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ABSTRACT

Extending atmospheric prediction skill beyond the predictability limit of about 10 days for daily weather
rests on the hope that some time-averaged aspects of anomalous circulations remain predictable at longer
forecast lead times, both because of the existence of natural low-frequency modes of atmospheric variability
and coupling to the ocean with larger thermal inertia. In this paper the week-2 and week-3 forecast skill of two
global coupled atmosphere—ocean models recently developed at NASA and NOAA is compared with that of
much simpler linear inverse models (LIMs) based on the observed time-lag correlations of atmospheric
circulation anomalies in the Northern Hemisphere and outgoing longwave radiation (OLR) anomalies in the
tropics. The coupled models are found to beat the LIMs only slightly, and only if an ensemble prediction
methodology is employed. To assess the potential for further skill improvement, a predictability analysis
based on the relative magnitudes of forecast signal and forecast noise in the LIM framework is conducted.
Estimating potential skill by such a method is argued to be superior to using the ensemble-mean and en-
semble-spread information in the coupled model ensemble prediction system. The LIM-based predictability
analysis yields relatively conservative estimates of the potential skill, and suggests that outside the tropics the
average coupled model skill may already be close to the potential skill, although there may still be room for

improvement in the tropical forecast skill.

1. Introduction

It has long been recognized that although daily weather
is not predictable beyond about 10 days, some aspects of
anomalous weekly and longer-term averages remain pre-
dictable because of slowly evolving boundary conditions
and external forcing. Also, the geographical patterns of
anomalous weekly and longer-term averages are distinct
from those of daily weather, which suggests that they are
associated with different and possibly predictable evo-
lution mechanisms. The Pacific-North American (PNA)
and North Atlantic Oscillation (NAO) patterns in the
middle and high latitudes, and the patterns associated
with the Madden—Julian oscillation (MJO) in the tropics,
are good examples of such patterns. The MJO in par-
ticular, with its putative oscillation period of around 50
days, is thought to be a “‘source of predictability’’ not
just for tropical but also extratropical variations through
tropical-extratropical teleconnection mechanisms (e.g.,
Winkler et al. 2001; Waliser et al. 2003a,b; Newman et al.
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2003; Liess et al. 2005; Pegion and Kirtman 2008; Fu
et al. 2007,2008; Dole 2008). It is also worth emphasizing
that although El Nifio-Southern Oscillation (ENSO) is
primarily an interannual phenomenon, its rapid evolu-
tion over intervals as short as a few weeks can amount to
another significant source of predictability even at sub-
seasonal forecast ranges (Newman et al. 2003).

Partly motivated by the above considerations, there
is growing interest in developing useful forecast in-
formation beyond 10 days. For example, the National
Centers for Environmental Prediction Climate Pre-
diction Center (NCEP/CPC) in the United States, and
the Bureau of Meteorology (BoM) in Australia, cur-
rently make ‘“‘outlook’ type forecasts for extended
forecast ranges. The NCEP/CPC global tropical hazards/
benefits assessment (see online at http://www.cpc.ncep.
noaa.gov/products/precip/CWlink/ghazards/index.php)
for week 1 and week 2 provides forecasts of anomalous
tropical temperature and precipitation. The U.S. hazards
assessment product (see online at http://www.cpc.ncep.
noaa.gov/products/expert_assessment/threats.shtml), also
issued by NCEP/CPC, includes outlooks of potential haz-
ards in the United States for the next 3-16 days. The
Australian BoM produces a weekly tropical climate note
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(see online at http:/www.bom.gov.au/climate/tropnote/
tropnote.shtml) that includes a discussion of recent and
projected intraseasonal patterns that are expected to im-
pact northern Australia in the next 1-2 weeks. At present
such outlook-style forecast products are based on a sub-
jective combination of various statistical and dynamical
methods, although there is momentum to make the pro-
cess more objective using real-time general circulation
model (GCM) forecasts (Gottshalck et al. 2008). Such
an enterprise naturally presumes that useful forecasts
at these longer lead times are routinely possible, which
still remains to be demonstrated.

There are ongoing efforts to improve the accuracy of
real-time GCM forecasts at subseasonal forecast ranges
(National Research Council 2010). Although there have
been clear demonstrations of nonzero forecast skill at
the week-2 and week-3 ranges, the general skill of the
forecasts on these subseasonal time scales remains low.
To what extent this may be due to current forecast sys-
tem deficiencies or the inherent unpredictability of the
ocean—atmosphere system at these forecast ranges is an
important question. Addressing this question is the
principal focus of this paper.

Consistent with the predictability limit of about
10 days for daily weather, the nonlinear evolution of the
atmosphere from an initial condition becomes strongly
chaotic after 10 days. Only a relatively minor and argu-
ably “linear” part of the evolution, associated with the
dominant patterns of low-frequency variability, remains
predictable. Primarily because of this, even very simple
linear-regression-based statistical models [e.g., linear in-
verse models (LIMs)] provide important benchmarks for
comprehensive GCMs at subseasonal forecast ranges.
For example, Winkler et al. (2001) showed that a simple
LIM of weekly averaged extratropical circulation and
tropical diabatic heating anomalies was more skillful at
week 3 in predicting upper-tropospheric streamfunction
anomalies than the comprehensive GCM used in the
Dynamical Extended Range Forecast (DERF) project
at NCEP. Newman et al. (2003) showed further that
a version of the NCEP Medium-Range Forecast (MRF)
model that was used operationally in 1998 was less
skillful at week 3 than Winkler et al.’s LIM in predicting
250-hPa streamfunction, and at week 2 in predicting
tropical heating anomalies, in both winter and summer.

