertainties
of the resulting decadal predictions taking into account
uncertainties in the initial conditions.
Following early pilot initialized climate prediction
attempts [e.g., by Pierce et al. (2004) and Barnett et al.
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(2004)], several groups were able to demonstrate that
initialized decadal climate predictions are indeed more
skillful than uninitialized climate projections, which
only relay on changes in external forcing (Smith et al.
2007; Pohlmann et al. 2009; van Oldenborgh et al. 2012;
Boer et al. 2013). The extra skill in the initialized forecasts is believed to come from climate modes of natural
climate variability, which, when properly initialized,
carry predictive skill on decadal time scales. Candidate
modes of internal climate variability that could contribute to predictive skill encompass Pacific decadal variability and Atlantic multidecadal variability (Anderson
and Willebrand 1996; Meehl et al. 2009; Mochizuki et al.
2010; García-Serrano et al. 2012; Chikamoto et al. 2015).
By now many studies have demonstrated that it is the
especially long-term memory of the ocean that is an important component for decadal predictability, and that
therefore primarily the ocean component of climate
models should be initialized. As an example, in the North
Atlantic it is the variability associated with changes in
the Atlantic meridional overturning circulation (AMOC)
that appears to be responsible for predictive skill (Hurrell
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et al. 2006; Pohlmann et al. 2013). Other relevant ocean
dynamic processes entail Rossby wave propagation (e.g.,
Capotondi and Alexander 2001) and advective propagation of temperature anomalies (e.g., Weaver and Sarachik
1991; Sutton and Allen 1997). Nevertheless, the natural
variability of the climate system is of chaotic nature and
decadal prediction effort, therefore, requires a probabilistic approach as it is common to short-term climate predictions and weather forecasts. Such an approach is
typically accomplished through the performance of ensemble forecasts created by perturbing the initial state of
the coupled system. The resulting spread of the respective
forecasts provides a measure of the likelihood of a specific
climate change to occur. However, to be useful, resulting
ensembles must be initialized such that all possible climate
states are being represented in the spread of the ensemble
[i.e., the forecast ensemble must be dispersive enough so as
to represent the variability of the system; Palmer (2000)].
In practice, the associated decadal predictions face an
issue of underdispersive ensembles at initial time (e.g.,
Ho et al. 2013) likely leading to an overestimated forecast skill (Palmer and Zanna 2013). There are several
reasons that may lead to such an overconfidence of decadal climate predictions [e.g., lack of variability in prediction systems or inadequate representation of the initial
condition error such as ocean initial conditions (ICs),
atmospheric weather noise, and coupled model errors;
Bengtsson et al. (2008)]. On the other hand, Ho et al.
(2013) suggest that a prediction system may simulate too
strong interannual variability because the analyzed ensembles are only underdispersive at the beginning of the
forecast, while at later lead years the ensembles tend to be
overdispersive. Initial condition uncertainties in decadal
predictions are sometimes sampled by perturbing the
atmospheric state or the ocean surface state (Smith et al.
2013; Hazeleger et al. 2013; Doblas-Reyes et al. 2011).
When generating an ensemble based on atmospheric
state perturbations, the assumption of perfect ocean initial conditions is used. However, ensemble generation
schemes should take into account the existence of major
uncertainties in the estimated ocean initial conditions by
also perturbing the initial ocean state.
The necessity to take care of errors in the threedimensional structure of the ocean initial conditions was
stimulated before by Zanna et al. (2011, 2012), who
suggested that errors in the deep ocean initial conditions
can strongly affect the predictability time of AMOC and
the upper-ocean temperature. Hence, more recent attempts of decadal prediction community, including the
ongoing German national research project on decadal
climate prediction MiKlip (http://www.fona-miklip.de/)
and the Seasonal-to-decadal climate Prediction for
the improvement of European Climate Services
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(SPECS; http://www.specs-fp7.eu/) project, address
ocean initial condition uncertainties through the bred
vector method, based on Toth and Kalnay (1997), the
anomaly transform (Romanova and Hense 2016), and
ensemble-based filtering approaches (Yang et al. 2013;
Brune et al. 2015). Full-depth ocean state perturbations
for decadal predictions are also sometimes implemented
through an ensemble of different assimilation runs (e.g.,
Du et al. 2012). The singular vector approach has also
been recently reviewed by Palmer and Zanna (2013) for
ensemble climate predictions and as a tool to diagnose
predictability of El Niño–Southern Oscillation and the
large-scale decadal variability of AMOC. Focusing on
the Atlantic Ocean and based on climatically relevant
singular vectors, Hawkins and Sutton (2011) identified
the areas of the ocean that are sensitive to initial perturbations and where detailed ocean observations are
needed to better initialize decadal climate predictions.
In this study, we will investigate an alternative strategy to generate an ensemble of decadal predictions by
using ocean singular vectors (OSV) designed to represent uncertainties in ocean initial conditions. To analyze
the sensitivity of ensemble spread and forecast skill of
decadal predictions to such an OSV scheme, we compare it with the atmospheric lagged initialization
scheme, which uses an assumption of perfect ocean initial conditions. The applied OSV scheme is a modification of the method that was originally designed by
Molteni et al. (1996) for numerical weather predictions.
It is applied here by finding the most rapidly growing
perturbations (e.g., singular vectors) in the slow component of the coupled system and scaling them to represent the errors contained in ocean initial conditions.
The evolution of the ocean state is approximated by a
linear inverse model (LIM) to provide a surrogate for
the necessary linearized model that is not available for
the Max Planck Institute Earth System Model (MPIESM). For this approximation, the underlying assumptions are that the ocean model has only stable modes,
that the forcing of the ocean by the atmosphere can be
represented by stochastic noise, and that coupled feedbacks are small. The nonorthogonality of the oceanic
modes can lead to transient growth in the ocean, which
describes the dominant part of how errors in the ocean
initial conditions contribute to the spread.
The remaining paper is organized as follows. In section 2,
we provide a description of the coupled ocean–atmosphere
general circulation model, ensemble generation procedures, experiments, and methods used to evaluate relevance of the ensemble spread and to estimate the
forecast skill of the model. In section 3, we analyze the
initial oceanic perturbations and after they have been used
by the coupled model to produce decadal predictions.

