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ABSTRACT

The Tropical Atmosphere Ocean (TAO) array of moored buoys in the tropical Pacific Ocean is a major source
of data for understanding and predicting the El Nifio—Southern Oscillation (ENSO). Despite the importance of
the TAO array, limited work has been performed to date on the number and locations of observations required
to predict ENSO effectively. To address this issue, this study performs a series of observing system simulation
experiments (OSSEs) with alinearized intermediate coupled ENSO model, stochastically forced. ENSO forecasts
are simulated for a number of observing network configurations, and forecast skill averaged over 1000 years
of simulated ENSO events is compared.

The experiments demonstrate that an OSSE framework can be used with alinear, stochastically forced ENSO
model to provide useful information about requirements for ENSO prediction. To the extent that the simplified
model dynamics represent ENSO dynamics accurately, the experiments also suggest which types of observations
in which regions are most important for ENSO prediction. The results indicate that, using this model and
experimental setup, subsurface ocean observations are relatively unimportant for ENSO prediction when good
information about sea surface temperature (SST) is available; adding subsurface observations primarily improves
forecastsinitialized in late summer. For short lead-time (1-2 month) forecasts, observations within approximately
3° of the equator are most important for skillful forecasts, while for longer lead-time forecasts, forecast skill is
increased by including information at higher latitudes. For forecasts |onger than afew months, the most important
region for observations is the eastern equatorial Pacific, south of the equator; a secondary region of importance
is the western equatorial Pacific. These regions correspond to those where the leading singular vector for the
ENSO model has alarge amplitude. In a continuation of this study, these results will be used to develop efficient
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observing networks for forecasting ENSO in this system.

1. Introduction

The Tropical Atmosphere Ocean (TAO) array of
moored buoys was deployed during the Tropical Ocean
Global Atmosphere (TOGA) program to provide a con-
sistent source of real-time in situ observations across
the tropical Pacific Ocean. Since the early 1990s, the
TAO array has regularly provided surface atmospheric
wind, sea surface temperature (SST), and subsurface
ocean data at approximately 70 locations between 8°N
and 8°S and 95°W and 137°E. Along with satellites,
ships, and other in situ observing platformsin the trop-
ical Pacific, the TAO array is a major source of obser-
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vations for understanding and predicting El Nifio, La
Nifia, and the Southern Oscillation (ENSO).

When the TAO array was designed, ENSO variability
and dynamics were much less well understood than they
are today, and operational ENSO prediction was in its
early stages. Given the recent advances in ENSO un-
derstanding and prediction—in large part due to the
TAO array and the TOGA program—it seems appro-
priate to revisit the design of the ENSO observing net-
work. This includes assessing how varying the number
and locations of different types of observations affects
the skill of ENSO forecasts.

A number of previous studies have addressed the im-
portance of different observations for ENSO prediction.
Such studies have employed a variety of ENSO pre-
diction methods, including coupled ocean—atmosphere
general circulation models (Ji and Leetmaa 1997; Rosati
et al. 1997; J et a. 1998; Segschneider et al. 2001,
Wang et al. 2002), hybrid models (dynamical ocean
models coupled to statistical atmospheric models; Fi-
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scher et al. 1997; Syu and Neelin 2000), intermediate
coupled models (Kleeman et a. 1995; Chen et al. 1998;
Ballabrera-Poy et a. 2001), and statistical models (L atif
and Graham 1992; Smith et al. 1995; Johnson et al.
2000; Xue et a. 2000). They have also tested a variety
of data sources and a variety of datainsertion or assim-
ilation methods. Most of these studies, however, focus
primarily on one aspect of ENSO observing networks:
the importance of ocean heat content information (in-
cluding subsurface temperature, thermocline depth, and
sea level) relative to that of ocean surface information
(including SST and surface atmospheric winds). Thus,
despite the TAO array’simportance, current understand-
ing of the type, number, and locations of observations
required for skillful ENSO prediction is limited.

In addition, most previous studies have evaluated the
importance of different observations for hindcasting
ENSO, that is, for predicting past ENSO events. Hind-
cast studies arerestricted by the length of the datarecord
suitable for such experiments, generally shorter than 50
years for SST and wind data, and shorter than 30 years
for ocean heat content data. Consequently, most studies
evaluate the importance of different observations for
fewer than 30 years of ENSO forecasts (e.g., Chen et
al. 1998; Johnson et al. 2000; Xue et al. 2000), and
many of the frequently cited studies base conclusions
on fewer than 15 years of ENSO forecasts (e.g., Klee-
man et al. 1995; Fischer et al. 1997; J and Leetmaa
1997; Rosati et al. 1997). Given that the characteristics
of the ENSO cycle vary on decadal and longer time
scales, it is unclear how well results from studies with
short data records will apply to predictions of future
ENSO events.

To allow an evaluation over alonger time period than
is feasible for hindcasts, this study evaluates observing
networks for ENSO prediction using observing system
simulation experiments (OSSES). Rather than use real
observations, OSSEs simulate observations by period-
ically sampling from a numerical model run that sim-
ulates the evolution of the physical system being stud-
ied. Because the experiments use synthetic data, results
can be compared for many more configurations of ob-
servations and simulated ENSO forecasts than is pos-
sible using real data.

This study simulates the real ENSO system and
ENSO forecasts using an intermediate coupled model
that is a linearized variant of the Zebiak—Cane (1987)
ENSO model, with stochastic forcing representing at-
mospheric noise. Because the experiments use the same
dynamical model to evolve the simulated real and fore-
cast states, they are similar to the standard ‘‘identical
twin” experiments that have been used to study other
aspects of ENSO, such as predictability and data assim-
ilation (e.g., Miller 1990; Goswami and Shukla 1991;
Hao and Ghil 1994; Blanchet et al. 1997; Alves et al.
2001; Sun et al. 2002; and references therein). The ex-
periments performed here are not truly identical twins,
however, because different realizations of stochastic
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forcing are used to evolve the real and forecast states.
Nevertheless, the experiments retain the standard lim-
itation of OSSEs: the applicability of the results to the
real world depends on how well the simulation repre-
sents the true system.

Section 2 describes the experimental design, includ-
ing the ENSO prediction model, the simulated obser-
vations, the data assimilation system, and the setup of
the OSSEs. Next, to demonstrate the general behavior
of the OSSE system, section 3 presents results from
several reference experiments, including forecasts cre-
ated using perfect initial conditions, many SST and/or
thermocline depth observations, no observations, and
persistence. The next two sections evaluate how the
average skill of ENSO forecasts is affected by varying
the number and locations of platformsthat observe both
SST and thermocline depth. Section 4 tests modifying
the meridional extent, meridional spacing, and longi-
tudinal spacing of observations, and section 5 tests re-
moving observations in different regions. Section 6
summarizes and compares the results with those from
other studies.

A continuation of thisstudy, Morssand Battisti (2004,
hereafter MB2), builds upon the results presented here
by developing observing networks that are efficient for
ENSO prediction in this system, where efficient is de-
fined as providing reasonably skillful forecasts for rel-
atively few observations. Since a magjor difference be-
tween this study and many other studies of ENSO pre-
diction is the number of ENSO events examined, MB2
also explores the dependence of the OSSE results on
the duration of the simulated data record.

2. Experimental design
a. Numerical prediction model

The forecast model used is an intermediate coupled
ENSO anomaly model, the T80 model described and
studied in Thompson and Battisti (2000, 2001; hereafter
TB2000, TB2001). Its characteristics are only summa-
rized here; detailed discussion of the model physicsand
behavior can be found in Thompson (1998a), TB2000,
and TB2001.