In this study, we compare the week-2 and week-3
forecast skill of two state-of-the-art coupled ocean—
atmosphere general circulation models (CGCMs) with the
corresponding skill of LIMs similar to those used by
Winkler et al. (2001) and Newman et al. (2003). The
CGCMs are described below in section 2, and the LIMs
in section 3. These models differ from those in the pre-
vious studies in two important ways: 1) they are coupled

PEGION AND SARDESHMUKH

3649

atmosphere—ocean rather than atmosphere-only models;
and 2) they are much newer, incorporating almost a full
decade of model developments, and also improvements
in data assimilation techniques for providing better
forecast initial conditions. Our original motivation for
this study was to assess whether using such improved
models would lead one to reach a different conclusion
vis-a-vis LIMs concerning week-2 and week-3 forecast
skill, and if not, to what extent this may be due to the
model skill already being near the maximum realizable or
““potential” skill associated with intrinsic predictability
limits at these forecast ranges.

The principal conclusion from our analysis is that the
newer CGCMs can indeed beat simple LIMs at the week-2
and week-3 forecast ranges (section 4), but only if an en-
semble forecasting methodology is adopted. A second,
more surprising, conclusion is that further refinements to
even an ensemble forecasting system will not necessarily
lead to higher average extratropical forecast skill at these
forecast ranges than is currently achievable (section 5),
although there may still be room for improvement in the
tropical forecast skill. This second conclusion is drawn from
ratios of the forecast signal and forecast noise variances in
a LIM-based predictability framework, which are argued
to yield more conservative, but also more credible, esti-
mates of potential skill than those derived directly from the
ensemble-mean signal and ensemble-spread information in
current ensemble prediction systems. It is shown that the
latter approach yields unrealistically optimistic estimates
of potential skill owing to both overestimation of the
forecast signal and underestimation of the forecast noise
in the ensemble modeling system considered here.

2. Dynamical models and hindcast datasets used

We assessed the week-2 and week-3 forecast skill of
weekly averaged anomalous Northern Hemisphere 200-
and 850-hPa streamfunction and tropical (30°S-30°N)
outgoing longwave radiation (OLR) using output from
the so-called reforecast (i.e., hindcast) runs (see Table 1)
initialized in December, January, and February using
two state-of-the-art CGCMs: 1) the NCEP Climate
Forecast System version 1 (CFS; Saha et al. 2006; Wang
et al. 2005), and 2) the National Aeronautics and Space
Administration (NASA) Goddard Earth Observing Sys-
tem, version 5 (GEOS-5; Rienecker et al. 2008).

The NCEP/CES consists of the Global Forecast System
(GFS) atmospheric model at T62 horizontal resolution
and 64 vertical levels coupled to the Geophysical Fluid
Dynamics Laboratory Modular Ocean Model version 3
(MOM3; Pacanowski and Griffies 1998) with 40 vertical
levels and 1° X 1/3° horizontal resolution in the tropics
(10°S-10°N) decreasing to 1° X 1° resolution poleward of
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TABLE 1. Summary of CGCM experiments.
Model AGCM OGCM Hindcasts Initialization
NASA GEOS-5 GEOS-5 MOM4 6-month hindcasts Daily 2100 UTC from replay runs
2° X 25°X 72 360 X 200 grid points X 50 from 1980-2005
vertical levels vertical levels
NCEP CFSvl GFS T62L64 MOM3 9-month hindcasts 15 times per month from NCEP R2

from 1981-2005

(atm) and GODAS (ocn)

30°. The atmosphere and ocean exchange surface flux
and SST information once a day. The atmosphere in the
reforecast runs was initialized using states from the NCEP-
Department of Energy (DOE) Reanalysis-2 dataset (NCEP
R2; Kanamitsu et al. 2002) and the ocean using states from
the NCEP Global Ocean Data Assimilation System dataset
(GODAS; Behringer and Xue 2004; Behringer 2007).

The NASA GEOS-5 coupled model consists of the
GEOS-5 atmospheric model at 2° X 2.5° longitude-latitude
horizontal resolution and 72 vertical levels coupled to
the GFDL/MOM version 4 (MOM4; Griffies et al. 2008)
ocean model with 50 vertical levels and 360 and 200 grid
points in the zonal and meridional directions, respec-
tively. The atmosphere and ocean exchange fluxes and
SST every 30 min. The atmosphere in the reforecast
runs was initialized daily using the 2100 UTC atmo-
spheric states from the NASA/Global Modeling and
Assimilation Office Modern Era Reanalysis (MERRA;
Rienecker et al. 2008) “‘scout’ runs, which are coarse-
resolution (2° X 2.5°) runs of the MERRA system. The
ocean initial states were taken from the so-called replay
runs, which use the data assimilation system to produce
initial ocean states that are physically consistent with the
atmospheric initial conditions.

The CFS hindcasts were initialized on dates 1-3, 9-13,
19-23, and the last 2 days of each month for the years
1981-2005, and run for 9 months. The GEOS-5 hindcasts
were initialized every day in 1979-2005 and run for 6
months. For both modeling systems, the daily forecast
output was made available by the respective institutions.
(The CFS data are also publicly available online at
http://cfs.ncep.noaa.gov.) The two modeling systems and
hindcast experiments are summarized in Table 1.