Unauthenticated | Downloaded 01/09/23 09:14 AM UTC

JULY 2016

2721

MARINI ET AL.

Section 4 describes the performance of ensemble generation strategies in terms of the spread reliability and section
5 in terms of predictive skill. Section 6 provides a discussion and the conclusions.

2. Approach
The experimental setup is designed to compare two
ensemble generation methods based on atmospheric lagged initialization (ALI) and on OSV perturbations for
initialized decadal climate predictions. The initialized
predictions are performed with the MPI-ESM. In the following we will briefly describe all experimental ingredients;
more details can be found in the references listed.

a. The coupled model
Our study is based on the MPI-ESM, version 1.0. Its
atmospheric component is ECHAM6 (Stevens et al.
2013) configured with a T63L47 resolution. The oceanic
component, the Max Planck Institute Ocean Model
(MPI-OM; Jungclaus et al. 2013), is implemented with
1.58 horizontal resolution and 40 vertical levels [lowresolution (LR) configuration MPI-ESM-LR]. The LR
version of MPI-ESM has been used for all the initialized and uninitialized model runs throughout this
study. Previously, the MPI-ESM-LR setup was described in detail by Giorgetta et al. (2013). The performance of decadal hindcasts in similar setup was
discussed before by Müller et al. (2012) who demonstrated improved surface temperature skill from initialization experiments (MPI-ESM-LR was initialized
with temperature and salinity anomalies from the
NOAA/NCEP forced run) relative to the uninitialized
run. Later, Pohlmann et al. (2013) showed that further
improved skill can be established that is related to the
simultaneous use of ocean and atmospheric reanalyses
data. Like in previous experiments, the coupled model
is also forced here using historical aerosol and greenhouse gas concentrations over 1850–2005, and the
RCP4.5 pathway over 2006–14.

b. Experiments
All initialized experiments start from the German
contribution to Estimating the Circulation and Climate
of the Ocean (GECCO2), version 2, ocean synthesis
(Köhl 2015; Köhl and Stammer 2008). GECCO2 has a
global domain with 18 zonal resolution and 1/38 meridional refinement toward the equator, and 50 vertical
levels. Following the procedure described by Pohlmann
et al. (2009) to produce initial conditions, an assimilation
run over 1948–2010 is carried out, in which full-depth
temperature and salinity fields are nudged with a relaxation time of 11 days toward the GECCO2 anomalies

superimposed onto the MPI-ESM climatology. Thus,
10-yr-long hindcasts are started every year from 1991 to
2006 with initial conditions of 1 January sampled from
the assimilation run.
Two types of ensembles are created, each containing 9
members (1 unperturbed and 8 starting with perturbed
initial conditions) for 16 starting dates (1991–2006). For
the first type of ensembles corresponding to atmospheric
lagged initialization (ALI-HIND), only the atmospheric
state is perturbed by shifting it by 1–8 days. A similar
atmospheric lagged initialization method was applied
before for the same MPI-ESM by Müller et al. (2012),
which is based on the assumption that the weather noise
and the associated divergence of the climate trajectories
are the dominant source for the ensemble spread; the
errors in the ocean initial conditions as a source of
uncertainty are disregarded in this approach. For the
second type of ensembles (OSV-HIND), perturbations of temperature and salinity are imposed based
on empirical OSVs described in section 2c, while the
atmospheric state is unperturbed.

c. Oceanic perturbations using singular vectors
The calculation of oceanic perturbations in this study
follows Molteni et al. (1996). The perturbations can be
computed as the singular vectors (SVs) of the tangent
propagator of the dynamical system representing the
evolution of the ocean. As the latter corresponds to the
set of complex nonlinear differential equations used in
the oceanic component of the model, the computation of
the SVs would be very costly, requiring one to know the
tangent linear model and its adjoint. To simplify the
problem, the system is restricted to the evolution of fulldepth temperature and salinity anomalies, and is assumed
to be well approximated by a linear Markov process. The
dynamics of the system are thus assumed to be linear,
more precisely, all nonlinear dynamics are considered to
have shorter time scales than the linear dynamics and
approximated as white noise. Such a LIM has been shown
to be a good approximation of the evolution of oceanic
variables in many cases; in particular of seasonal tropical
sea surface temperature (SST) anomalies (Penland and
Sardeshmukh 1995; Penland and Matrosova 1998) as well
as seasonal Pacific and Atlantic SST anomalies (Newman
2007; Marini and Frankignoul 2014), annual global surface temperature anomalies (Newman 2013), and annual
temperature and salinity anomalies in the Atlantic
(Hawkins and Sutton 2009; Tziperman et al. 2008). Note
that since the system is modeled by a constant linear
propagator, the resulting SVs are not flow dependent.
Necessary steps involved in the calculation are only
briefly described here; further details can be found in
appendix A and in Molteni et al. (1996):
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1) Reducing the state space using bivariate empirical
orthogonal function (EOF) analysis applied to annual 3D temperature and salinity anomalies. The first
28 principal components (PC) are considered to
represent the state vector in a reduced space, explaining 68.4% of the total variance.
2) Fitting a linear propagator to the PC time series using
LIM (following Penland and Matrosova 1994). Verification tests for LIM are provided in appendix B.
3) Calculating optimal perturbations (OSVs) under the
L2 amplification norm and optimization time interval
t 5 5 yr.
4) Rotation and scaling of OSVs to obtain perturbations with amplitudes representing the errors in
initial conditions [i.e., such that the amplitudes
of all OSVs after rotation are as close as possible to
the estimates of the root-mean-squared errors
(RMSEs) of the GECCO2 ocean synthesis]. Derivation of the rotation matrix is given in appendix A.
Examples of the four OSVs are illustrated in Fig. 1 in
terms of their temperature and salinity signature at 150 m.
The strongest temperature perturbations are located
along the North Atlantic Current and in the Nordic Seas
with an absolute amplitude value of about 3 K in the
upper 200 m, which decreases to 1.5 K around 1000 m, and
to 0.5 K deeper in the ocean. In the upper layers, large
perturbations are also observed in the Kuroshio Extension, the equatorial Pacific, and about 308S/N in the
eastern Pacific. In the deep ocean, large perturbations
are also found in the eastern tropical and subtropical
Atlantic, and in the Southern Ocean (not shown).
The largest salinity perturbations are located in the
Arctic, and in particular in the Laptev and Beaufort Seas.
They amount to 2.5 psu at the surface and decrease to
1 psu at 150 m, to 0.3 psu around 500 m, and below
0.1 psu around 2000 m. Large salinity perturbations are
also found in the upper layers along the North Atlantic
Current and between 208 and 408N in the eastern Pacific.
Deeper in the ocean, the large salinity perturbations are
located in the Southern Ocean and in the eastern tropical
and subtropical Atlantic, similar to the location of temperature perturbations (not shown). Resulting density
anomalies are mostly temperature dominated with
often a partial compensation from the salinity anomalies
except for the Arctic Ocean, where salinity dominates
and temperature partially compensates.