The T80 model is a linearized, moderately damped
variant of the Zebiak—Cane (1987) ENSO model, sto-
chastically forced. The T80 model was constructed by
1) linearizing the Battisti (1988) version of the Zebiak—
Cane model (Thompson 1998a); 2) reducing the at-
mosphere—ocean coupling until the system was stable
(TB2000); 3) modifying two parameters, the western
boundary reflection efficiency and the ocean mechanical
damping, to more realistic values [based on results ob-
tained since Zebiak and Cane (1987)] and examining
the effects on transient and modal growth (TB2000);
and 4) using different values of these parameters, within
a realistic range, to construct four candidate models,
including the T80 model (TB2000). Each of the four
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candidate models was then run with stochastic forcing;
after comparing times series, power spectra, and other
characteristics of the simulations with Comprehensive
Ocean—-Atmosphere Data Set (COADS) SST data, the
T80 model was selected as the most realistic (TB2000,
TB2001). The T80 model’s leading mode is similar to
the observed ENSO mode and peaks in boreal winter,
with a period of 3.85 yr and an annual growth rate of
0.80 (TB2000).

The prognostic variables in the model are ocean dy-
namics, representing thermocline depth and ocean sur-
face currents, and SST. The atmospheric surface winds
are obtained diagnostically from the SST. Because the
system is moderately damped, al disturbances are the
result of transient growth initiated by the stochastic forc-
ing, which represents the effects of atmospheric noise.
The stochastic forcing is applied to the model prognostic
variables; it is white in time, is uncorrelated in space,
and has an amplitude that produces the observed level
of variance in the standard indices of ENSO [e.g.,
Nifio-3 (5°S-5°N, 90°-150°W) SST index, Southern Os-
cillation index, and Cold Tongue index]. Other forms
of stochastic forcing, including structured SST noise
(using higher-order EOFs derived from COADS data)
and seasonal Kelvin wave perturbations in the western
Pacific (simulating the effects of wind bursts related to
the Madden—Julian oscillation), were tested in Thomp-
son (1998b) and TB2001 and did not substantially
change the model behavior.

In longitude, the model domain extends from 123°E
to 81°W and is discretized at 15 equally spaced grid
points. The zonal gridpoint spacing isapproximately 11°
(most longitudes discussed in the paper are rounded to
the nearest whole degree). In latitude, the model is dis-
cretized in terms of Hermite polynomials for SST, and
in terms of Kelvin and Rossby waves for the ocean
dynamics. Eight Hermite polynomials are retained for
SST, and the Kelvin wave and eight Rossby waves are
retained for the ocean dynamics. To obtain meridional
grid points, the Hermite polynomials and K el vin/Rossby
waves are projected onto a grid with approximately
0.77° latitudinal spacing (most latitudes discussed in the
paper are rounded to the nearest tenth of a degree).
Increasing the zonal resolution of the model or retaining
additional meridional modes produces no substantial
changes other than a poleward extension of the south-
eastern SST maximum in the leading singular vector
(Thompson 1998a).

Because the OSSE methodology (described in section
2d) uses the numerical model to generate synthetic
ENSO events, the applicability of the study’s results to
the real world depends on how well the model simulates
the real ENSO system. Although the model is an im-
perfect representation of the full system, as noted above,
its leading mode is similar to the observed ENSO mode
(see Thompson 1998a and TB2000 for details). The
model is also closely related to the Zebiak—Cane (1987)
model, which is well established, has been used in nu-
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merous studies of ENSO, and has predictive skill similar
to that of other ENSO prediction schemes (Latif et al.
1998). One major difference between this model and
the Zebiak—Cane model is the linearization; however, as
noted by Xue et al. (1994) and Chen et al. (1997), both
the Zebiak—Cane and Battisti versions of the model are
essentially linear to small perturbations out to approx-
imately 9 months. For additional discussion of the re-
lationship of this model and its variants to the Zebiak—
Cane model and the real ENSO system, see Chen et al.
(1997), Thompson (1998a), TB2000, and references
therein.

The T80 version of the model has not been tested
extensively in ENSO prediction. However, Thompson
(1998b) used the T80 model to generate analog hind-
casts of ENSO, using COADS SST data from 1950—
90. At a lead time of 6 months, the analog hindcasts
had a Nino-3 SST anomaly correlation of 0.5 and an
rms SST error of 0.8 (see Thompson 1998b for details);
this skill is not substantially different from other ENSO
prediction schemes initialized without ocean subsurface
information (Latif et al. 1998), particularly given that
the forecast methodology was not tuned on a subset of
the data and that the model output was not postpro-
cessed. Overall, therefore, the model used here is suf-
ficiently representative of ENSO dynamics to be useful
for an OSSE study. Nevertheless, only a limited set of
dynamics and types of ENSO events are represented in
the model, and the results should be interpreted with
this in mind.

b. Smulated observations

The simulated observations in this study are of SST
and thermocline depth, taken once per month. Assim-
ilating SST observationsis, using this numerical model,
similar to assimilating surface wind information; assim-
ilating thermocline depth is similar to assimilating up-
per-ocean heat content or sea level data. All observing
locations remain fixed throughout each experiment, sim-
ulating immobile observing platforms such as TAO
moorings, island stations, or geostationary satellites.
However, given the idealizations in the experimental
setup, the results are not intended to identify locations
for specific observing platforms; instead, they indicate
general features of observing networks that are impor-
tant for skillful ENSO prediction in this system, assum-
ing that observing locations cannot be purposefully
moved between observing times.

All observations in all experiments are assumed to
be independent, in other words, to have uncorrelated
errors. The observation error covariance matrix, used to
both assimilate data (section 2c) and simulate obser-
vation errors (section 2d), is therefore diagonal. The
standard deviations of the observation errors are set to
0.2°C for al SST observations and 2 m for al ther-
mocline depth observations (errors represent an average
over a 30-day period). Although more complex obser-
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vation error statistics could easily be simulated, we
chose not to include features such as spatial correlations
in observation errors or spatial variation in observation
representativeness errors in these experiments to facil-
itate interpreting the results.

c. Data assimilation system

The simulated observations are incorporated into the
model simulation using a standard three-dimensional
variational data assimilation system (3DVAR), whichis
similar to an optimal interpolation (Ol) scheme. The
3DVAR implemented here is based on the data assim-
ilation system described in Derber and Rosati (1989;
hereafter DR89) and currently used operationally at the
National Centers for Environmental Prediction (Ji et al.
1995), with one mgjor difference: because the obser-
vations in this study are idealized, they do not require
tempora smoothing and thus are not inserted continu-
ously.

The data assimilation system generates an “ analysis”’
state, used astheinitial conditionsfor forecasts, by com-
bining the observations with a ** background” field, the
1-month forecast valid at the observation time. To de-
termine how to weight the observations and the back-
ground field, 3DVAR uses statistics given to it in ob-
servation and background error covariance matrices.
The observation error covariance matrix is described in
section 2b. To develop the background error covariance
matrix, we assumed that errors in the SST background
field are uncorrelated with errorsin the ocean dynamics
background field, and that background errorsin different
projections in latitude are uncorrelated.* The only re-
maining correlations are longitudinal; these are defined
using the parameterization given in DR89, with latitu-
dinal dependence removed:

ae*rzlbz, (1)

where r = east—west distance between grid points, b =
longitudinal correlation length scale, and a = back-
ground error variance.

The parameter b determines how far (east and west)
each observation’s influence extends. In DR89, b is set
to 570 km, with the east—west distance used in the cal-
culation of r decreased by a factor of 2.28 near the
equator (in their nearly global dataassimilation system).
The effective b near the equator in DR89 is therefore
2.28 X 570 km =~ 1300 km. For these experiments, we
set b to 1300 km for both the SST and ocean dynamics
fields in the background error covariance matrix at all
longitudes and for all projections in latitude.