Prior to assessing the week-2 and week-3 forecast
skill of these models, we consider in Fig. 1 their biases
in tropical sea surface temperature (SST), OLR, and
850-hPa winds. These biases were estimated as the 6-month
forecast biases relative to the Met Office’s Hadley
Center Sea Ice and SST (HadISST; Rayner et al. 2003),
the National Oceanic and Atmospheric Administration
(NOAA) Interpolated OLR (Liebmann and Smith 1996),
and the NCEP-DOE Reanalysis-2 (Kanamitsu et al.
2002) fields, respectively. The GEOS-5 has a cold bias of
as much as 5°C in the eastern Pacific cold tongue region

and a warm bias of 1°C in the western Pacific, Indian,
and southern Pacific Oceans. The CFS has generally
much smaller SST biases, with a maximum bias of about
1°C confined to the far eastern Pacific. Both models
have large positive OLR biases over the western Pacific,
up to 60 W m ? in the GEOS-5 and 30 W m ™ ? in the
CFS, indicating that they both drift over 6 months toward
a state of weak mean atmospheric convection. Associated
with these large SST and OLR biases are also large near-
surface wind biases, in both models. There are large
(>5 m s~ ') easterly biases in the 850-hPa zonal winds in
the GEOS-5 model throughout the subtropics and over
the equatorial Pacific Ocean. The wind biases are some-
what weaker (~2.5 m s~ ') in the CFS model, and gen-
erally of opposite sign to the GEOS-5 biases except over
the subtropical northern Pacific Ocean. The interrelation-
ships between the SST, OLR, and 850-hPa wind biases
of the two models are interesting and worthy of addi-
tional investigation, but will not be pursued further here.

Although the forecast biases at week 2 and week 3 are
not as large as the 6-month biases shown in Fig. 1, they
are nevertheless evident even at these shorter lead times
(not shown) and were therefore removed prior to assess-
ing the model forecast skill. This was done by removing
a forecast-lead-dependent daily climatology from the
model forecasts. The climatology was calculated as
the average over all years for each day of the year at
each forecast lead time. For example, forecasts initial-
ized on 1 January were averaged over all years for days
1,2,3,....,day N, thus providing a lead-dependent clima-
tology for forecasts initialized on 1 January. It is important
to note that although the biases were removed prior to
assessing the forecast skill of the models, such a pro-
cedure does not eliminate all impacts of the biases, as
will be evident in the forecast skill of the tropical OLR
examined in section 4.

3. Linear inverse models

a. General description

LIMs are derived from the observed lag-covariance sta-
tistics of a dynamical system. They typically have only a few
degrees of freedom, are extremely inexpensive to run, and
provide challenging benchmarks for comprehensive GCMs
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FIG. 1. (top) Bias of 6-month winter (DJF) forecasts for 1981-2005 (a) NASA GEOS-5 and
(b) NCEP/CFS. Shading is SST bias (°C) relative to HadISST. Contours (gray) are OLR bias
(W m™?) relative to NOAA interpolated OLR. Contour interval is 1 W m~2 with the zero
contour suppressed. (bottom) Arrows are bias in 850-hPa winds from NCEP R2. The shading

indicates the bias in zonal wind speed.

as shown in many studies. Here, we provide a brief sum-
mary of linear inverse modeling and the specific model form
implemented in this study. More detailed basic information
may be found in Penland and Sardeshmukh (1995).
The fundamental assumption of linear inverse mod-
eling is that the evolution of the dynamical system under
consideration can be approximated as that of a linear
stochastically forced system of the following form:

dx
— =Bx +
U Bx + F, (1)

where x is the anomaly state vector, B is a constant
matrix, and F is a stochastic noise vector. Any system of
this type satisfies C(7) = G(7)C(0), with G(7) = exp(B7),
where C(fr)l.’]. =(x,(t+ T)Xj([)> defines the covariance
matrix of x for time lag 7. This relationship can be used
to estimate B using observational estimates of C(0) and
C(7,) for some training lag 7. In such a system, any two

states separated by a time interval 7 are related as
x(t + 7) = G(7)x(¢) + ¢, where ¢ is a random error vector
with covariance E(7) = C(0) — G(7)C(0)G" (7). In a fore-
casting context, G(7)x(¢) represents the “best” forecast,
in a least squares sense, of x(¢ + 7) given x(¢), and E(7)
represents its expected error covariance. Linear in-
verse modeling differs from multiple linear regression
in that G(7,) and B estimated using C(7,) for some
chosen lag 7y are then used to estimate G(r) for all
other lags 7 as G(7) = exp(Br). It is this property that
enables the system to be approximated as a linear sto-
chastically forced system of the form Eq. (1), in which all
the predictable interactions among system components
are encapsulated in the deterministic system feedback
matrix B. Given any x(¢) one can then calculate G(7)x(¢)
as the expected (or the ““ensemble mean’’) forecast of
x(t + ) for forecast lead time 7, and E(7) as the expected
error covariance (or the “ensemble spread’”) of that
forecast. Note that in the formulation described here,
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E(7) depends only on the forecast lead time 7 and not
on the initial condition x(). In other words, the expected
forecast ensemble spread is assumed to be independent
of the system state.

b. Implementation and data

In practice, it is most convenient to construct a LIM in
areduced EOF space of a system’s variables. The LIM can
range from simple to complicated, depending upon what
variables are included in its state vector x, at what vertical
levels, and at what EOF truncation. To construct the
simple benchmark LIMs used here, we first created a da-
taset of 7-day running mean anomalies during the winters
of 1980/81-2004/05 of tropical OLR from the NOAA in-
terpolated OLR dataset, and of the extratropical 200- and
850-hPa streamfunction from various reanalysis datasets
(see Table 2). Then, following Newman et al. (2003) and
Winkler et al. (2001), we defined the LIM state vector x as
comprising the principal components (i.e., the amplitude
coefficients) of the dominant 7 EOFs of tropical OLR and
30 EOFs of extratropical streamfunction of the 7-day
running mean anomaly fields. Our state vector thus has
7 + 30 = 37 components. We used the zero-lag and time-
lag (to = 5 days) covariance matrices of this state vector
during DJF to construct our LIM in the 37-dimensional
space by estimating B = (1/7) ln[C(TO)Cfl(O)]. Seven
different reanalysis datasets were used for the stream-
function data (see Table 2), yielding seven different
LIMs. Forecasts made using each of these LIMs were
initialized and validated against the corresponding rean-
alysis (for streamfunction) and the NOAA interpolated
OLR (for OLR) dataset that was used to construct it. All
forecasts were cross validated by withholding data for
a year when constructing a LIM, making forecasts for that
year, and then repeating the process for all years (often
referred to as “jackknifing”).

