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ABSTRACT

A coupled model consisting of a reduced gravity ocean and an empirical atmosphere is
developed to investigate predictability of ENSO. The ocean model has no seasonal cycle, and is
forced only by zonal wind stress anomalies. The empirical atmosphere is constructed by using
statistical techniques to relate observed wind stress anomalies directly to the sea surface tem-
perature anomalies simulated by the model. The focus of this study is on detailed analysis of
individual predictions, as well as on statistical scores from an ensemble of predictions. The mode!
can in general successfully predict an event up to about one year in advance, but the model has
little ability to predict low amplitude variability that is not related to ENSO. Predictions based
on POP analysis of the ocean model data are also made for several ENSO events, with skill
comparable to that of the dynamical coupled model.

1. Introduction

The El Nifio/Southern Oscillation (ENSO) phe-
nomenon in the tropics is an important example of
large scale ocean-atmosphere interaction in
climate variability. It can be regarded as an oscil-
lation between El Nifio (the warm phase) and
La Nifia (the cold phase). During El Nifio events,
anomalously warm sea surface temperatures (SST)
are typically observed in the central-eastern Pacific
with small negative SST anomalies in the west.
The associated atmospheric change is a weakened
Walker circulation or shift of the convective centre
from the west to central Pacific, and a decrease of
sea level pressure difference between Tahiti and
Darwin (a measure of the Southern Oscillation).
Extensive studies have been made of the mecha-
nisms responsible for the oscillation, mostly by
using coupled ocean-atmosphere models with
limited but essential physical processes: see
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McCreary and Anderson (1991) or Neelin et al.
(1994) for a review. Recently, several forecasting
models have been proposed for the prediction of
ENSO, ranging from purely statistical methods
through intermediate coupled models to fully
coupled GCMs. Such models have been reviewed
by Latif et al. (1994): all of the models considered
have some skill in predicting ENSO events about
6-12 months in advance, but the dynamically
coupled ocean-atmosphere models (Cane et al.,
1986, in particular) have longer useful lead times.

The success of these model predictions comes
presumably from the quasi-cyclic character of
ENSO and could depend strongly on how well
the models can reproduce the key spatial and
temporal relationships between the wind stress
and SST anomalies. In order to reproduce such
observed relations without invoking atmospheric
dynamics, Latif and Fliigel (1991) and Barnett
etal. (1993) have developed alternative coupled
models that consist of a physically-based dynami-
cal ocean model coupled to an empirical atmo-
sphere. The latter is trained by determining a



466

statistical relation between the observed wind and
observed SST anomalies, which are in turn related
to modelled SST anomalies by another regression
matrix. Since there are many ways to construct
such an empirical atmosphere, it is of interest to
try experiments based on different approaches.
The prediction model described in this paper dif-
fers from previous models in that the atmospheric
component is derived by relating observed wind
anomalies directly to model SST anomalies
produced by those winds; further, the ocean is
itself a north-south symmetric anomaly model
with no seasonal cycle in the prescribed back-
ground state.

The paper is organized as follows. Section 2
contains a description of the ocean model and of
the empirical atmosphere, illustrated using data
from the ocean model forced by observed winds.
A description of principal oscillation pattern
(POP) analysis and its application to data from
the ocean model to find a dominant ENSO-related
mode is given in Section 3. The coupled model
prediction experiments are described in Section 4,
followed by a comparison in Section 5 with a
prediction scheme based on POP analysis. Discus-
sion and a summary of the present study are given
in Section 6.

2. Coupled model description

2.1. The ocean model

The ocean model used in this study consists of a
linear reduced gravity model with one active layer,
simulating layer depth changes 4 and associated
currents u. The long-wave approximation is used,
and the model is forced only by zonal wind stress
anomalies (i.e., perturbations from monthly mean
climatology). The ocean has a rectangular domain,
and north-south symmetry is imposed. There is a
separate equation for SST anomalies 7'

T4+ w+ou) T, +w, T, +w(T— Tow)/H,
=V V2T—dT? 1)

Here T, is a constant zonal SST gradient, 7,
depends on longitude only (increasing eastward),
and background upwelling w, depends on latitude
only (decreasing poleward). The upwelled tem-
perature anomaly T, depends linearly on T and
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h, with the coefficient of / increasing eastward. The
surface velocity anomaly u, is determined by a
linear equilibrium balance of wind stress, Coriolis
force and friction, and gives rise to an upwelling
anomaly w,. No seasonal information is contained
in the background state, and the only nonlinear
term is the cubic temperature anomaly damping
term. This model has previously been used to
investigate external impacts on ENSO variability
(Wu et al., 1993a), and further details of the model
formulation and parameter values can be found
there.