The parameter a determines how the data assimilation
system weights each observation relative to the back-

 Although studies of the error covariances in this system indicate
that these background errors are correlated, these assumptions were
made for several reasons related to the goals of this study; see fol-
lowing discussion.
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ground field. Since DR89 (and similar real-world im-
plementations of 3DVAR for ENSO prediction) insert
data continuously over a 30-day window, their choice
of a cannot be extended to this study. Instead, we have
chosen a so that for a single observation near the equa-
tor, the observation and the background field are weight-
ed approximately equally. Thus, aisset to 1.7 X 104
for SST and 5.4 X 10 for ocean dynamics, at all
longitudes and for all projections in latitude. Although
this choice of a is somewhat arbitrary, many of the
experiments have been performed using different values
of a, producing results similar to those shown.

Using this parameterization, the background error co-
variance matrix is calculated once and remains the same
for all the experiments shown. Because the ENSO model
has only 260 degrees of freedom, the background error
covariance matrix and the matrix that must be inverted
in 3BDVAR to solve for the analysis increments are only
260 X 260. The full matrices can therefore be stored
and inverted.

Because the matrices in the data assimilation system
are relatively small, one could easily develop more so-
phisticated background error statistics for this BDVAR.
For example, the parameters a and b could be varied
with longitude, latitude, variable, and observing net-
work, or the full time-averaged background error co-
variances could be estimated for different observing net-
works using the OSSEs. One could also easily imple-
ment a more sophisticated data assimilation scheme,
such as a four-dimensional variational algorithm
(4DVAR) or avariant of a Kalman filter. For these ex-
periments, however, we choseto use 3DVAR and simple
error statistics both to keep the data assimilation system
similar to those currently operational and to simplify
interpreting the effects of changing the observing net-
work. The relatively simple data assimilation schemeis
also reasonable given the simplicity of the model and
the experimental setup; a more sophisticated scheme
would likely produce unrealistically optimistic results
with few observations.

Figure 1 depicts the analysis increments produced by
the data assimilation system, using the af orementioned
background error covariance matrix, for a single SST
observation and a single thermocline depth observation.
Due to the assumption that SST and ocean dynamics
background errors are uncorelated, the SST observation
does not affect the ocean dynamics field, and the ther-
mocline depth observation does not affect the SST field.
Note that athermocline depth observation near the equa-
tor influences the analysis on a broader meridional scale
than an SST observation near the equator. This occurs
because the data assimilation system determines how to
spread observational information meridionally using the
meridional projections in the ENSO model, and the me-
ridional scale of these projections is larger for ocean
dynamics than for SST.

Because the data assimilation system interpolates in-
formation between observations, some of the differenc-
es among results from different observing networks
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Fic. 1. (a) SST analysis increment produced by the data assimi-
lation system for one SST observation of 1°C at 0°, 159°W. (b) Ther-
mocline depth analysis increment for one thermocline depth obser-
vation of 10 m at 0°, 159°W. The contour interval is0.1°C in (a) and
1 m in (b); positive contours are solid and negative contours are
dotted. The maximum in both (a) and (b) is approximately one-half
the value of the observation, as designed by the choice of magnitude
for the background error covariance matrix.

could berelated to how well the dataassimilation system
fillsin different missing information. With thisrelatively
simple data assimilation system, however, removing ob-
servations of avariable in aregion clearly increasesthe
average analysis error in that variable and region—to
the extent that one can generally identify which obser-
vations were taken where in an experiment simply by
looking at the spatial distribution of time-averaged anal-
ysis errors. In addition, the spatial distributions of time-
averaged analysis and forecast errors generally depict
how the increased analysis errors in a region propagate
into short lead-time forecast errors. Results from dif-
ferent observing networks can therefore be interpreted
in terms of how important good information about initial
conditions in different variables and regionsis for fore-
casting ENSO.

d. Setup of OSSEs

To run the OSSEs, first the ENSO model is run from
an arbitrary initial state to generatea‘‘true’” (*‘nature’)
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run, designed to simulate the evolution of the real-world
ENSO system. To simulate an ‘‘analysis/forecast”
(**model”’) run, the ENSO model is run from another
arbitrary initial state, using the same dynamical equa-
tions but a different sequence of random numbersin the
stochastic forcing. Once per month, a set of ‘‘obser-
vations” iscreated by sampling SST and/or thermocline
depth from the true state at the appropriate locations
and then adding random errors consistent with the sta-
tistics in the observation error covariance matrix. These
simulated observations are assimilated into the analysis/
forecast run using 3DVAR, which combines them with
a 1-month *‘forecast” valid at the observation time. The
resulting analysis becomes the new model state, used
as the initial conditions for forecasting to the next ob-
servation time and out to 24 months. Each set of fore-
casts uses a different realization of the stochastic forc-
ing.

The experiments are thus run as a continual cycle of
analyses and forecasts, with a 1-month data assimilation
interval. Each experiment starts with the same true state
and uses the same sequence of stochastic forcing in its
true run, so that each experiment is trying to forecast
the same sequence of ENSO states. Prior to gathering
skill statistics, each experiment isrun for a 20-yr spinup
period to equilibrate the analysis/forecast run to the ob-
serving network being tested. In subsequent sections,
the forecast lead time is defined as the time lag between
the initial and end time of a forecast.

The OSSESs run here are similar to standard identical
twin experiments in the sense that the model used to
generate the analysis/forecast run includes the same dy-
namics as the model used to generate the true run. How-
ever, the forecast and true models use different reali-
zations of the stochastic forcing, and thus the experi-
ments are not truly identical twins. Because this exper-
imental setup simulates a nearly perfect forecast model,
the techniques that are often employed in ENSO pre-
diction experiments to compensate for model error, such
as the 3-month averaging of forecasts, bias correction,
or restarting the analysis/forecast run, are not required.

A major advantage of OSSEs compared to studies
with real-world data is that the experiments one can
perform are not limited by either the events experienced
inthereal world or the data taken asthe events occurred.
To capitalize on these advantages, this study tests ide-
alized observing networks and, for all of the results
shown in this paper, accumulates skill statistics over
1000 years of events. Onethousand yearsislong enough
to provide reasonably stable statistics for comparing ob-
serving networks; results for shorter periods of time are
discussed in MB2.

Another major advantage of OSSEs is that perfect
information is always available about the true state of
the system being predicted. All of the results shown,
therefore, evaluate analyses and forecasts with respect
to the corresponding true state. Four error norms were
used: anomaly correlation (AC) of the Nifio-3 SST in-
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TaBLE 1. Description of the reference experiments discussed in section 3.

Experiment Description

Perfect IC Standard OSSE, except that at each assimilation time, the initial model state is set to the true state
(i.e., OSSE with perfect initial conditions).

FullTh Standard OSSE, with 375 simulated SST and thermocline depth observations at the locations shown
in Fig. 2.

FullT Standard OSSE, with 375 SST observations at the locations shown in Fig. 2 (no thermocline depth
observations).

Fullh Standard OSSE, with 375 thermocline depth observations at the locations shown in Fig. 2 (no SST
observations).

NoObs Standard OSSE, but with no observations.

Persist Initial conditions generated as in Perfect IC experiment, with forecasts generated by persisting the

initial anomaly (i.e., persistence forecasts).

dex, and root-mean-square error (rmse) in SST in the
Nifio-3 region, in the Nifio-3.4 region (5°N-5°S, 170°—
120°W), and in equatorial SST (10°S-10°N). Unlessoth-
erwise mentioned, resultsfor the four normsare similar;
most results are shown for only the Nifio-3 AC norm.

The major disadvantage of OSSEs is that the results
are only applicable to the real world to the extent that
the simulated system represents the real system. The
observations simulated, for example, areidealized; real -
world observations often do not directly measure model
variables (e.g., thermocline depth), and they can have
errors not represented in our simulation. More impor-
tantly, the model used to generate the true run is an
imperfect representation of the true coupled atmo-
sphere—ocean system. A major limitation of the results
presented, therefore, isthe simplified dynamicsincluded
in the T80 ENSO model, and the results should be in-
terpreted with this in mind.