c¢. LIM forecast skill

We first present the forecast skill of the LIMs to
demonstrate that despite their vast simplicity, they do
provide tough benchmarks for CGCM forecast skill. The
average forecast skill of the seven different LIMs, in
terms of the average anomaly correlation coefficient
(ACC) of predicted and observed anomalies over the
domain, is shown in Table 3. The ACC scores are gen-
erally consistent across the seven LIMs, although we
note in passing that the LIMs derived from the twentieth-
century reanalysis (20CR) and NCEP/Climate Forecast
System Reanalysis (CFSR) datasets tend to be relatively
more and less skillful, respectively. To what extent this is
indicative of deficiencies in those datasets is an inter-
esting issue that we will not pursue here. With minor
differences, the geographical variations of skill are also
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TABLE 2. Reanalyses and observations data used to construct and
initialize LIMs as well as validate LIM and dynamical model forecasts.
Note: National Center for Atmospheric Research (NCAR); 40-yr
European Centre for Medium-Range Weather Forecasts (ECMWF)
Re-Analysis (ERA-40); Japanese 25-yr reanalysis (JRA-25).

Dataset Reference
NCEP-NCAR reanalysis Kalnay et al. (1996)
(NCEP R1)
NCEP-DOE Reanalysis-2 Kanamitsu et al. (2002)
(NCEP R2)
ERA-40 Uppala et al. (2005)
NOAA 20CR Compo et al. (2011)
NASA MERRA Rienecker et al. (2008)
JRA-25 Onogi et al. (2007)
NCEP CFSR Saha et al. (2010)
NOAA interpolated OLR Liebmann and Smith (1996)

consistent for the seven LIMs (not shown). Figure 2
shows the ACC skill averaged over all the LIMs.
Clearly, the LIMs have appreciable skill even at week 3.
For all three variables, it is also interesting that the re-
gions of relatively high week-2 and week-3 skill tend to
be similar. For W,(, these regions are in the subtropics,
with local anomaly correlations >0.6 at week 2 and >0.5
at week 3. For Wgs, they are over North America and
the tropical eastern Indian and western Pacific Oceans,
where the local anomaly correlations are >0.4 for week
2 and >0.3 for week 3. In the tropics, there are two re-
gions of relatively high skill: the Maritime Continent
(>0.5 for week 2; >0.4 for week 3) and the central Pa-
cific (>0.7 for week 2; >0.6 for week 3).

4. Comparison of LIM and coupled model skill
a. ““Single member” hindcasts

Figure 3 compares the skill of the week 3 CGCM
hindcasts of upper- and lower-tropospheric streamfunction
anomalies with the corresponding skill of the LIM de-
rived from the NASA MERRA streamfunction rean-
alysis and NOAA interpolated OLR. At week 2, the
GEOS-5 streamfunction skill is higher than the LIM
skill (not shown), but as Fig. 3 makes clear, at week 3 the
difference in skill is statistically insignificant except at
850 hPa over the Sudan and the Arabian Sea, where the
GEOS-5 ACC skill is about 0.3 higher than the LIM
skill. The CFS streamfunction skill is very similar to the
LIM skill at both week 2 (not shown) and week 3. Figure 4
compares the CGCM and LIM skill for tropical OLR
at weeks 2 and 3. The GEOS-5 skill is higher than the
LIM skill at week 2, but at week 3 the skill of both
models is similar to the LIM skill. The results in both
Figs. 3 and 4 highlight the fact that even these state-of-
the-art coupled models are unable to substantially out-
perform a simple LIM at week 3, and confirm that such
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TABLE 3. ACC skill of seven LIMs averaged over the Northern Hemisphere for W0, Wss0, and the tropics for OLR. The skill of each LIM
is determined relative to the data used to construct it.

Wa0o Wgso OLR
LIM No. of years Week 2 Week 3 Week 2 Week 3 Week 2 Week 3
NOAA 20CR 25 0.47 0.38 0.34 0.27 0.25 0.20
NASA MERRA 29 0.42 0.33 0.29 0.22 0.25 0.19
JRA-25 29 0.45 0.36 0.32 0.25 0.23 0.20
ERA-40 21 0.43 0.35 0.31 0.26 0.24 0.20
NCEP R1 29 0.42 0.33 0.30 0.24 0.25 0.20
NCEP R2 29 0.44 0.34 0.30 0.23 0.26 0.20
NCEP CFSR 29 0.35 0.25 0.29 0.22 0.26 0.22

LIMs continue to provide challenging benchmarks for
comprehensive dynamical modeling systems.

Very similar results to those in Figs. 3 and 4 are ob-
tained when the skill of the two CGCMs is compared with
that of any of the seven LIMs. This is efficiently depicted
using Taylor diagrams (Taylor 2001) in Fig. 5. In each
panel, the colored dots represent the streamfunction and
OLR forecasts made using the 7 LIMs, and their com-
parison with the corresponding CGCM forecasts, repre-
sented by the “reference” dot in the bottom-right portion
of the diagram. The radial distance of the colored dots
from the origin is a measure of a LIM’s root-mean-square
(RMS) forecast amplitude normalized by that of the ref-
erence forecasts, the angular distance from the horizontal
axis is a measure of the average anomaly pattern corre-
lation of the LIM and reference forecasts, and the distance
from the colored dot to the reference dot is a measure of
the normalized RMS difference between the LIM and
reference forecast fields. The black reference dot in the
top (bottom) panel represents GEOS-5 (CFS) forecasts.
The individual colored dots show the results for each
variable (upper- and lower-tropospheric streamfunction,
and tropical OLR) for each LIM. The tight clustering of
like-colored dots in all four panels shows that very similar
results to those in Figs. 3 and 4 are obtained when com-
paring the CGCMs with any one of the seven LIMs.