3. Initial spread and subsequent perturbation
growth generated by the OSVs
We recall that in this study we intend to include
uncertainty measures of the ocean initial conditions
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into the ensemble generation procedure and that for
the initial condition uncertainty being adequately
represented by perturbations. To this end, we need to
make sure that the initial spread of OSV perturbations
is in the range of the ocean synthesis error. We also
need to investigate how these initial perturbations
evolve in time.

a. Initial spread of OSVs
As part of the ensemble generation procedure for
decadal hindcasts the four gravest OSV perturbations
are added and subtracted to/from the state of the assimilation run at the initialization time after rotation and
scaling. To understand how well the uncertainty in
initial conditions is represented by those OSVs, the
initial spread of OSVs is compared with the posterior
GECCO2 error.
A comparison of the GECCO2 error for temperature
and salinity with the initial spread of perturbations is
shown in Figs. 2 and 3 at the depths of 150 and 1220 m,
respectively. Shown in the left column of both figures is
the GECCO2 error that was calculated as the rootmean-square (RMS) difference to the EN3 v2 data
(Ingleby and Huddleston 2007) during the data-rich
Argo period after 2002. Since the anomaly initialization method is used here, a mean bias of GECCO2 does
not affect the assimilation run and the mean bias of
GECCO2 was corrected with the World Ocean Atlas
2009 dataset (Levitus et al. 2009) prior to calculating the
RMS difference. The EN3 v2 data include in situ profiles
from Argo XBT and CTD instruments. The profile data
describe the full variability of the ocean on all spatial
and temporal time scales. This includes, in particular,
spatial and temporal scales of mesoscale variability,
which are not accounted for in SST products commonly
used for the estimation of the predictive skill. This deficiency has implications for the evaluation of the spread
with different datasets as detailed below in section 4.
Since GECCO2 is only monthly and only slightly
better than 18 in resolution, much of the differences to
EN3 v2 are related to the lack of mesoscale variability
in GECCO2 and related to the representation errors
that are likely to be similar in the slightly lowerresolution version of MPIOM used here. The necessary underlying assumption is that the error is constant
in time and can be estimated from the shorter time
period for which sufficiently dense temperature and
salinity records exist from the Argo profiles database.
Although the impact of the short scales on the large
scales that are simulated and predicted by the model is
not easy to estimate, their effect is likely to be smaller
than the associated error suggests. Since objective analyses underestimate the variability as shown further in
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FIG. 1. Patterns of the four OSVs for temperature T (K) and salinity S (psu) at 150 m. The OSVs are rotated and
scaled.
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FIG. 2. (left) A posteriori RMS errors in GECCO2 and (right) the initial spread of ocean perturbations for (top) temperature (K) and
(bottom) salinity (psu) at 150 m. RMS errors for GECCO2 are calculated with respect to the EN3 v2 data.

section 4, the best option probably is to reduce the eddy
signal by comparing longer-term averages such as annual
means. However, this was not attempted here since the
number of years with sufficient coverage of salinity data
was quite small at the time the OSVs were calculated, but
with more than 10 years of Argo salinity data available
now it becomes an option for future studies.
The right columns of Figs. 2 and 3 show the representation of the error by the OSV perturbations. Although
there are substantial discrepancies between the error
patterns of GECCO2 and the initial spread of oceanic
perturbations, given that the perturbations are based on
only the four gravest modes, the correspondence is quite
remarkable. At 150 m the initial spread for temperature is
large over the regions with the energetic current systems.
Overall, at this depth the GECCO2 error is larger than
the initial spread of perturbations and spatially more
uniform. For salinity fields at 150 m, the spread for the
large areas of the ocean is smaller than the synthesis
error, with an opposite being true over the Arctic
Ocean. The initial spread is comparable to the error in
the eastern tropical Pacific and the North Atlantic.

The resemblance is better for the deep ocean, particularly for temperature. As an example, at about 1220-m
depth, in the Atlantic, Southern, and Indian Oceans, the
initial spread is close to the GECCO2 error. Nevertheless, over the Pacific Ocean, the initial spread for temperature perturbations is still smaller than the GECCO2
error. For salinity perturbations at this depth, the spread
is in the range of the GECCO2 errors over the North
Atlantic, Arctic, and Indian Oceans.
The North Atlantic Ocean is associated with mechanisms of internal variability that give rise to forecast skill
at the decadal time scale (e.g., Boer et al. 2013). In this
regard, it is encouraging to obtain a reasonable spread in
high predictability region and to further analyze how the
perturbations evolve during the forecast time and how
they influence the forecast skill.

b. Perturbation growth factor from evolved OSVs
As suggested by Ho et al. (2013), the ensemble spread
of decadal predictions is underdispersive for the first
lead years, meaning that the spread does not grow fast
enough in comparison with the mean error, while during
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FIG. 3. (left) A posteriori RMS errors in GECCO2 and (right) the initial spread of ocean perturbations for (top) T (K) and (bottom)
S (psu) at 1220 m. RMS errors for GECCO2 are calculated with respect to the EN3 v2 data.