3. Reference experiments
a. Annually averaged forecast skill

To demonstrate the basic behavior of the experimental
system and provide a framework for interpreting sub-
sequent results, first we discuss results from the six
experiments described in Table 1. Figure 3 shows errors
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Fic. 2. Locations of the 375 observations in the Full Th, Full T, and
Fullh networks: at 15 longitudes, spaced by 11°, and at 25 latitudes,
spaced by 0.77° from 9.2°S-9.2°N.

ininitial conditions and 1-24-month forecasts, averaged
over a 1000-yr OSSE. Results are depicted for two error
norms. AC of the Nifio-3 SST index and rmse in Nifio-
3.4 SST. Results for rmse in equatorial Pacific SST and
in Nifio-3 SST (not shown) are similar to those depicted
for Nifio-3.4 SST.

As expected given the stochastic forcing in the ENSO
model, even forecasts beginning with perfect initial con-
ditions (PerfectlC experiment) have errors. For each
forecast lead time, the PerfectIC results represent the
maximum forecast skill attainable by improving theini-
tial conditions, averaged over this 1000-yr period. On
average, 15-month forecasts from perfect initial con-
ditions have Nifio-3 ACs less than 0.6, and 12-month
PerfectlI C forecasts have ACslessthan 0.7.2 Most results
shown hereafter will be limited to forecast lead times
of 12 months.

In the FullTh experiment, perfect information about
the initial conditions is replaced by a large number of
observations (at the locations depicted in Fig. 2) assim-
ilated into the model state using 3DVAR. FullTh fore-
casts are nearly as skillful as PerfectlC forecasts, in-
dicating that the data assimilation system performs well
with many observations; it generates initial conditions
that are not only accurate, but also accurate in the sense
that matters for forecasts. Compared to the PerfectlC
results, the FullTh results are a more realistic measure
of maximum attainable forecast skill, that is, the skill
when alarge amount of imperfect information about the
initial conditionsis available. The remaining results are
interpreted with respect to these two estimates of max-
imum attainable forecast skill in this simulated system;
al plots with the same form as Fig. 3 throughout the
paper show the same PerfectlC and Full Th results using
the same line styles.

When many SST but no thermocline depth obser-
vations are available (Full T experiment), Fig. 3 shows
that forecasts are on average somewhat less skillful than
those in the PerfectlC and Full Th experiments, but not
dramatically so. Differencesin forecast skill can be con-

2 Note that this is only a long-term average; in some subsets of
this 1000-yr period, the average skill of PerfectlC forecasts is sig-
nificantly higher or lower. This variability is discussed in MB2.
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Fic. 3. (@) Anomaly correlation of the Nifio-3 SST index for initial
conditions (forecast lead time = 0 months) and forecasts with lead
times ranging from 1 to 24 months for the six experiments described
in Table 1. Results are averaged over a 1000-yr OSSE. The anomaly
correlations for the NoObs experiment are all close to zero and thus
do not appear. (b) Asin (@), but for rms SST error in the Nifio-3.4
region. The average skill of persistence forecasts reaches a Nifio-3
AC minimum of —0.67 and an rms Nifio-3.4 SST error maximum of
0.90 at about 23 months of lead time, thereafter asymptoting to an
AC of zero and a saturated rms error.

sidered in two ways: 1) as differences in skill for fore-
casts at the same lead time or 2) as differences in the
forecast lead time at which average skill drops below a
certain threshold, that is, asalossin lead time. In other
words, one can say that Full T forecasts are slightly less
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skillful than FullTh forecasts because 1) FullT Nifio-3
ACs are approximately 1%-5% smaller than FullTh
Nifio-3 ACs or 2) 8-month FullT forecasts are approx-
imately as accurate as 9-month FullTh forecasts (a 1-
month loss in lead time). This indicates that good SST
information is sufficient to produce ENSO forecasts
nearly as skillful as possible, while adding subsurface
ocean information on average benefits forecasts only
dlightly (using this ENSO model and experimental set-
up).

When the many SST observations in the Full T ex-
periment are replaced with many thermocline depth ob-
servations (Fullh experiment), forecast skill decreases
noticeably (a degradation of 5%—12% in Nifio-3 AC, or
a 2-3-month loss in lead time). The magnitude of the
difference between the Fullh and FullT results is partly
related to the magnitudes of the observation errors.
However, decreasing the magnitude of the thermocline
depth observation errors does not improve Fullh fore-
caststo thelevel of FullT. This suggeststhat information
about the SST initial conditions is more important for
forecasting ENSO skillfully in this system than infor-
mation about the initial ocean heat content. Thisis cor-
roborated by results for an upper-ocean equatorial heat
content norm (not shown); at lead times greater than 2
months, the FullT array forecasts heat content more
skillfully than the Fullh array. Note that this occurs de-
spite the key role of ocean memory in this system and
is likely related to the damped ENSO mode and sto-
chastic forcing.

Nevertheless, Fig. 3 shows that the Fullh analyses
and forecasts retain significant skill, and that they are
much more skillful than when no observations are taken
(NoObs experiment). Thus, even with no direct infor-
mation about SST, the 3DVAR data assimilation system
and ENSO model together are able to use good infor-
mation about ocean heat content, inserted every month,
to generate fairly accurate SST analyses and forecasts—
at least in this experimental setup, in which the dynam-
ics of the system being predicted are well represented
by the forecast model.

The skill of persistence forecasts (Persist experiment),
while initialy high, drops rapidly as the forecast lead
time increases. At lead times greater than 2 months, all
of the experiments shown except NoObs produce fore-
casts that are on average more skillful than persistence
forecasts. At lead times greater than 6 months, the av-
erage Nifio-3 AC for persistence forecasts is less than
0.6; at lead times greater than 12 months, the average
Nifio-3 AC for persistence forecasts drops below 0. The
persistence skill of upper-ocean equatorial heat content
(not shown) is nearly identical to the persistence skill
of Nifio-3 SST.

Because the results for different observing networks
are generally easier to differentiate using the Nifio-3 AC
norm than the rms SST norms, most of the remaining
results are presented for only the Nifio-3 AC norm. Un-
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FiG. 4. (d) Anomaly correlation of Nifio-3 SST forecasts as a function of start month (y axis) and forecast lead time (x axis) for the FullTh
experiment. (b) Asin (a) for the FullT experiment. (c) Difference between (a) and (b). (d) Asin (c), but for anomaly correlation of upper-
ocean equatorial heat content. Contour intervals are 0.05 in (&) and (b), 0.01 in (c), and 0.02 in (d).

|ess otherwise mentioned, all results discussed are sim-
ilar for the other error norms tested.

b. Seasonal variability in forecast skill

Many ENSO prediction schemes exhibit seasonal var-
iability inforecast skill, with SST forecast skill dropping
off significantly as forecasts pass through boreal spring
(e.g., Latif et al. 1998). Although the causes of this
‘““spring prediction barrier’” are not completely under-
stood, it coincides with the season when tropical Pacific
SST anomalies are least persistent, as indicated by a
spring minimum in lag autocorrelations in SST obser-
vations (e.g., Wright 1985). As noted in TB2001, the
T80 model used here also exhibits a seasonal SST per-
sistence barrier, although it occurs 1-2 months later and
is less pronounced than in observations. A similar late
spring barrier occurs in numerical forecasts in this sys-
tem, as depicted in Fig. 4a (for the Full Th experiment).

Autocorrelations of upper-ocean equatorial heat con-
tent anomalies exhibit a minimum in boreal winter, with
heat content anomalies least persistent over the late fall
and early winter and most persistent over the spring
(e.g., Bamaseda et a. 1995; McPhaden 2003). This
offset in the phasing of SST and heat content anomaly
persistence barriers has led to suggestions that initial-
izing ENSO forecasts with upper-ocean heat content in-
formation may improve predictions over the spring SST
barrier (e.g., Bamaseda et al. 1995; McPhaden 2003).
Supporting this suggestion, several studieswith real data
have found that improving the initialization of upper-
ocean heat content reduces the prominence of the spring
SST prediction barrier (e.g., Smith et al. 1995; Xue et
al. 2000).