b. Ensemble-mean forecasts

The comparisons of the CGCM forecasts with the LIM
forecasts above, as well as in Winkler et al. (2001) and
Newman et al. (2003), are of deterministic single-member
ensemble-mean CGCM forecasts with LIM forecasts. As
mentioned earlier, the LIM forecasts are “‘expected
value” forecasts, and as such may also be interpreted as
“infinite member” ensemble-mean forecasts. It would
therefore be more appropriate to compare the skill of the
LIM forecasts with that of ensemble-mean CGCM fore-
casts. Unfortunately, the CGCM forecasts were not
generated as part of an ensemble forecasting experiment
but as single forecasts, and so such ensembles were not
available. However, the fact that the GEOS-5 forecasts

were initialized from each day in 1980-2005 gave us the
opportunity to construct crude 7-member lagged-average
forecast ensembles (Dalcher et al. 1988; Hoffman and
Kalnay 1983), using 7 forecasts initialized on 7 consecu-
tive days. Specifically, the 7-member ensemble for week 2
was constructed using the day 8 + n through 14 + n
forecasts, and that for week 3 using the day 15 + n
through 21 + n forecasts, initialized on day —n with
n ranging from 0 to 6. Such a procedure ensures that there
is no ‘“‘cheating”: the week-2 (week-3) ensemble consists
of only week-2 (week-3) and older forecasts. This en-
semble construction technique is obviously crude, and its
skill is certainly reduced by the inclusion of the older
forecasts. Still, the ensemble means of such forecast en-
sembles have been used in both synoptic and subseasonal
predictions and shown to be more skillful than single
forecasts (Dalcher et al. 1988; Hoffman and Kalnay 1983;
Tracton et al. 1989; Brankovic et al. 1990).

The difference in skill of the 7-member GEOS-5
ensemble-mean forecasts and LIM forecasts for 200- and
850-hPa streamfunction is shown in Fig. 6 for weeks 2 and
3. Itis clear that using the ensemble mean from even such
a crude ensemble improves the GEOS-5 skill with respect
to the LIM skill, as is also evident from comparing the
right-hand panels in Fig. 6 with the top panels in Fig. 3.

¢. Summary of skill

Figure 7 provides a comprehensive summary of the
week-2 and week-3 forecast skill of the LIM, CFS, and
GEOS-5models, as well as that of the GEOS-5 ensemble,
for each of the three variables (W,q0, Wss0, and OLR) in
the format of Taylor diagrams. The skill is measured with
respect to the NASA MERRA reanalysis for the stream-
function and the NOAA interpolated OLR for the OLR
anomaly fields represented by the reference dot in the
bottom-right portion of the diagrams. A particularly attrac-
tive feature of Taylor diagrams is that nondimensionalizing
all fields by the standard deviation of the corresponding
reference field allows results for different variables such as
streamfunction and OLR to be shown on the same plot. If
the forecast skill were perfect, all the plotted symbols in
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FIG. 2. Average anomaly correlation skill of winter (DJF) LIM forecasts made using seven LIMs derived from
seven reanalyses (see Table 2). The average anomaly correlation over the domain is indicated for the top right. Each
LIM is initialized by and validated against the reanalysis used to construct it. All forecasts are cross validated. The

contour interval is 0.1.

Fig. 7 would gravitate to the reference point. This is
obviously not the case, although consistent with the results
already presented, the symbols are generally closer to the
reference point for week-2 than for week-3 forecasts, and
the symbols for the GEOS-5 ensemble forecasts are closer

than those for the GEOS-5 single-member and LIM
forecasts, especially in week 3. Still, the dominant impres-
sion from Fig. 7 is that at week 2 the domain-averaged
anomaly correlation skill of the models is at best 0.6 for
Ws00, 0.5 for W50, and 0.35 for OLR, and drops below 0.5
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FIG. 3. Difference between local anomaly correlation skill of (top) NASA GEOS-5 and LIM and (bottom) NCEP/
CFS and LIM for week-3 forecasts of (left) W5, and (right) Wgs(. Differences significant at the 95% level based on

a two-tailed test of a normal distribution are shaded.

for all of these variables at week 3. The results of this study
thus provide further confirmation that “‘useful” skill
(which one may arbitrarily define as anomaly correlations
of greater than, say, 0.5) is hard to come by for these
extended forecast ranges. This raises a fundamental ques-
tion concerning the future direction of subseasonal pre-
diction efforts. Is it possible to increase subseasonal
forecast skill to useful levels, or is the current modest
skill already near the maximum realizable or “‘potential”

skill for these forecast ranges? We will address this issue
through a predictability analysis in the next section.
Before ending this section, we note one aspect of
the LIM forecasts in Fig. 7 that was not apparent in
the previous figures. This is that they are of generally
weaker amplitude than the CGCM forecasts, and of
even weaker amplitude than the observed reference
anomaly fields. We stress that this by itself does not
indicate a deficiency in the LIM forecasts. Recall that
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and LIM for (left) week-2 and (right) week-3 forecasts of OLR. Differences significant at the 95% level based on

a two-tailed test of a normal distribution are shaded.

the total anomaly variance at any forecast lead time is
the sum of the forecast signal variance and forecast error
variance, and the LIM forecast amplitude in Fig. 7 is
merely a depiction of the signal standard deviation as
a fraction of the total standard deviation, which has to be
less than 1. A similar statement can be made concerning
the amplitudes of the GEOS-5 ensemble-mean forecasts,
which although larger than those of the LIM forecasts,
are also weaker than the amplitudes of the observed
anomaly fields. It is noted that the standardized root-
mean-square error (RMSE) of the forecasts relative to
MERRA and NOAA/OLR is also shown in Fig. 7. While
the LIM amplitude is much less than GEOS-5, its RMSE
is similar to GEOS-5 for both weeks 2 and 3, indicating
that the amplitude errors do not have a significant impact
on the ability of the LIM to make skillful forecasts. The
issue of whether the LIM’s forecast amplitudes are more
realistic than the ensemble-mean GEOS-5 forecast am-
plitudes also has an important bearing on estimates of
potential skill, as shown in the next section.