2.2. The empirical atmosphere

The empirical atmosphere to relate the wind
stress anomaly to model SST variations was
derived as follows. The ocean model was forced by
using the observed monthly Florida State Univer-
sity (FSU) wind stress anomalies (Goldenberg
and O’Brien, 1981) from January 1961 through
January 1992 to obtain a 31-year record of
monthly SST. Only the zonal wind component was
used. The wind stress was detrended by the same
technique used in Cane et al. (1986) to remove a
possible long term trend; namely, the anomaly was
calculated relative to the previous four-year mean
with seasonal dependence. A drag coefficient of
1.125x 1072 and air density of 1.2 Kgm~* were
used to convert the FSU pseudostress to the stress
used to drive the ocean model. There is no seasonal
cycle in either the forcing or the mean state in this
model.

Having obtained model SST anomalies, a
statistical relation between anomalies of the
simulated SST and the observed wind stress used
as the driving force for the simulation was
obtained. The method is the same as that used in
companion papers by Balmaseda etal. (1994)
and Davey et al. (1994). Simulated monthly SST
anomalies 75, with index m standing for space
(M points) and n for time (N months), can be
expressed by singular value decomposition as:

N
T::l‘:ll= Z Emk'{kcnln (2)

k=1

where the E,, are normalised components of
the kth empirical orthogonal function (EOF),
A, contains variance information, and C, is the
normalised coefficient of EOF k at time n. At any
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Fig. 1. Model sea surface temperature anomalies along the equator, from the simulation forced by detrended FSU
wind stress anomalies for 1965 to 1992. Contour interval 0.5°C, negative values shaded. Labels indicate the beginning

of the respective years.
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time an SST anomaly pattern T can be projected
onto the EOFs to obtain coefficients

M

Ak= Z Emk Tm‘ (3)
m=1

We use L (typically 3) of these coefficients as
predictors of wind stress anomalies 1, to obtain

L
=3 WA, 4)

/=1

where the W,, are components of the /th
associated wind stress pattern. The associated
wind stresses are obtained from the observed stress

7°% used in the simulation:
N
W o= Z T?nl:ts Culty. (&)
n=1

This formula gives a least squares fit of recon-
structed to observed wind stress anomalies.
The T*™ values actually used for the decomposi-
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Fig.2. (a) The first EOF pattern of simulated SST
anomalies. (b) The associated zonal wind stress
anomalies. Contour intervals are arbitrary, negative
values are shaded.
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tion (2) started from January 1965, since the wind
anomaly was calculated relative to the previous
4-year mean. The first few leading EOFs (arranged
according to decreasing eigenvalues 4, ) explain a
large fraction of the total variance of 7™ in the
model.

Fig. 1 shows the time evolution of SST
anomalies along the equator, calculated by using
the observed wind. It can be seen that the model
captures every warm/cold event during the period
shown, with the amplitudes mainly confined to the
central-eastern Pacific. However, the spatial struc-
ture (not shown) of the anomalies is too concen-
trated in the equatorial region compared with that
observed. Similar time series of depth anomalies 4
(not shown) reveal prominent westward propa-
gation 5° off the equator, and faster eastward
propagation along the equator. In contrast to 7,
there is considerable 4 activity in the west Pacific
(particularly off the equator) as well as in the
central-east Pacific. The equatorial 4 propagation
from the west to east Pacific is slower than the
rapid eastward 7 movement in the east Pacific seen
in Fig. 1.

It is useful to examine the extent to which the
empirical atmosphere can reflect the actual physics
of the coupling between the ocean and atmo-
sphere. The first EOF pattern of 7™, which
accounts for 87.3 % of the T variance in the forced
run, is shown in Fig. 2a, with the associated wind
pattern in Fig. 2b. The peaks of the timeseries of
coefficients for the first EOF correspond well with
ENSO events in the simulation. The amplitude of
this EOF pattern is largest (warm as shown) in the
central-eastern Pacific, and is very similar to the
SST anomaly patterns found during ENSO events
as simulated in the model. The associated zonal
wind pattern has largest amplitude (westerly as
shown) over the west Pacific, with a maximum
centered near the dateline. The meridional scale of
the wind is much larger than that of SST. These
are all characteristics also found in observations
(Rasmusson and Carpenter, 1982; Latif et al,,
1992). The distributions of the SST and wind pat-
terns are such that a westerly wind anomaly in the
central-western Pacific is associated with a warm
SST anomaly in the central-eastern Pacific. There
is no significant easterly wind associated with the
EOF 1 SST anomaly, in contrast to the response of
a Gill-type (Gill, 1980) atmospheric model to such
a pattern. The second and third SST EOFs explain
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much less variance (8.4% and 2.0%) than does
the first EOF. Their associated wind patterns also
have wind anomalies that tend to be located over
and west of temperature anomalies of the same
sign.