Like observations, thismodel exhibits an upper-ocean
equatorial heat content persistence barrier out of phase
with the SST persistence barrier, with heat content
anomalies least persistent beginning in August (several
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months earlier than observations) and most persistent
during the spring. Does this offset mean that good in-
formation about upper-ocean heat content can reduce
the prominence of the SST prediction barrier, carrying
the forecasts through the spring period when SST anom-
alies are least persistent? Figure 4a depicts the seasonal
variability in forecast skill for the FullTh experiment,
when many SST and thermocline depth observations
are available; Fig. 4b depicts the same results, but with-
out thermocline depth observations (the Full T experi-
ment). In comparing Figs. 4a and 4b, removing heat
content observations does not appear to significantly
modify the late spring barrier. Rather, as indicated by
the difference between Figs. 4a and 4b depicted in Fig.
4c, adding heat content observations most improves SST
forecasts that begin in boreal summer.

Figure 4d depicts the same results as Fig. 4c (FullTh
— FullT results), but for anomaly correlation in upper-
ocean equatorial heat content (defined as thermocline
depth integrated across the Pacific from 5°S-5°N). In
this system, heat content observations most improve
heat content initial conditions in late summer; 3-12
months later, these improved initial conditions lead to
improved SST forecasts (Fig. 4c). Note that, in this
system 1) perturbations initialized at any month reach
maximum growth when allowed to evolve over bored
summer and they peak at the end of the year (TB2000),
and 2) the magnitude of heat content anomalies tends
to be smallest in late summer (not shown). The first
factor suggests that inserting heat content information
may be most important in late summer because doing
So prevents heat content errors from growing unre-
strained over this period of rapid growth, leading up to
the winter peak in ENSO events. Because the magnitude
of 1-month forecast errors and analysis increments in
heat content is similar year-round, the second factor
suggests that inserting heat content information may be
most important in late summer because at this time of
year the corrections to heat content are a larger per-
centage of the anomalies. We hypothesize that some
combination of these factors, both related to the annual
cycle in the model, is responsible for the resultsin Fig.
4. Further study is required, however, to explore the
reasons for these results and whether they extend to
other ENSO prediction systems. Subsequent results are
shown only for annual averages.

4, Effects of varying extent and spacing of
observations

This section explores the effects, averaged over 1000
years of simulated ENSO events, of modifying the num-
ber and placement of SST and thermocline depth ob-
servations, assuming that both variables are sampled at
the same locations. Results from the different observing
networks are compared as in section 3, in terms of the
average skill of analyses and of forecasts generated at
different lead times. All of the observing networks test-
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Fic. 5. Anomaly correlation of the Nifio-3 SST index for initial
conditions and 1-12-month forecasts, averaged over a 1000-yr OSSE,
for observing networks with different meridional extents. All of the
networks are evenly spaced grids that are symmetric about the equa-
tor, with 15 north—south transects spaced by 11° longitude, and ob-
servations within the transects spaced by 0.77° latitude. The networks’
meridional extents vary from 1.5°N/S to >9.2°N/S and are indicated
in the figure legend. The 1.5°N/S network, for example, has obser-
vations at 1.5°S, 0.77°S, 0°, 0.77°N, and 1.5°N, for a total of 15 X
5 = 75 observing locations; each time the network is extended north
and south by 0.77°, 30 observing locations are added. The 9.2°N/S
network is the same as the Full Th network shown in Fig. 2. Results
for al networks with meridional extents greater than 9.2°N/S are
similar and are depicted with dotted lines. Asin Fig. 3, results from
the Perfect!C experiment are depicted with a solid line.

ed here are modifications of evenly spaced grids that
are symmetric about the equator, similar to the network
shown in Fig. 2 or the TAO array.

Because large amounts of information about Pacific
SST and surface winds are routinely available from
sources besides the TAO array (e.g., satellites), SST
tends to be better observed than ocean heat content.
Simulating SST and thermocline depth observations at
the same locations may therefore be unrealistic. To ac-
count for this, a set of experiments similar to those
presented in sections 4-5, but assuming many SST ob-
servations and moving only thermocline observations,
was also performed. However, as discussed in section
3, the difference in forecast skill between the FullTh
and FullT experiments is small—sufficiently small that
when SST is well observed, it is often difficult to dif-
ferentiate among results for different thermocline-ob-
serving networks. Consequently, we defer to MB2 for
a discussion of important aspects of thermocline-ob-
serving networks when SST is already well observed.

a. Varying the meridional extent of observations

Figure 5 depicts how varying the meridional extent
of observations in this system affects average analysis
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Fic. 6. Asin Fig. 5, but for different meridional spacings of ob-
servations. All of the observing networks except EQ only are evenly
spaced grids that are symmetric about the equator, with 15 north—
south transects (spaced by 11° longitude) that observe from 9.2°S/N.
The meridional spacings of observations vary from 0.77° to 9.2° and
are indicated in the legend. The networks with 0.77°, 1.5°, 2.3°, 3.1°,
4.6°, and 9.2° spacing contain 375, 195, 135, 105, 75, and 45 ob-
serving locations, respectively; each time the spacing is doubled, the
number of observing locations is approximately halved. The 0.77°
spacing network is the same as the Full Th network shown in Fig. 2.
The EQ only network has 15 observing locations at 15 longitudes
aong the equator.

and forecast skill. Each observing network tested has
the same meridional spacing of observations (0.77°) and
the same longitudinal distribution of observations (15
north—south transects, spaced by 11° longitude). All of
the networks tested include observations at the equator
and are symmetric about the equator; only the poleward
extent of the network is changed.

Up to 9.2°N/S, extending the network poleward con-
tinues to increase forecast skill. Adding observations
poleward of 9.2°, however, provides little benefit. Based
on these results, 9.2° was chosen for the meridional
extent of the Full Th network, and none of the remaining
networks tested have observations poleward of 9.2°.

b. Varying the meridional spacing of observations

Next, we vary the meridional density of observations,
keeping the same meridional extent (9.2°N/S) and lon-
gitudinal distribution of observations (15 north—south
transects, spaced by 11°). To do so, we begin with the
Full Th network shown in Fig. 2, which has observations
every 0.77° in latitude, and gradually increase the me-
ridional spacing until observations are located at only
9.2°S, 0°, and 9.2°N. The results are depicted in Fig. 6,
along with the results when observations are taken only
at the equator.
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Figure 6 indicates that in this system, even a network
with observations at only the equator can produce fore-
casts with some skill. Adding observations at other lat-
itudes does benefit analyses and forecasts. However, a
fairly large meridional spacing of observations, for ex-
ample, 4.6°, is sufficient to produce analyses and fore-
casts that are reasonably accurate compared to what is
possible. Decreasing the meridional spacing of obser-
vations from 4.6° to 3.1° or 2.3° improves forecasts
somewhat; decreasing the spacing to less than 2.3° only
increases average forecast skill by a small amount.

Decreasing the meridional spacing of observations
provides additional information about the meridional
structure of the errors in the initial conditions. It also
adds observations in regions that are already observed,
independent of added information about meridional
structure, this can improve initial conditions by facili-
tating error checking among observations, decreasing
the effective observation error. To evaluate how much
of the forecast improvements shown in Fig. 6 are due
to more information about meridional structure rather
than simply more observations, we tested doubling the
number of observations without changing the meridi-
onal spacing. For these ‘“double observation” experi-
ments, two simulated observations (with independently
generated random errors) are taken at each observing
location and time. The results (not shown) are then com-
pared with those from the standard ** single observation”
experiments.