5. A predictability analysis

The predictability of a chaotic system may be defined in
many different ways. Traditionally, the deterministic
predictability limit of weather has been defined as the
forecast range at which small errors in the initial condi-
tions grow to be large enough that they are no longer
distinguishable from the noise of the system. (Lorenz

1965). The assumption is that the predictable signal
comes from the initial conditions and diminishes over
time. For seasonal predictions, predictability metrics
have been focused on the signal-to-noise ratio (e.g.,
Compo and Sardeshmukh 2004; Sardeshmukh et al. 2000;
Straus et al. 2003), with the assumption that the predict-
able signal primarily comes from slowly varying bound-
ary conditions. For predictions on intermediate time
scales (e.g., intraseasonal, subseasonal), both of these
methods have been used to estimate predictability (e.g.,
Waliser et al. 2003a,b; Pegion and Kirtman 2008; Fu et al.
2007, 2008). For both metrics, the predictability is
a measure of whether the signal is large enough to be
distinguished from the internal variability or ‘“noise,”
regardless of the “‘source” of the signal. Here we define
predictability based on the single-to-noise ratio, then
translate that into a commonly used metric for assessing
prediction skill, so that potential and realized skill can be
easily compared. Our definition of predictability is simply
the expected anomaly correlation skill of infinite-member
ensemble-mean forecasts using a perfect model. We will
also refer to this as the potential or maximum realiz-
able skill. As discussed by Sardeshmukh et al. (2000) and
Compo and Sardeshmukh (2004), this expected anomaly
correlation is a simple function of the forecast signal-to-
noise ratio §, defined as

_ |[ensemble mean anomaly]||
|lensemble spread||

, ©)
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FIG. 5. Taylor diagrams comparing (top) LIM and GEOS-5 forecasts and (bottom) LIM and CFS forecasts for (left)
week 2 and (right) week 3. Results are shown for forecasts of W, (red), Wgso (blue), and OLR (green). The seven different

LIMs are shown as filled circles. The reference CGCM forecasts are indicated by the black circles on the horizontal axis.

from which the expected anomaly correlation skill of
n-member ensemble-mean forecasts for lead 7 can be

derived as

pu(1) =

$3(1)

{[SZ(T) +1] [SZ(T) +

1
n

I

®)

a. Comparison of expected skill estimated using LIM
and GEOS-5 ensemble forecasts
For the GEOS-5 ensemble, the signal-to-noise ratio S
was calculated explicitly as the ratio of the RMS ensem-
ble mean and ensemble spread values for each variable at
each grid point. The potential skill was then calculated by
specifying these S values and n = 7 in Eq. (3). For the



3658 MONTHLY WEATHER REVIEW VOLUME 139

Weoek—2 Weoek -3

200hP4a Streamfunction

= | | |
=03 =02 =01 0 0.2 0.3 0.4 0.5

FIG. 6. Difference between anomaly correlation skill of NASA GEOS-5 seven-member ensemble-mean forecasts
and LIM forecasts for (left) week 2 and (right) week 3 of (top) W1go and (bottom) Wgs,. Differences significant at the
95% level based on a two-tailed test of a normal distribution are shaded.

LIM, the total anomaly covariance matrix of x for any each grid point were identified with the corresponding
lead time 7, which is identical to C(0) in a statistically ~diagonal elements as

stationary system, can be partitioned into the forecast

signal covariance matrix G(7)C(0)G'(7) and the fore- F(r) = diag[G(r)C(0)G (7)] “)
cast noise (or expected error) covariance matrix E(7) =

C(0) — G(7)C(0)G' (7). These matrices were estimated ~and

and transformed to grid space, and the forecast signal

variance F and noise variance E for each variable at E(7) = diag[C(0) — G(r)C(0)G" (7)), ®)
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semble skill is indicated as diamonds. Predictability estimates are indicated by stars (LIM
based) and right-pointing triangles (GEOS-5 based). The black asterisk denotes the observa-
tions that are from the NASA MERRA reanalysis for streamfunction and the NOAA in-

terpolated OLR.

from which the signal-to-noise ratio S was calculated as
the square root of F/E. The expected anomaly correla-
tion skill, assuming a perfect model and infinite-member
ensemble, was then calculated by specifying this S and
n = «in Eq. (3).

Figure 8 compares the potential skill of week 3 W,
and Wgs, forecasts estimated using the LIM and the
GEOS-5 ensemble. The GEOS-5-based estimates are
substantially higher than the LIM-based estimates, by

about 0.3-0.4, for both variables. The average potential
skill over the Northern Hemisphere is also depicted in
the Taylor diagrams in Fig. 7 for the LIM (stars) and
the GEOS-5 ensemble (right-pointing triangles), in
terms of both the estimated signal-to-noise ratios (along
the radial coordinate) and the corresponding expected
anomaly correlations (along the angular coordinate).
The LIM-based potential skill is relatively low (<0.5)
for week 3 and only slightly higher for week 2. On the
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based potential skill estimates is shown.
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other hand, the GEOS-5-based potential skill, for all
three variables, is >0.7 for week 2 and >0.6 for week 3.
The GEOS-5-based estimates thus suggest a potential
for substantial improvement even in average sub-
seasonal forecast skill to levels that would generally be
considered ‘“‘useful,” whereas the LIM-based estimates
do not suggest such a potential for improvement. Clari-
fying which of these two estimates might be more credible
has important implications for subseasonal prediction
efforts.