3. POP analysis and the mechanism for
interannual variability

The model ocean has previously been coupled to
a simple Gill-type dynamical atmosphere, as
described in Wu et al. (1993a). By investigating
wave components, it was suggested there that the
delayed oscillator mechanism played a major role
in generating the interannual variability in that
model. Here we take an alternative approach, and
use POP analysis (Hasselmann, 1988; Von Storch
et al., 1993) to examine the mechanism operative
in the ocean model forced by observed winds. By
applying POP analysis, data can be re-expressed
as a superposition of POP spatial patterns and
timeseries, where the POP patterns represent inde-
pendent modes that would evolve as decaying
oscillations in the absence of forcing. An oscillating
mode has “real” and “imaginary” spatial patterns
popg and pop;, and characteristic period 7 and
e-folding decay time D. (See Appendix for details.)

If the system is dominated by one particular
POP mode, then insights into the mechanism
operating in the system cgn be obtained by
examining the spatial patterns and time behaviour.
To do so, measures are needed to pick out useful
or significant POP modes. One is the matching of
the oscillation period 7 to the interannual ENSO
timescale. Another is how well the actual POP
mode evolution resembles the oscillation of an
unforced POP mode: this is examined by taking
lag correlations between timeseries for popy and
pop;. A well-behaved POP mode will have a
positive maximum correlation at a lag of 7/4 with
the imaginary part leading the real part. In addi-
tion, the decay timescale of a POP mode should
not be much shorter than its oscillation period,
otherwise the POP pattern will virtually disappear
before one cycle has completed.

Another indicator is a comparison of the
variance accounted for by a particular POP mode
with that of other modes. A useful POP mode
should account for a significant fraction of the
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variance of the original data. However, since the
POP modes are not orthogonal to each other, the
variance of each mode is not additive and care is
needed in interpreting this. A further indicator is
correlation of the POP coefficients with a given
timeseries such as the timeseries of SST anomalies
averaged over the Nifio3 region (150°W-90°W,
5°S-5°N). A POP mode representing ENSO can
be expected to have higher correlation with this
timeseries than other (non-ENSO) modes.

Since coherent structures in the atmospheric
and oceanic variables are observed during ENSO
events, it is useful to examine the oscillatory
patterns in these variables as a unified system.
Anomalies of sea surface temperature, the upper
layer depth and zonal wind stress are used in the
following analysis (cf. Latif et al, 1993). The
anomalies for different variables were normalized
by their respective standard deviations before
being combined to form a unified dataset. POP
analysis was applied, using the first few EOFs of
the combined data and their corresponding
timeseries.

For the forced run, 20 EOFs were retained for
POP analysis. The fraction of total variance of
the combined dataset explained by these EOFs is
91%. Sensitivity experiments showed that the
number of EOFs retained in the analysis did not
have a significant influence on the POP mode of
interest. The spatial structures of the first three
EOFs for SST and zonal wind (not shown) are
fairly similar to those obtained by applying EOF
analysis to the SST anomalies alone and determin-
ing the associated winds as in Subsection 2.2. The
POP mode which best represents ENSO in the
simulation, according to the above criteria, has an
oscillation period of 31.5 months and e-folding
time of 17 months. Lag correlations of the
timeseries of real and imaginary POP coefficients
for that mode show that a positive maximum
correlation of about 0.65 occurs at a lag time of
about 8 months with the imaginary coefficient
leading the real one. The maximum correlation of
the POP coefficients with Nifio3 SST anomalies is
about —0.8 for the imaginary part, indicating that
this POP mode is likely to be an ENSO mode. In
addition, this POP mode has the largest fraction of
variance compared to other POP modes (24.4%
of the variance obtained when summing all POP
modes, 63.9 % of the total variance of the unified
dataset: see Appendix). Together, these results
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suggest that this POP mode represents the domi-
nant interannual behaviour in the forced simula-
tion fairly well, and that it is related to ENSO, with
the imaginary component corresponding to ENSO
peaks.