When doubl e observations are taken for the 3.1° spac-
ing network (105 X 2 = 210 observations at each time),
forecasts are at least as skillful as those from the single
observation 1.5° spacing experiment (195 observations).
And, when double observations are taken for the 2.3°
spacing network (270 observations), forecastsare nearly
as skillful as those from the single observation 0.77°
spacing experiment (375 observations). This indicates
that observations closer together than every 3.1° latitude
improves forecasts primarily because it increases the
number of observations rather than because it provides
additional information about meridional structure.
When double observations are taken for the 4.6° spacing
network (150 observations), on the other hand, forecasts
are somewhat more skillful than those from the single
observation 4.6° spacing experiment, but noticeably less
skillful than those from the single observation 2.3° spac-
ing experiment (130 observations). This indicates that
forecasts benefit from at least some information about
initial condition errors on scales of less than 4.6° lati-
tude.

c. Varying the longitudinal spacing of observations

The next set of experiments varies the longitudinal
density of observations, keeping the meridional distri-
bution (25 observations spaced equally from 9.2°S/N)
the same. The FullTh network has observations spaced
by 11° in longitude (the gridpoint spacing); Fig. 7 de-
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Fic. 7. As in Fig. 5, but for different longitudinal spacings of
observations. All of the networks have observations at 25 latitudes
spaced by 0.77° from 9.2°S/N. The networks with longitudinal spac-
ings of 5.6°, 11°, 17°, 22°, 28°, and 33° contain 29, 15, 10, 8, 6, and
5 north—south transects, and 725, 375, 250, 200, 150, and 125 ob-
serving locations, respectively; each time the spacing is doubled, the
number of observing locationsis approximately halved. The 11° spac-
ing network is the same as the Full Th network shown in Fig. 2. The
114°W only network has one north—south transect, observing at 25
latitudes along 114°W.

picts the results when the longitudinal spacing is de-
creased to 5.6°, and when it is gradually increased to
33°. Results are also depicted when observations are
taken at only one longitude, 114°W.

As the 5.6° results in Fig. 7 indicate, decreasing the
longitudinal spacing of observations to less than the
gridpoint spacing improves forecasts very little. Thisis
expected, given that the Full Th network generates near-
ly perfect initial conditions. Increasing the longitudinal
spacing of observations to more than 11°, on the other
hand, degrades forecasts. When two independent ob-
servations of each type are taken at each observing lo-
cation (the double observation experiments described in
section 4b), the results (not shown) indicate that ob-
serving every 11° in longitude benefits forecasts not
only because it provides additional observations, but
also because it provides additional information about
the longitudinal structure of initial condition errors.

To evaluate the relative importance of thelongitudinal
and latitudinal spacing of observations, one can compare
Fig. 7 with Fig. 6. For example, the network with 11°
longitudinal and 2.3° latitudinal spacing in Fig. 6 pro-
duces forecasts that are approximately as skillful as the
network with 17° longitudinal and 0.77° | atitudinal spac-
ing in Fig. 7, even though the first network contains
fewer observing locations (135 versus 250). Such com-
parisons suggest that, in general, information about ini-
tial condition errors on longitudinal scales of 10°—20°
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is as important for ENSO forecasts in this system as
information on latitudinal scales of 2°-3°.

Note, however, that this comparison is only valid in
general, since as the longitudinal density decreases,
forecast skill depends increasingly on the specific lon-
gitudes at which observations are located. Take, for ex-
ample, the results when observations are taken at only
onelongitude: forecasts can be as skillful asthose shown
inFig. 7 for 114°W, or, for other longitudes (not shown),
no more skillful than when no observations are taken.
In addition, when observations are taken at only 114°W,
forecasts are nearly as skillful as those from the 33°
spacing network, which has observations at 5 longitudes
(and 5 times as many observations). The 33° spacing
network has observations at 126° and 92°W, but not at
114°W, this suggests that observations are more im-
portant at 114°W than at other longitudes. This depen-
dence of forecast skill on the specific locations of ob-
servations is explored next.

5. Effects of removing observations in specific
regions

To investigate where observations are most important
for forecasting ENSO skillfully, we tested removing ob-
servations from the Full Th network (Fig. 2) in specific
regions. Figure 8 depicts a sample set of results, when
observations are removed at all longitudes for various
4.6°-wide bands of latitude. Note that unlike in Figs. 5—
7, each of the networks tested in Fig. 8 contains the
same number of observing locations; only the meridi-
onal distribution is different.

As Fig. 8a depicts, removing observations north of
the equator, from 2.3°-6.9°N or from 4.6°-9.2°N, de-
grades forecasts very little. In contrast, removing ob-
servations in the same bands south of the equator de-
grades forecasts noticeably. Although such north—south
asymmetry in the importance of observations could be
caused by asymmetry in how the data are assimilated,
recall from section 2c that the simple observation and
background error covariances used in the data assimi-
lation system are north—south symmetric, so that infor-
mation from observations in the Northern and Southern
Hemispheres is spread symmetrically. In addition, Fig.
8b, along with plots of the spatial distribution of time-
averaged analysis and forecast errorsin each experiment
(not shown), indicates that removing observations north
of the equator degrades analyses as much as removing
observations south of the equator, but that the degraded
analyses north of the equator have a much smaller in-
fluence on forecasts. In other words, in this system,
accurate initial conditions south of the equator are more
important for ENSO forecasting than accurate initial
conditions north of the equator.

A closer look at Figs. 8a-b indicates that the latitudes
where observations are most important depend on the
forecast lead time; analyses and short lead-time fore-
casts (<3 months) are most degraded by removing ob-
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Fic. 8. (a) Asin Fig. 5, but for the Full Th observing network (Fig.
2) with observations removed at all longitudes in different 4.6°-wide
bands of latitude. The band in which observations have been removed
isindicated in the legend; the No 2.35-2.3N network, for example,
has observations at 15 longitudes from 9.2°-3.1°S and from 3.1°—
9.2°N. All of the networks contain 270 observing locations. (b) As
in (a), but for rms SST error in the Nifio-3.4 region. To facilitate
viewing the results for short lead-time forecasts, results are shown
only for lead times up to 9 months in (a) and 5 months in (b).

servations near the equator, while 3-month or longer
lead-time forecasts are most degraded by removing ob-
servations from 4.6°-9.2°S. Short lead-time forecasts
are likely most affected by observations near the equator
because these observations provide information about
Kelvin waves in the oceanic initial conditions; Kelvin
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waves take only 2-3 months to travel east across the
basin, and thus can affect forecasts quickly. Observa-
tions outside the equatorial waveguide, on the other
hand, provide information about the Rossby waves in
the oceanic initial conditions. Rossby waves not only
travel more slowly than Kelvin waves, but also must
travel westward and be reflected at the western bound-
ary, then travel eastward as Kelvin waves before they
can have a large effect on SST; the time scale for this
adjustment is at least 6-9 months. This means that in-
formation about the initial conditions outside the equa-
torial waveguide tendsto affect forecasts more at greater
lead times. Consequently, as the lead timeincreases, the
influence of observations farther south of the equator
grows relative to that of observations closer to the equa-
tor.

Figure 9 depicts a sample set of results when obser-
vations are removed at al latitudes for different bands
of longitude. Two of the networks tested, No 123E-—
167E and No 179E-137W, contain the same number of
observing locations; each has no observations in a 44°-
wide band in longitude. The third network, No 114W-
92W, has more observing locations, with none only in
a 22°-wide band in longitude.®

Figure 9a shows that removing observations from
114°-92°W degrades Nifio-3 SST analyses and forecasts
significantly more than removing observations from
123°-167°E or 179°E-137°W. The No 114W-92W net-
work has fewer observations in the Nifio-3 region than
No 123E-167E and No 179E-137W; thus, the differ-
ence in Nifio-3 analysis accuracy is expected. The dif-
ference in forecast skill in Fig. 9a, on the other hand,
is not a consequence of the Nifio-3 error norm. Thisis
evident in Fig. 9b; when the same results are evaluated
using a Nifio-3.4 SST error norm, 2-month or longer
lead-time forecasts are still degraded most by removing
observations from 114°-92°W. In fact, even though re-
moving observations from 179°E-137°W (in the Nifio-
3.4 region) significantly degrades Nifio-3.4 SST anal-
yses, it haslittle effect on Nifio-3.4 SST forecastslonger
than several months. Therefore, observationsin the east-
ern third of the equatorial Pacific are most important
for ENSO forecasting in this system. Observations in
the western equatorial Pacific are of secondary impor-
tance, and observations in the central Pacific are of little
importance.