later lead years the spread tends to be overdispersive.
Particularly during the first lead years, fast-growing
OSV perturbations could improve the spread if the
time scales of the growth are in the range of one or only
few years. Since the system is assumed to be linearly
stable, the growth is only associated with the nonorthogonality of the system and is therefore transient.
The saturation of the growth is important to limit the
dispersion of the system during later lead years. Besides
the evaluation of the growth characteristics of the LIM,
it is necessary to evaluate how the initial OSV perturbations evolve (grow) in the fully nonlinear prediction
system. We compute the perturbation growth factor
based on the ensemble predictions and compare it with
the amplification from LIM.
The amplification from LIM is calculated as the
square root of the ratio of the perturbation norm at time
t to the norm of the initial perturbation [as defined in
appendix A, Eq. (A3)]. For the calculation of amplification predicted by LIM, the rotated OSVs but not
scaled are used. For the total perturbation growth factor

in the prediction system, the evolved perturbations are
calculated as the differences between every ensemble
member of the perturbed hindcast and the control (unperturbed) hindcast at certain lead time. As can be inferred from Fig. 4, showing the respective perturbation
growth ratio from LIM and prediction system, for four
OSV-based perturbations, the amplification from LIM
amounts to 1.1–1.2 after 5 years. The perturbation
growth factor for nonrotated OSVs is in the same range
as for rotated ones (not shown). The perturbation
growth factor due to the evolution of the oceanic perturbations in the prediction system reaches 1.25–1.7 after 5 years.
Since the prediction system is a fully nonlinear
model, the weather noise becomes a function of the
perturbation. The differences in atmospheric forcing
in OSV-HIND contribute to the total perturbation
growth in the prediction system and, as suggested by
Kleeman et al. (2003), can be the limiting factor for
the evaluation of OSVs because weather instabilities
grow faster than other instabilities in the coupled

Unauthenticated | Downloaded 01/09/23 09:14 AM UTC

2726

MONTHLY WEATHER REVIEW

VOLUME 144

FIG. 4. Perturbation growth factor as predicted by LIM for each singular vector after rotation (gray), and as
predicted by the GCM in OSV-HIND (bold green and blue) and in ALI-HIND (red). The green (blue) curves
correspond to hindcasts for which the perturbation was added to (subtracted from) the unperturbed condition.
Separately for temperature, the perturbation growth is shown in thin solid, and for salinity in thin dashed curves.
The perturbations are calculated from December monthly mean, and use grid-volume weighting and normalization
by the STD from the historical run. The perturbation growth factor is calculated over all start dates and for ALI
over all ensemble members using all grid points (horizontal and vertical).

model. Hence, OSVs can be swamped by the much
faster growing atmospheric instabilities. To evaluate
the growth due to differences in forcing from the
perturbed atmospheric initial state, we calculate the
growth factor based on ALI-HIND. The curves that
represent the total perturbation from OSV-HIND and
the perturbation due to atmospheric weather noise
from ALI-HIND become almost parallel after 3–4
lead years (Fig. 4). To estimate the error growth associated with the evolution of OSVs in the prediction
system, the differences to the unperturbed run were
projected onto the OSV space for each hindcast. The
analysis of the projected OSV-HIND perturbations
does not confirm growth of the OSV-based perturbations in the nonlinear dynamic system. This is likely
to be related to the size of the initial perturbations,
for which the linear approximation is probably no
longer valid.

4. Ensemble spread performance
The sensitivity of the ensemble spread to the ensemble generation procedure and the implications for the
resulting forecast skill are investigated here. We recall
that the ensemble spread is a measure of uncertainties in
the predictions. To evaluate the ensemble spread of
initialized hindcasts, we calculate the spread-to-RMSE
ratio and b score (bS; Keller and Hense 2011). The
spread-to-RMSE ratio is defined as follows:
s«
RMSE
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1 S 1 M
å å (h 2 hj )2
S j51 M i51 ij
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
5
,
1 S
2
å (o 2 hj )
S j51 j

spread-to-RMSE ratio 5

(1)
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FIG. 5. Spread-to-RMSE ratio for (left) ALI-HIND and (right) OSV-HIND evaluated for SST at lead time (top) year 1 and (bottom)
year 5. The ensemble spread is reliable if the spread-to-RMSE ratio value is 1. If spread-to-RMSE ratio , 1, the spread is underestimated,
otherwise, the spread is overestimated. The RMSE is based on Reynolds SST (Reynolds et al. 2007). Stippled areas show the regions
where the difference from 1 is larger than the uncertainty calculated according to the uncertainty propagation of an assumed SST error of
0.78C. The error is motivated by the RMS differences to independent buoy data (Reynolds et al. 2002) and assumed here as the upper limit
for the annual SST error. Note that the spread-to-RMS ratio is a nonlinear function and the approximation by the uncertainty propagation
is only marginally valid since the errors are relatively large.

where s« is the average ensemble standard deviation
(STD) over all start dates ( j 5 1, . . . , S), RMSE is the
root-mean-squared error of the ensemble mean forecasts, h is the hindcast, the overbar denotes the ensemble
mean of hindcasts, and o is the counterpart observation.
Indices i 5 1, . . . , M indicate ensemble members. If the
ensemble forecast is perfect (the observations and ensemble members are statistically indistinguishable from
each other), the RMSE of the ensemble mean must
equal the average ensemble STD (RMSE 5 s« ), so that
the spread is representative of the uncertainty in the
ensemble mean.

The bS is defined as follows:
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1
,
bS 5 1 2
a3b

(2)

where a and b are the parameters of the b-distribution
fit of the analysis rank histograms (Keller and Hense
2011). A value of 0 is obtained for flat histograms and
suggests perfect ensemble spread. A value larger (smaller)
indicates an overestimation (underestimation) of the
uncertainties corresponding to a too large (small)
ensemble spread.
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FIG. 6. The ratios of variability based on observational datasets and model. The variability of verification datasets (top) Reynolds SST
and (bottom) HadISST (Rayner et al. 2003) is tested with respect to (left) AMSR-E. (right) Much more variability is simulated by the
model (red, ratio . 1) with respect to verification datasets. For consistency with AMSR-E, the time period of 2003–10 is used in
calculations.