Figure 9 provides one pathway to such a clarification.
It compares, for week-3 forecasts of 850-hPa stream-
function, the forecast signal variances (top panels), fore-
cast noise variances (middle panels), and forecast error
variances (bottom panels) of the LIM and GEOS-5
ensemble forecasts. The noise variances, as noted pre-
viously, were estimated using Eq. (5) for the LIM and
the spread of the 7-member ensemble for the GEOS-5.
The forecast error variances in the bottom panels were
determined as variances of the errors of the LIM fore-
casts and the ensemble-mean GEOS-5 forecasts with
respect to the NASA MERRA reanalysis. Figure 9 shows
that the GEOS-5 signal variances are much larger, and
the noise variances are much smaller, that the correspond-
ing LIM variances. This yields much larger estimates of
forecast signal-to-noise ratios using the GEOS-5 en-
semble system, and consequently much higher estimates
of potential skill in Fig. 8.

Ensemble prediction systems are required to be ‘‘reli-
able” in that the verifying analysis should, ideally, always
fall within the forecast ensemble. A necessary condition
for this is that the forecast ensemble variance (i.e., the
noise variance) should match the forecast error vari-
ance. Comparing the middle and bottom panels of Fig. 9,
it is clear that the GEOS-5 ensemble is seriously de-
ficient in this regard, whereas the LIM is not. This sug-
gests that the GEOS-5 noise variances are unrealistically
weak, which contributes to inflating the GEOS-5-based
potential skill estimates in Fig. 8. It is also noted that the
forecast errors for the LIM and GEOS-5 are not dra-
matically different, further emphasizing that despite the
smaller forecast amplitude by the LIM compared to the
GEOS-5 ensemble, its prediction skill is not negatively
impacted.

Our lagged average GEOS-5 ensemble is obviously
a crude ensemble, so it is not surprising that its spread
does not properly represent the forecast error variance.
Nonetheless, it is well recognized that the underes-
timation of ensemble spread is a widespread problem
even in sophisticated ensemble prediction systems, which
leads to overoptimistic estimates of potential skill. The
LIM noise variance in Fig. 9 is much more consistent
with the forecast error variance, and to that extent leads
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to more credible estimates of potential skill in Fig. 8.
Note that this consistency in Fig. 9 is not enforced by
design, as it would have been if the LIM dynamical
operator B had been determined using a training lag
79 = 3 weeks instead of 7y = 5 days.

One can provide evidence that the GEOS-5 ensemble
not only underestimates the noise variance in Fig. 9, but
also overestimates the signal variance, contributing to
a further inflation of the GEOS-5-based potential skill
estimates in Fig. 8. Figure 10 compares the time-lag
autocorrelation of Vg5, in the GEOS-5 and LIM fore-
casts with that in the NASA MERRA reanalysis, at time
lags of 2 and 3 weeks. Specifically, at each grid point we
compute the correlations p/(7) of the predicted week-2
and week-3 anomalies with the day-0 anomalies, and
compare them with the correlations pops(7) of the cor-
responding observed week-2 and week-3 anomalies with
the day-0 anomalies, using the NASA MERRA rean-
alysis for this purpose. The figure shows the difference
pAT) — pobs(7) at T = 2 weeks and T = 3 weeks. It sug-
gests that the GEOS-5 forecasts are generally more
persistent than the MERRA reanalysis. Note that ps(7)
in the GEOS-5 forecasts was calculated using single-
member GEOS-5 forecasts, rather than the ensemble-
mean GEOS-5 forecasts, so the problem in Fig. 10 is not
associated with the construction of the GEOS-5 en-
semble. This overpersistence of the GEOS-5 forecasts is
associated with spuriously large GEOS-5 forecast am-
plitudes at weeks 2 and 3, which leads to inflated po-
tential skill estimates for weeks 2 and 3 in Fig. 8. The
autocorrelations ps(7) of the LIM forecasts are more
similar to the pops(7) of the MERRA reanalysis, with the
exception of subtropical Africa and Asia, where they are
smaller than p,ps(7) indicating a weaker forecast signal
in these regions. It is noted that the GEOS-5 is not
overpersistent in a region spanning from Africa into
parts of Asia and eastern Europe. However, the GEOS-
5 ensemble underestimates the noise in this region. Per-
haps this is one region where a better ensemble design
could lead to both higher estimates of predictability as
well as higher realized skill.

To summarize, the GEOS-5 ensemble underestimates
the noise and overestimates the signal, leading to unreal-
istically high potential skill estimates for streamfunction at
weeks 2 and 3. Although the underestimation of the noise
may be related to the crude construction of our ensemble,
the overestimation of the signal clearly arises from the
model being too persistent. The LIM noise estimates are
more credible because they are more consistent with the
forecast error variance. The fact that the LIM lag au-
tocorrelations are also more consistent with those in
MERRA reanalysis suggests that the LIM signal esti-
mates are also more credible. This leads us to conclude
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normalized by the observed variance determined from the NASA MERRA reanalyses.
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FI1G. 10. (top) Difference between the lag autocorrelation of Wgs in the LIM forecasts and the NASA MERRA
reanalyses at (left) week 2 and (right) week 3. (bottom) Difference between the lag autocorrelation of Wgsq in the
GEOS-5 forecasts and the NASA MERRA reanalyses at (left) week 2 and (right) week 3.

that the LIM-based potential skill estimates for weeks 2
and 3 in Fig. 8 are more realistic than those obtained
using the GEOS-5 ensemble.

b. How much skill is left to be realized?