Removing observations in different localized regions
of thedomain, that is, the Full Th network with a‘“hole”
in a specific region, was also tested. The results (not
shown) indicate that observations are most important at
the intersection of the regions indicated by the results
in Figs. 8 and 9—south of the equator, east of approx-
imately 130°W.

2 If observations are removed in a 44°-wide band in the eastern
third of the domain (126°-81°W), the data assimilation system has
difficulty interpolating information into the data void well enough to
produce initial conditions that can be used in forecasting.
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FiGc. 9. (a) Asin Fig. 5, but for the Full Th observing network (Fig.
2) with observations removed at all latitudes in different bands of
longitude. The No 123E-167E and No 179E-137W networks have
no observations in the western and central third of the domain, re-
spectively, leaving 250 observing locations; the No 114W-92W net-
work has no observations in a 22° band within the eastern third of
the domain, leaving 300 observing locations. For clarity, results are
not shown for networks with observations removed in other 22° bands
within the eastern third of the domain; the No 103W-81W network
produces slightly less skillful forecasts than the No 179E-137W net-
work, and the No 126W-103W network produces forecasts that are
less skillful than No 103W-81W but more skillful than No 114W—
92W. (b) Asin (a), but for rms SST error in the Nifio-3.4 region.
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Fic. 10. (a) SST and (b) thermocline depth fields of the leading
singular vector (optimal perturbation) for a 1 May start date and a
9-month optimization period (5, 9). The contour intervals are 0.2°C
in(a) and 1 min (b). The singular vector is scaled so that the absolute
value of the SST field has a maximum of 1°C. The sign of the singular
vector is such that it leads to an El Nifio event; the solid contours
are positive and the dashed contours are negative. As discussed in
Thompson (1998a), a 1-2-1 zonal filter is applied.

Error growth in this ENSO model is dominated by
the leading singular vector (optimal perturbation), which
develops into the ENSO mode (TB2000). The spatial
structure of the leading singular vector therefore indi-
cateswhich errorsininitial conditions, if they exist, will
grow most rapidly into errors in ENSO forecasts (in a
specified norm). As in TB2000, the leading singular
vector for this model has a similar structure for all start
times and for all optimization times between 4 and 12
months. The leading singular vector for a 9-month op-
timization time starting in May, a local maximum in
transient growth, isdepicted in Fig. 10 (calculated using
the model’s adjoint as described in TB2000). Note that
the leading singular vector has the largest amplitude in
the southeastern tropical Pacific—in the same region
where the OSSEs indicate that observations are most
important. In other words, accurateinitial conditionsare
most important in the regions where the ENSO model’s
singular vectorsindicate that initial condition errorswill
grow rapidly into ENSO forecast errors.



3070

(a) 1 month sensitivity: SST

10N

5Nt

EQl @

58
>
10S

150E 180 150W 120W 90W
(c) 3 month sensitivity: SST

10N

5N ¢

EQ

58

10S

150E 180 150W 120W 90W
(e) 9 month sensitivity: SST

10N K
5N ¢ J

EQls e
58f T~ 7

10S

150E 180 150W 120W 90W

JOURNAL OF CLIMATE

VoLuMmE 17

(b) 1 month sensitivity: h
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Fic. 11. Adjoint-derived sensitivities of (a), (b) 1-month, (c), (d) 3-month, and (e), (f) 9-month Nifio-3 SST
forecasts to 1 May perturbations, (a), (c), (€) in SST and (b), (d), (f) in thermocline depth initial conditions. To
approximate the | atitudinal extent for the Nifio-3 SST norm, the first Hermite polynomial isused. The contour intervals
are 0.5°, 0.75° and 1.0°C in (@), (c), and (€), respectively, and 2 m, 3 m, and 4 m in (b), (d), and (f), respectively.
Positive contours (indicating that initial perturbations lead to final perturbations of the same sign) are solid, and
negative contours are dashed. As discussed in Thompson (1998a), a 1-2-1 zonal filter is applied.

Singular vectors identify the initial perturbations that
will grow most rapidly, from which one can infer sen-
sitivity of forecasts to initial perturbations. However,
the sensitivity of a specific forecast norm to perturba-
tionsininitial conditions can also be calculated directly
using the model’s adjoint (for details see, e.g., van Old-
enborgh et al. 1999 or Errico and Vukicevic 1992). Fig-
ure 11 depicts, for thisENSO model, the adjoint-derived
sensitivities of Nifio-3 SST forecasts to perturbationsin
initial conditions. Results are shown for 1-, 3-, and 9-
month forecasts, all beginning in May. For forecast lead
times of 6 months or greater, the adjoint-derived sen-
sitivities are quite similar to the leading singular vector.
At shorter lead times, however, the sensitivities show
more clearly than the singular vectors how the most
important regions for observations evolve with the lead

time: from the central-eastern equatorial Pacific for 1-
month forecasts, to the western Pacific for 2-3 month
forecasts, to farther off the equator in longer lead-time
forecasts, as the model dynamics propagate information
through the basin. This evolution of sensitive regions
corroborates the results discussed earlier; the influence
of off-equatorial information increases relative to the
influence of near-equatorial information as the forecast
lead time increases.

Chen et a. (1997) describe the physical reason for
the southeast tropical Pacific SST maximum in thismod-
el’s leading singular vector: it forces a northwesterly
wind anomaly in the eastern equatorial Pacific, which
relaxes the mean southeasterly wind stressin thisregion;
this decreases upwelling of cold water into the surface
layer, warming the eastern near-equatorial Pacific. As
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discussed in Thompson (1998a), the thermocline depth
singular vector in the southeast tropical Pacific affects
eastern near-equatorial Pacific SST by deepening the
thermocline, which affects the temperature of upwelled
water. Thus, the primary mechanism for transferring in-
formation from observationsin the southeastern tropical
Pacific to the Nifio-3 region is upwelling: (negative)
anomalous upwelling acting on the background vertical
temperature gradient and background upwelling of
anomalously warm water. Information from observa-
tions in the western equatorial Pacific is transferred to
the Nifio-3 region primarily through eastward-propa-
gating Kelvinwaves. Further discussion of the dynamics
of the leading singular vector can be found in Chen et
a. (1997) and Thompson (1998a); a comparison with
singular vectors derived in other studiesis provided in
MB2.

6. Summary and discussion

This study explores observing requirements for
ENSO prediction by performing observing system sim-
ulation experiments (OSSEs) with a linearized inter-
mediate coupled ENSO model, avariant of the Zebiak—
Cane (1987) model, stochastically forced. Results are
compared for forecasts generated with a variety of ob-
servation densities, spacings, and distributions, aver-
aged over 1000 years of simulated ENSO events. The
experiments show that it is possible to use this type of
ENSO model in an OSSE framework to evaluate ob-
serving networks for ENSO prediction. Like all OSSE
results, the results from this study are only applicable
to the real world to the extent that the simulated system
represents the true system. At a minimum, however, the
results identify features of observing networks that are
important for predicting ENSO in this system, sug-
gesting consideration for future studies of ENSO ob-
serving networks (with OSSEs and with real data).

Because the ENSO model is linearized and, for the
parameters used here, moderately damped, forecast skill
is limited by the stochastic forcing, which represents
atmospheric transients. The skill of forecasts from per-
fect initial conditions can therefore be used to estimate
the potential predictability of ENSO. The results indi-
cate that, in this system, ENSO forecasts with Nifio-3
anomaly correlations greater than 0.6 are on average
possible only for lead times shorter than 15 months.
When many SST and thermocline depth observations
are assimilated, forecasts are only slightly less skillful
than those from perfect initial conditions, indicating that
the data assimilation system performs well when many
observations are available. The remaining results are
interpreted with respect to these estimates of maximum
attainable forecast skill.