a. Spread-to-RMSE ratio for SST
The spread-to-RMSE ratio as a measure for the adequacy of spread for SST is shown in Fig. 5. In the first
lead year, the mean SST ensemble spread for ALIHIND is smaller than the error, suggesting that the SST
spread is underestimated. However, for hindcasts that
use OSVs, the spread is on average comparable to the
error range. In some areas such as the tropical Atlantic
and Indian Oceans, and polar regions, the spread is
considerably larger than the error, and in the tropical Pacific and Southern Oceans, the spread is less than the error.
For the lead year 5, the OSV approach yields more regions
with the overestimated spread than ALI-HIND, which
slightly underestimate the spread in the Atlantic and
Southern Oceans. Both sets of hindcasts overestimate the
spread over the polar regions, in the Indian Ocean, and the
western part of the equatorial Pacific Ocean. The uncertainty in the observation enters the spread-to-RMSE ratio through the RMSE; hence, we have included the
uncertainty estimate for the ratio calculated using uncertainty propagation. The stippled region in Fig. 5 shows
that the underestimation of the spread is unaffected by
uncertainty of the SST observation but the regions of

overestimation remain mostly within the uncertainty.
The findings of underestimated spread for the first lead
years and overestimated SST spread thereafter are consistent with those previously reported by Ho et al. (2013),
who compared ensemble generation schemes using random SST perturbations versus perturbed physics.

b. Uncertainty in the verification datasets
Analyzing the spread-to-error ratio for SST, Ho et al.
(2013) related the overestimated spread at late lead
years to the tendency of their model to simulate too
strong SST variability. Their verification analysis was
based on the Hadley Centre Sea Ice and Sea Surface
Temperature (HadISST) dataset. In this respect, we
found that in comparison to the Advanced Microwave
Scanning Radiometer for the Earth Observing System
[AMSR-E, 0.258 grid, version 7.0; Wentz et al. (2003)]
observations, HadISST tends to underestimate SST variability. Hence, if verification datasets themselves underestimate the observed variability, this leads to an
artificial overestimation of the ensemble spread by the
initialized hindcasts. One of the reasons why the verification datasets might underestimate the observed
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variability is that they represent smoothed versions of
observations. For instance, HadISST data are based on
optimal interpolation of local temperature observations.
In contrast, the Reynolds SST dataset is produced from a
combination of satellite measurements and in situ observations and is thus closer to AMSR-E than HadISST.
To quantify the amount by which the verification
datasets (Reynolds and HadISST) underestimate the
variability with respect to the real SST observations, we
show in Fig. 6 the ratio of the STD of SST data retrieved
from AMSR-E to the STD of a verification dataset over
the period 2003–10. The ratio for the SST variability
from MPI-ESM and HadISST shows the reduced variability from HadISST over the Atlantic Ocean, along
the eastern Pacific, and the extratropical Southern
Hemisphere. The AMSR-E variability is almost twice
as large as the HadISST variability over the tropical
Atlantic and Pacific Oceans and up to 4 times as large in
the extratropical Southern Hemisphere. The SST variability from Reynolds dataset is more comparable to
the AMSR-E variability; yet, the ratio of model over
Reynolds SST variability still shows that the model
tends to overestimate variability over the equatorial
Pacific, Indian, and Southern Oceans, and the western
boundary currents. Because of the short period of
AMSR-E data, it could not be used for verification
here. Since the possibility of a reduced variability applies also to evaluation with the ocean heat content for
the 0–700-m layer (OHC700m), which is also based on
interpolated data, the deficiency of this type of data
contributes to low skill of ensemble spread from OSVHIND. Hence, low skill of spread may in fact reveal a
deficiency of the data rather than a deficiency in spread.

c. Ensemble spread performance for climate indices
If SST is averaged regionally (e.g., the North Atlantic,
tropical Atlantic, and North Pacific), the spread for
OSV-HIND and the associated spread-to-RMSE ratio
decrease with time, while the spread for ALI-HIND is
constantly increasing over the forecast period. As an
example, the spread scores for the North Atlantic SST,
North Atlantic OHC700m, and AMOC are shown in
Fig. 7. For the North Atlantic SST and OHC, the spread
from OSV-HIND is substantially overestimated at initial time and reduces over time. However, when the
pointwise SST spread-to-RMSE ratio is estimated first
and then area averaged, the resulting measure is close to
the perfect case (about 1) at the beginning of the hindcasts. This is related to the fact that the initial perturbations from the OSVs have large-scale patterns that
lead to a larger spread than the residuals to the data that
have smaller-scale spatial characteristics. Particularly near the surface, the initial large-scale pattern
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disintegrates through the atmospheric forcing, which
leads to a decrease of spread of averaged quantities with
lead time. Also our verification datasets are not real
observations but data assimilation products similar to
those that we use for initializing the hindcasts, the difference to those, therefore, may not reflect the STD of
the observations. On the other hand, the substantial
errors of our initial conditions may compensate for this,
so that we do not see the real extent of the problem.
In contrast to the spread-to-RMSE ratio, which estimates the quality of the spread with respect to the
forecast error, the beta score (bS) measures reliability
of the spread with respect to the observed variability.
OSV-HINDs tend to overestimate the spread for SST
and OHC700m but seem to be in the range of values
that ALI-HINDs approach for later lead times,
whereas ALI-HINDs tend to underestimate the spread
at the beginning of the forecasts. A similar behavior of
scores is observed for other region averages (not
shown). For the AMOC, both scores show that OSVs
lead to a better ensemble spread at 488N, while for
AMOC at 258N the scores are close to the perfect estimates at the beginning of the forecast and diverge to
the estimates of the lagged initialization method for the
later lead years.
The OSV perturbations are designed to represent
the errors of ocean state at initial time, which ideally
should lead to perfect spread scores at initial time.
However, as shown above, the small number of SVs
limits the representation of the error and the spread at
initial time may not be optimal despite the scaling requirement. It is thus instructive to base the spread
assessment on EN3 data, although these types of data
are usually not employed to investigate skill scores.
As an example, bS and the spread-to-RMSE ratio for
the subsurface temperature averaged over the depth
(0–300 m) in the North Atlantic Ocean are shown in
Fig. 7 (bottom panel). In fact, both hindcast sets underestimate the variability at all lead months. However, the scores for OSV-HIND show better results
than for ALI-HIND, particularly at initial time and
throughout the entire period.