The potential for subseasonal forecast skill improve-
ment is the difference between the potential and actual
skill. We use the more credible LIM-based estimates of
potential skill to make this assessment in Fig. 11. The
figure shows the difference between these potential skill

estimates and the actual skill of the ensemble-mean
GEOS-5 forecasts at weeks 2 and 3. For the Northern
Hemisphere streamfunction, there is apparently very
little skill left to be realized on these time scales. This is
both a testament to the skill of the GEOS-5 model as
well as a disappointing realization for improving pre-
dictions on these time scales in the extratropics. In the
tropics, on the other hand, there is apparently still scope
for substantial skill improvement (~0.2-0.4), although
less so in the equatorial zone (10°N-10°S).
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FIG. 11. Difference between the actual anomaly correlation skill of the GEOS-5 ensemble-mean forecasts and the
LIM-based potential anomaly correlation skill. Results are shown for (left) W, and (right) Wgso and OLR for (top)
week-2 and (bottom) week-3 forecasts. Differences significant at the 95% level based on a one-tailed test of a normal

distribution are shaded.

The conclusion drawn from Fig. 11 of sharply different
potentials for improvement in extratropical versus
tropical forecast skill might appear paradoxical. How
can there be a potential for substantial skill improve-
ment in the tropics, but not in the extratropics, given that

the tropics are an important source of predictability for
the extratropics on subseasonal scales as demonstrated
in many studies (e.g., Winkler et al. 2001; Newman
et al. 2003)? One answer to this question is that there is
no paradox if the most important tropical ‘‘sources of
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extratropical predictability” lie in regions where the po-
tential for skill improvement is low, such as the equatorial
zone in Fig. 11. This issue can be objectively addressed
through a singular vector (SV) analysis of the LIM’s
evolution operator G(7). The dominant SVs represent
those tropical diabatic heating (or OLR) anomaly
forcing patterns that maximize the extratropical stream-
function response at time 7, and thus objectively identify
the dominant tropical sources of extratropical pre-
dictability. Winkler et al. (2001) performed just such
a singular vector analysis, and their dominant singular
vector of G(7 = 14 days) (shown in their Fig. 13) is entirely
consistent with our proposed resolution of the apparent
paradox in Fig. 11. Specifically, that singular vector has
largest tropical heating amplitude in the equatorial zone,
which in Fig. 11 is also the region where the potential for
improvement in OLR forecast skill is lowest. We plan to
investigate this issue further in a future study.

6. Summary and conclusions

In this paper we compared the subseasonal forecast
skill of two state-of-the-art coupled ocean—-atmosphere
general circulation models (CGCMs) developed at
NCEP and NASA with the skill of very simple linear
inverse models (LIMs) derived from the observed lag-
covariance statistics of 7-day running mean extratropical
streamfunction (V5o and Wgso) and tropical OLR anom-
aly fields. We found that LIMs remain a challenging
benchmark for single-member CGCM forecasts to beat
at week 3 in the extratropics and at both weeks 2 and 3 in
the tropics. We also found that the skill of ensemble-mean
CGCM forecasts from even a crude seven-member lag-
ged average forecast ensemble is generally higher than
the LIM skill in the extratropics, at both week 2 and
week 3, indicating that an ensemble forecasting system is
needed for CGCMs to outperform LIMs. The signifi-
cantly better performance of our crude CGCM forecast
ensemble suggests that the ensemble construction method
need not be sophisticated, although it is not clear how
a more sophisticated ensemble would impact the fore-
cast skill.

For all variables and models, we found that the anomaly
correlation skill at the week-2 and week-3 forecast ranges
remains low (<0.5), which limits the utility of such fore-
casts. To determine if more useful forecasts are possible,
we estimated the potential anomaly correlation skill at
these forecast ranges using the CGCMs and LIMs under
a “perfect model” assumption, and argued that the LIM-
based potential skill estimates were more accurate. We
showed that the CGCM-based potential estimates were
unrealistically high as a result of both overestimation of the
forecast signal and underestimation of the noise, whereas
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both the signal and noise amplitudes estimated in the LIM-
framework were more realistic.

To assess the potential for forecast skill improvement
at these ranges using CGCMs, we compared the actual
week-2 and week-3 forecast skill of the CGCMs with the
LIM-based potential skill estimates and found that there
is apparently little skill left to be realized on average for
weekly averaged Northern Hemisphere streamfunction
and equatorial OLR anomalies. Taken at face value, our
results indicate that there is little potential for “useful”
skill (arbitrarily defined as >(0.5) at subseasonal time scales
and the ensemble-mean forecasts from at least one crudely
constructed CGCM ensemble is already able to realize this
skill. This is disappointing news for improving subseasonal
prediction skill in the extratropics, particularly in light of
the fact that this refers to the skill of spatially smooth
streamfunction anomaly fields and not of sensible weather
elements such as near-surface temperature and pre-
cipitation, which is likely even smaller.

In closing, we emphasize that the results presented in
this paper are for average forecast skill at weeks 2 and 3.
They suggest that forecasts at these ranges are not, and
are not likely to become, particularly skillful in general.
They do not, however, preclude the existence of a small
but significant fraction of forecast cases in which there is
a potential for relatively high skill. Such relatively
skillful cases can be identified a priori as cases in which
the forecast signal is relatively large and/or the forecast
noise is relatively small. Newman et al. (2003) showed
how such relatively skillful cases could be identified
using a LIM, as cases in which the initial condition has
a relatively large projection on the dominant singular
vectors of the LIM’s evolution operator G(7). Given the
necessity of generating expensive CGCM forecast en-
sembles to maximize forecast skill at extended forecast
ranges, a strategy of restricting the generation of such
ensembles only to potentially useful forecast cases using
Newman et al’s (2003) methodology might prove at-
tractive. This is a topic of current research.
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