When only thermocline depth observations are avail-
able, SST forecasts are reasonably skillful, indicating
the importance of ocean memory for the ENSO system.
However, nearly all of the ENSO forecast skill possible
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in this system can be achieved by observing and assim-
ilating only SST—adding observations of thermocline
depth on average improves forecasts only slightly. Re-
call that the data assimilation system contains no cor-
relations between SST and thermocline depth infor-
mation. Consequently, the only mechanism for trans-
ferring information from SST to thermocline depth (or
vice versa) is the model dynamics.

The relative effects of ocean heat content and ocean
surface information on ENSO forecasts have been in-
vestigated in several other studies, using rea data to
hindcast past ENSO events. Ocean surface information
is generally incorporated by inserting SST data or by
forcing with atmospheric winds; sources for ocean heat
content information include subsurface temperature,
thermocline depth, and sea level observations. Studies
with coupled ocean—atmosphere general circulation
models have found, using several different models and
data assimilation systems, that assimilating subsurface
ocean information improves ENSO forecasts for at |east
some data combinations, model configurations, forecast
start and lead times, and forecast norms (Ji and L eetmaa
1997; Rosati et al. 1997; Ji et al. 1998; Segschneider et
al. 2001; Wang et al. 2002). Using dynamical ocean
models coupled to statistical atmospheric models (hy-
brid models), Fischer et al. (1997) and Syu and Neelin
(2000) also found that inserting subsurface ocean in-
formation was beneficial, as did Kleeman et al. (1995)
and Chen et al. (1998) using intermediate coupled mod-
els. With Markov models, Xue et al. (2000) found that
subsurface data were very important for ENSO predic-
tion—in fact, the most important predictor tested—
while Johnson et al. (2000) and C. Penland (2001, per-
sonal communication) found that subsurface data were
a relatively unimportant predictor compared to SST.
Thus, many (but not all) previous studies suggest that
initializing ENSO prediction schemes with ocean heat
content information as well as SST and/or surface wind
information increases ENSO forecast skill.

Results from this study about the relative importance
of subsurface and surface ocean information could dis-
agree with those from other studies for several reasons.
First, the ENSO model used in thisstudy may be missing
aspects of the real ENSO system that cause subsurface
information to be more important. For example, ther-
mocline perturbations may be too closely linked to SST
perturbations in the model compared to the real world.
I'n addition, subsurface data benefit real -world numerical
model hindcasts at |least in part because they help com-
pensate for errors in the model’s formulation and cli-
matology, such as a tendency to generate a thermocline
that is too diffuse when forced with only SST and/or
wind stress data (Rosati et a. 1997; Ji and Leetmaa
1997). Since this study uses the same dynamical ENSO
model to forecast ENSO as it does to generate the syn-
thetic ENSO events being forecasted, the forecast model
has no errors in dynamics for which to compensate,
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resulting, perhaps, in a much smaller benefit from in-
corporating subsurface observations.

It is sometimes argued that because the ocean contains
most of the memory of the tropical Pacific coupled
ocean—atmosphere system, intelligently incorporating
subsurface ocean information into prediction modelsis
an important component of skillful ENSO prediction
(e.g., Kleeman 1993; Kleeman et al. 1995; Miller et al.
1995; Fischer et al. 1997; Ji and Leetmaa 1997; Chen
et al. 1998; Schneider et al. 1999; Xue et a. 2000;
Perigaud et al. 2000; Segschneider et al. 2000). How-
ever, for the ENSO mode that is supported in the model
used in the present study, the ocean does contain most
of the memory, yet nearly al of the forecast skill pos-
sible can be achieved with only SST observations.
Hence, our results suggest that this inference may not
be valid. Naturally, this result may be a consequence of
the ENSO model used and the experimental setup, and
thus requires further study.

Several studies have suggested that because the min-
imum in lag autocorrelation of upper-ocean heat content
occurs at a different time of year than the minimum in
lag autocorrelation of SST, accurate initialization of heat
content may reduce the SST *“ spring prediction barrier”
evident in many ENSO prediction schemes (e.g., Bal-
maseda et al. 1995; McPhaden 2003). To investigate
this hypothesis, the seasonal variability in forecast skill
from OSSEs with and without thermocline depth ob-
servations was also explored. In this system, adding
ocean heat content observations has little effect on the
spring prediction barrier. Instead, it improves SST fore-
casts that begin in boreal summer, at a range of lead
times.

Experiments were also conducted to explore how
moving SST and thermocline depth observing locations
affects forecast errors. The results identify several im-
portant aspects of observing networks for ENSO pre-
diction in this system. First, SST or thermocline depth
observations poleward of approximately 10° contribute
little to forecast skill. Note, however, that at this reso-
lution of the T80 ENSO model, analysis increments
have little amplitude poleward of 10°, even when ob-
servations are taken poleward of 10°. Furthermore, the
ocean component of the model does not adequately rep-
resent the physics responsible for subtropical SST
anomalies (poleward of approximately 10°). Hence, to
the extent that subtropical SST anomalies affect the
winds within the equatorial wave guide (see, e.g., Vi-
mont et al. 2003), the present coupled model is insuf-
ficient to evaluate the importance of observationsin the
subtropics.

Second, predicting ENSO skillfully in this system on
average requires observations (of SST and thermocline
depth simultaneously) spaced longitudinally by approx-
imately 10°-15° and meridionally by approximately
2.0°-2.5°. More complex, real-world forecasting sys-
tems may benefit from more closely spaced observations
due to observational limitations, more complex dynam-
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ics, or higher model resolution. However, when multiple
observations are simulated independently at each ob-
served location and time, the results suggest that for
some of the observing networks tested in this study,
forecast skill islimited not by the observational spacing,
but rather by the observations' errors or their weighting
by the data assimilation system. In particular, a merid-
ional observation spacing of 3.0°-4.5° appears to be
sufficient.

Third, in this system, observations in some regions
are significantly more important for skillful ENSO fore-
casting than observationsin other regions. For example,
SST and thermocline depth observations between 5° and
10°S have a major effect on forecast skill, while ob-
servations north of 5°N have little effect. For shorter (2
months or less) lead-time forecasts, observations near
the equator tend to have the largest influence, while for
longer lead-time forecasts, off-equatorial observations
tend to be more important. Observations in the eastern
tropical Pacific have a major influence on ENSO fore-
casts, observations in the western tropical Pacific have
less influence, and observations in the central Pacific
(from approximately 140°W to the date line) have al-
most no influence, except on analyses and 1-3-month
forecasts in the Nifio 3.4 region. The most important
region for observations in this system is south of the
equator, east of approximately 130°W. This coincides
with the region where the leading singular vector and
adjoint-derived sensitivities for this ENSO model in-
dicate that perturbations in initial conditions are most
likely to affect ENSO forecasts. Previous studies of the
dynamics of this model’s leading singular vector indi-
cate that information from the southeastern tropical Pa-
cific is communicated to the Nifio-3 region primarily
through upwelling.

These results suggest that uniformly spaced obser-
vations may not be the most cost-effective configuration
for ENSO-observing networks. Based on theresults pre-
sented here, a continuation of this study, MB2, develops
and discusses observing networks that are efficient for
predicting ENSO in this system, that is, that produce
reasonably skillful forecasts with relatively few obser-
vations. Two types of efficient observing networks are
addressed: networks that observe SST and thermocline
depth at the samelocations, and networks of thermocline
observations when many SST observations are available
from another source (e.g., satellites). A major difference
between this study and many other studies of ENSO
prediction is the number of ENSO events examined;
consequently, MB2 also examines the dependence of
the OSSE results on the duration of the simulated data
record.
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