5. Forecast skill
Although the primary intention of ensemble forecasting is to predict information about the probability of
prediction and not to improve the prediction skill itself,
it is known that the ensemble predictions are more
skillful than deterministic (unperturbed) predictions.
Du et al. (2012) suggest that decadal predictive skill is
not significantly affected by ensemble generation
method (ocean and atmosphere perturbation methods
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FIG. 7. (a) Spread-to-RMSE ratio and (b) beta score for SST averaged over the North Atlantic (08–608N, 708W–08) for the atmospheric
lagged initialization (ALI, red), the oceanic perturbations (OSV, blue), and the perfect score values (gray dashed). Additionally in (a), the
SST spread-to-RMSE ratio (from Fig. 5) averaged over the North Atlantic is shown in red and blue dashed. Same scores are shown
(c),(d) for the North Atlantic OHC700m and for (e),(f) AMOC at 258N (solid) and 488N (red and blue dashed), and (g),(h) for the North
Atlantic subsurface temperature (averaged over the depth 0–300 m). In (g) and (h), the monthly mean temperature fields from the
initialized hindcasts include the grid points, where the EN3 v2 verification data are available. The 12-month running mean is applied to the
score. The verification dataset for SST is the Reynolds SST (Reynolds et al. 2007), for OHC700m it is NODC (Levitus et al. 2009), and for
AMOC it is the assimilation run.

are considered). In contrast, Zhu et al. (2012, 2013) and
Hudson et al. (2013) showed that seasonal predictive
skill and reliability skill scores are sensitive to ensemble
generation methods. Moreover, they showed that ocean
perturbation methods lead to better skill and more reliable predictions. Since in a nonlinear system, the development of the ensemble mean can depend on the
particular perturbations, we compare the forecast skill
for the two ensemble generation methods in the following. Smith et al. (2013), Goddard et al. (2013), and
Boer et al. (2013) demonstrated that decadal prediction

systems are skillful in predicting regional surface air
temperature (SAT). In all cases the forecast skill is
represented in terms of correlation skill:

åhj oj
SkillCOR 5 qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃqﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ ,
2
åhj åo2j

(3)

where SkillCOR is the uncentered anomaly correlation coefficient (COR; Wilks 2011; Smith et al. 2013), hj is the
ensemble mean of predicted anomalies, and oj is the observed anomaly; index j represents the start date. Both
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FIG. 8. (left) COR skill for lead time year 1 and year 5 for SAT. (right) Positive values of COR skill score show the relative improvement
of OSV-HIND over ALI-HIND. The hindcasts are bias corrected and not detrended. The verification dataset for SAT is HadCRUT3v
(Brohan et al. 2006). The contours imply 90% significance level according to the t test.

predicted and observed anomalies are calculated with respect to the observed mean over the period 1991–2006.
Another measure of the forecast skill is the mean continuous ranked probability skill (CRPS), which estimates
the difference between the predicted, P(hi ), and occurred,
P(o), cumulative distributions (Hersbach 2000):
ð 1‘
SkillCRPS 5
[P(hi ) 2 P(o)] dx,
(4)
2‘

where the smaller values for CRPS mean better skill.
CRPS takes into account the information from the
ensemble spread (index i represents the ensemble
member) and is averaged over the start dates. It has the
units of the analyzed variable x.

Relative improvement for the forecast skill from using
OSV relatively to ALI-HIND is assessed in terms of the
skill score (Wilks 2011):
Skill score 5

SkillOSV 2 SkillALI
,
Skillperfect 2 SkillALI

(5)

with Skillperfect 5 0 for CRPS and Skillperfect 5 1 for COR.
Positive values of the score suggest forecast skill improvement when using OSV, negative values mean an
improvement for the ALI-scheme.
To allow a comparison of the predictive skill from
this study with results from other studies, we analyze
specifically SAT. The observed fields for SAT are
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FIG. 9. (left) CRPS for lead time year 1 and year 5 for SAT. (right) Positive values of CRPS skill score show the relative improvement of
OSV-HIND over ALI-HIND. The hindcasts are bias corrected and not detrended. The verification dataset for SAT is HadCRUT3v
(Brohan et al. 2006). The percentage represents the fraction of areas where the OSV scheme shows an improvement over ALI.

sampled from HadCRUT3v dataset (Brohan et al.
2006). Prior to calculating the skill estimates, the mean
bias (the mean difference over the start dates between
the ensemble mean of hindcasts and observations) was
removed for each lead year (Smith et al. 2013). Hence,
forecast skill for SAT from OSV-HIND and ALI-HIND
is shown in Figs. 8 and 9. As an example, we show the
skill for lead years 1 and 5 in terms of COR and CRPS.
In general, SAT skill provides patterns that are comparable to those previously reported (e.g., Goddard
et al. 2013; van Oldenborgh et al. 2012; Doblas-Reyes
et al. 2013). In the first lead year, the area of COR skill
improvement from using OSVs is about 55% with
somewhat modest values of about 0.2. The North

Atlantic Ocean stands as a region where OSV-HINDs
demonstrate improving up to lead year 5 (COR skill
score values about 0.4–0.5), thereafter, the pattern of
better skill from using OSVs appears in the tropical
Pacific (not shown). The summary of the forecast skill
for the North Atlantic region for SAT, SST, and
OHC700m are shown in Fig. 10. The CRPS score supports the information about regions of high forecast
skill, in particular suggesting the robust improvement
for OSV-HIND over the North Atlantic. For initializing
the hindcasts in this study, we use only ocean synthesis
data; however, some studies show also an advantage of
using the atmospheric reanalysis data for the forecast
skill in the tropics (e.g., Pohlmann et al. 2013). We note,
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FIG. 10. (left) COR skill for the North Atlantic SST (dashed) and SAT (solid), and (right) for the North Atlantic
OHC700m averaged over 08–608N, 808–108W for ALI-HIND (red) and for OSV-HIND (blue). The hindcasts are
bias corrected and not detrended. Circles imply 90% significance level according to the t test.

that in general terms the improvements of the forecast
skill resulting from using OSV-based perturbations are
relatively low.

6. Discussion and conclusions
To quantify the sensitivity of ensemble spread and
forecast skill for decadal predictions to uncertainties in
ocean initial conditions, this study compares the performance of hindcast ensembles based on oceanic singular vectors (OSV-HIND) and on atmospheric lagged
initialization (ALI-HIND). The ensemble generation
method based on OSVs was implemented with MPI-ESM
to improve the ensemble spread characteristics of decadal predictions, which are shown to underrepresent
the spread during initial lead years. Because the computation of OSVs can be quite resource consuming
(Kleeman et al. 2003; Tang et al. 2006), we applied a
less computationally costly empirical method to calculate OSVs, which uses a linear inverse model (LIM)
and a reduced state space based on empirical orthogonal function (EOF) analysis. An alternative estimation of singular vectors relevant for decadal predictions
with relatively low computational demands was proposed by Hawkins and Sutton (2011) based on perturbations of a climate model by EOFs. Despite these
approximations, results can nevertheless be considered
conclusive for the purpose.
Though the importance to sample the uncertainty of
ocean initial conditions in decadal predictions has been
recognized, it remains a nontrivial task to optimally
represent the limited knowledge of this uncertainty by
the initial spread of an ensemble. The OSV scheme used
in this study was shown to improve the ensemble spread
at the beginning of the hindcasts in contrast to applying
just the atmospheric perturbations. The findings of this
study have implications both for designing future

ensemble generation method based on oceanic singular
vectors and for verification of ensemble spread skill. The
following points summarize the OSV scheme and provide further suggestions to optimize the method:
d

d

d

Amplification produced by LIM is about 1.2 after
5 years, while the evolved perturbations projected
onto initial OSV space are not found to grow further.
The total perturbation growth factor in OSV-HIND is
about 1.25–1.7 after five lead years and associated with
the atmospheric weather noise. Although the initial
perturbations are not growing further in OSV-HIND,
their larger initial spread persists, while the spread of
ALI-HIND reaches this initial value only after lead
year 4.
Since the initial GECCO2 error was estimated from
differences to local in situ data, the resulting error
suffers from being representative for errors on small
time and spatial scales, which are likely to affect
decadal predictions to a lesser extent. A more relevant
error for decadal predictions might be obtained from
the difference of longer-term means given that sufficient data are available for the averages. The available
temperature and salinity records render this requirement challenging at present, but, with now more than
10 years of Argo data, this moves toward a feasible
scope.
The OSVs are extracted from the ocean component
of a historical coupled MPI-ESM run. By focusing on
only the ocean state, the singular vectors are essentially describing ocean-only modes. Since the underlying ocean variability from the historical run also
contains coupled modes, the associated variability will
be projected and approximated by ocean-only modes.
The more appropriate computation of coupled singular vectors is hindered by the fact that the fastest
growing modes are related to weather instabilities
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rather than to the climatically relevant coupled instabilities (Kleeman et al. 2003). Coupled modes can
be successfully extracted for the ENSO variability by
breeding methods (Peña and Kalnay 2004).
Regarding the impact of both ensemble generation
schemes on ensemble spread metrics and predictive skill
estimates, the main findings can be summarized as
follows:
d

d

d

The analysis of the spread scores shows that for the
metrics that is assessed locally, the OSV-HIND have
better spread than ALI-HIND in the first lead year.
Whereas for integrated properties such as the areaaveraged SST or AMOC, skill scores show that the
spread is strongly overestimated by OSV-HIND at the
beginning. We note that the ensemble spread of areaaveraged variables will be overestimated if perturbations based on singular vectors contain areas of larger
decorrelation length scales than those of the errors.
Length scale of the errors needs to be built into the
estimation of perturbations. Since there is currently no
technique available for integrating decorrelation
length scales but integrated quantities are of great
interest, further development is needed.
Although OSV-based ensembles may have a potential
to improve the spread, the evaluation can be hindered
by deficiencies of the data used for evaluation. We
found that the HadISST dataset, which is commonly
used for verification of decadal predictions, substantially falls short in variability if compared to the
satellite based AMSR-E product. The OSV-HINDs
show less overestimation of ensemble spread if compared to Reynolds SST.
In comparison to ALI-HIND, the forecast skill for
surface air temperature from the OSV-HIND improves
over 56% of the areas, namely, over the North Atlantic
in the first pentad (with the skill scores about 0.4–0.5),
and tropical Pacific in the second pentad (not shown).

We note that in our study, the low number of starting
dates using every-year initialization might lead to lower
skill than what is available from other studies. To
quantify the impact of this setup, we have tested the
sensitivity of the metrics used here on a larger set of
initialized hindcasts available from the MiKlip project
[Prototype-hindcasts carried out using MPI-ESM-LR,
and GECCO2 initialized; Marotzke et al. (2016)]. The
Prototype-hindcasts have larger ensemble size (15
members) and are initialized every year over 1960–2012.
The results showed that the difference between using 15
or 9 members does not affect the ensemble spread score
and the correlation skill significantly. What is more influential for the results in this study is the number of start
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dates. Having more start dates (16 vs 26 start dates were
compared) gives larger predictive skill based on the
correlation coefficients and enables lower threshold
levels of significance. We only tested 26 start dates that
cover the period 1983–2008, because Reynolds SST that
relies on satellite data exists only from 1982 onward. The
spread-to-RMSE ratio is less affected by the increased
number of start dates than the correlation skill.
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APPENDIX A
Calculation of Oceanic Singular Vectors
1) The reduced state space is obtained by calculating
leading modes of variability with EOFs. We obtain
eigenvectors of the covariance matrix xT x, where x
is a state vector that contains detrended annual 3D
temperature T and salinity S anomalies. Prior to the
EOF analysis, T and S anomalies were normalized by
their standard deviation and weighted by the grid
volume contribution. The first 28 principal components (PCs) are considered to represent the state
vector in a reduced space, explaining 68.4% of the
total variance and the PCs are weighted by the
respective square root of the explained variance.
The choice of 28 PCs was motivated by the fact that
each of the following PCs represented a small
fraction of the total variance explained.
2) Assuming that the system’s dynamics is linear and
driven by white noise F (associated with nonlinearity):

dx
5 Bx 1 F ,
dt

(A1)

where x is the PC state vector, the perturbation dx of
the system that evolves over lead time t can be
written as:

Unauthenticated | Downloaded 01/09/23 09:14 AM UTC

JULY 2016

2735

MARINI ET AL.

dx(t 1 t) 5 etB dx(t) 5 P(t)dx(t) .

(A2)

We then estimate the linear propagator P(t) of the
evolution of perturbations from time t to time t 1 t.
The matrix B can be derived from the lagged covariance matrices of x as explained in detail by Penland
and Matrosova (1994). We use a 1-yr lag and provide
verification tests for the LIM in appendix B.
3) The linear growth (amplification) of perturbations
over a specific time interval t under a given norm N
can be defined by
A(t) 5
5

kdx(t)k2N
kdx(0)k2N

5

dx(t)T Ndx(t)
dx(0)T Ndx(0)

dx(0)T P(t)T NP(t)dx(0)
dx(0)T Ndx(0)

.

(A3)

In the space defined by the leading PCs, the amplifications are maximized under the quadratic norm N 5 I,
which is represented as the identity matrix. The optimal
perturbations maximizing A(t) are the SVs of P(t)
under the norm N. They can be obtained by solving the
generalized eigenproblem (Farrell 1988; Tziperman
and Ioannou 2002):
P(t)T NP(t)dx(0) 5 lNdx(0) ,

(A4)

where the eigenvector dx(0) with the largest eigenvalue l results in the largest amplification at a time t.
The optimization time interval t is chosen to be 5
years to obtain relevant perturbations for decadal
predictions. Perturbations obtained with a longer
time interval were similar in terms of T and S
signature. Perturbations obtained with a shorter time
interval would have been more relevant for predicting El Niño–Southern Oscillation (ENSO), which
shows a power spectral peak at 3.5–4 yr in the model
(Jungclaus et al. 2013). The optimization time interval of 5 years is expected to excite ENSO variability, but also other climate modes, as described in
section 2c and observed in Fig. 1.
4) The aim of this rotation and scaling is to obtain OSVs
with amplitudes representing the errors in initial conditions [i.e., such that the amplitudes of all OSVs after
rotation are as close as possible to the estimates of the
root-mean-square (RMS) errors of the ocean synthesis].
We consider the first 4 SVs and apply a rotation and
scaling similar to Molteni et al. (1996) to generate the
optimal perturbations. Hence, if V is the matrix whose
four columns are the considered OSVs in the geographical space, R a rotation matrix (a 4 3 4 orthogonal

matrix with unit determinant), D a diagonal matrix of
scaling factor, and P the final perturbations, then

P 5 P0 D

with P0 5 VR .

(A5)

The rotation matrix R is defined to minimize
4
the cost function CF 5 åi51 gri2 , where gri 5
1 /8

[(Tij /ejT )8 1 (Sji /ejS )8 ] measures the maximum local
ratio between the perturbation amplitude and the error
estimates, the overbar denotes the mean over gridpoint space; e jT and e jS are the estimates of RMS errors
for T and S at gridpoint j, respectively; and Tij and
Sji are the rotated but unscaled ith perturbations of
T and S at gridpoint j defined in P0 in Eq. (A5).
After the rotation, the perturbations are rescaled
using the diagonal matrix D, the coefficients of which
1 /2

equal dii 5 a/gsi with gsi 5 (1/2)[(Tij /ejT )2 1 (Sji /ejS )2 ]
and a 5 1. The parameter a is empirically chosen, so
that the RMS amplitude of the perturbations and
errors are similar in most of the areas.

APPENDIX B
Verification of LIM
The LIM allows us to estimate optimal ‘‘nonnormal’’
perturbations (i.e., the system dx/dt 5 Bx is nonnormal if
xT x 6¼ xxT , which is the case in fluid dynamic equations)
(Tziperman et al. 2008). To justify the use of LIM to
approximate our system, the quality of the fit is assessed
using several tests.

a. The t test for the matrix B
For the linear and stable system forced by white noise,
the covariance matrix B should not depend on the lag
t [Penland and Sardeshmukh (1995), tau test]. In other
words, the results should not differ when estimating B
from C(t1 ) 5 et1 B C(0) or C(t2 ) 5 et2 B C(0), with t 1 6¼ t 2
and C(l) the sample covariance matrix of x in EOF
space. The alternative method is proposed by Winkler
et al. (2001), who compared C(t) from different lags.
If the LIM approximation is correct, the covariance
matrix at lag t derived from the estimated value of
B [CLIM (t) 5 etB C(0)] should not substantially differ
from the sample covariance matrix C(t). Figure B1
shows that the trace of the covariance matrix derived
from the state vector (28 PCs) corresponds to that
predicted from the LIM, suggesting that the system is
substantially linear.
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order Runge–Kutta method for generating continuous
Markov models (Kloeden and Platen 1992), and for a
period of 100 3 156 yr (i.e., 100 times the length of the
historical simulations used to determine the LIM parameters). The integrated PCs are split into 156-yr-long
PCs to create an ensemble with 100 members. The ensemble mean spectrum is analyzed for the first 10 PCs
and compares very well with the PCs used to estimate
the LIM parameters, except for the first two PCs (not
shown). The latter show indeed more energy at periods
longer than 40 years, probably because the first two PCs
correspond to strong low-frequency variability, which
cannot be well represented by LIM, since the model is
estimated from a relatively short period of data. Note
that the ensemble mean spectra are naturally smoother
than the individual spectrum.
FIG. B1. The t test: Trace of the lagged covariance matrix of the
state vector x (containing 28 PCs) used to compute the LIM parameters (solid) compared to that estimated by the LIM (dashed).

b. Analysis of the noise covariance matrix
The noise covariance matrix Q should be positive
definite. However, when determining the LIM using 28
EOFs accounting for 68.4% of the total variance, 8 eigenvalues of Q out of 28 are slightly negative. Only 2
EOFs, representing 31.4% of the total variance, should
be considered in order to get a positive noise covariance
matrix. As discussed in Penland and Matrosova (1994)
or Hawkins and Sutton (2009), this reflects the presence
of nonlinearities in the EOFs representing low fraction
of the total variance, and most probably, the fact that the
data record is too short to perfectly determine the parameters of the system. Using the first 20 EOFs of
3-month running mean SST anomalies in the IndoPacific basin, taken from the 40-yr-long observations
(representing 73% of the variance), Penland and
Matrosova (1994) obtained a noise covariance matrix
having two negative eigenvalues and showed that it did
not significantly affect the results. Even when considering less EOFs (15 accounting for 67% of the variance)
from the same data in Penland and Sardeshmukh (1995),
two eigenvalues of the noise covariance were still
slightly negative. In our case more eigenvalues of the
matrix Q are negative, we nevertheless rely on the LIM
approximation, which is certainly not perfect, but sufficient for our problem.

c. Statistics of the LIM
The linear model in Eq. (A1) can be integrated forward for a long period in order to check whether the
resulting statistics of the system correspond to the statistics of the data. The integration is made with a second
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