Fig. 3 shows the POP patterns popg and pop,,
for this ENSO-like mode, with pop, representing a
cold extreme as shown. For a freely evolving POP
oscillation the patterns appear in the sequence
popgr — (—pop,) = (—popg) — popy = popg -+~ .
In the simulation this sequence is followed during
main ENSO events, but at other times the POP
timeseries are less coherent and have low
amplitude. The real temperature pattern popg
shows a weak anomaly in the central Pacific, while
the imaginary pattern pop; has large amplitude in
the central-eastern Pacific. The anomalies in tem-
perature and layer depth are positively correlated,
especially in the central-eastern equatorial Pacific:
a warm event is associated with a deeper ther-
mocline in the east Pacific, and vice versa. The
real pattern represents a transition phase, and the
imaginary pattern corresponds to the peak phase
of the ENSO cycle. The big difference in the
amplitudes of the real and imaginary patterns of
SST anomaly (Fig.3) suggests that the tem-
perature anomaly is basically a standing oscilla-
tion, in this POP filtered view, in contrast to the
situation in the layer depth anomaly patterns,
where the real and imaginary patterns have com-
parable amplitudes, suggesting propagation (cf.
Latif et al., 1993a).

In the peak phase of a cold event, large negative
anomalies of the layer depth are observed in the
eastern Pacific, with positive off-equatorial max-
ima in the west Pacific; a quarter of a period later,
the negative eastern anomalies are replaced by
weak positive anomalies in the equatorial region.
This can be attributed to propagation of the
positive anomalies accumulated in the western
Pacific during the peak cold phase. In the next half
cycle, the positive anomalies grow in the central-
eastern Pacific and then decay due to the arrival of
negative anomalies from the west. During a peak
cold (warm) phase, negative (positive) zonal wind
anomalies in the central-western Pacific produce
negative (positive) layer depth anomalies to the
east and positive (negative) anomalies to the west,
and the latter may form the seed of negative feed-
back effects to reverse the peak, as in the delayed
oscillator scenario.

Tellus 46A (1994), 4
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4. Prediction experiments

Prediction experiments were carried out using
the empirical atmosphere, constructed with 3 SST
EOFs, coupled to the ocean model. The initial
conditions were taken from the run forced with
FSU winds, which will be referred to as the control
run. Because the atmospheric model is truncated
to 3 associated wind patterns immediately after
starting a prediction, errors relative to the forced
run are effectively introduced into the system
immediately. These errors, however, are mostly of
small scale; their impact on large scale, interannual
variability remains unclear since small scale
features in the atmosphere are likely to be filtered
out by the ocean. On an interannual timescale the
winds reconstructed from the control 7 using
3 SST EOFs generally fit well the winds used to
force the control run, the main difference being
an underestimation of the 1982/83 peak wind
anomalies.

The predictions were started every 3 months
(1 January, 1 April, 1 July and 1 October); and
each prediction was performed for two years. The
first prediction considered here was started in
January 1965, and the last one in October 1989:
100 prediction experiments in total. Before
investigating ensemble features of the predictions,
individual predictions of some typical ENSO
episodes are examined in order to gain some
insights into how the model captures or misses a
target event. For most results presented, the
predictions are compared with the control run.

4.1. Case studies

Latif et al. (1993b) have considered five cases of
typical warm and cold events, using four start
times for each case. For comparison we considered
the same events in detail: the 1972/73 and 1986/87
warm events and the following cold events, and the
1982/83 warm event (see Table 1).

Figs. 4a—e shows the time evolution of SST
anomalies in the Nifio3 region for the control run
and 20 predictions for the 5 cases. The predictions,
in general, follow the control run fairly well, except
for the 1986/87 warm event in which predictions
starting in April and July 1986 diverged from the
control run soon after the start. For the 1972/73
warm event, each prediction warmed, but for
predictions starting in October 1971 and January
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Fig. 4. SST anomalies in the Nifio3 region for the control run (solid) and predictions using the empirical atmosphere
(dashed), for 5 warm and cold ENSO cases and for the 1974/75 non-event (see Table 1 for start dates). Initial condi-
tions for the predictions were taken from the control run.
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Table 1. Starting times of prediction experiments for ENSO case studies

(a) 1971/72 (b) 1972/73 (c) 1982/83

(d) 1986/87 (e) 1987/88 (f) 1974/75

warm cold warm warm cold non-event
July 1/71 Jul./72 Jul./81 Jan./86 Apr./87

Oct./71* Oct./72* Oct./81* Apr./86* Jul./87* Jan./74
Jan./72* Jan./73* Jan./82* Jul./86* Oct./87* Apr./74
Apr./72* Apr./73* Apr./82* Oct./86* Jan./88* Jul./74
Jul./72* Jul./73* Jul./82* Jan./87* Apr./88* Oct./74

The 20 experiments marked (*) are shown in Figs. 4a— and used for the correlations in Fig. 5.

1972 the change from negative to positive
anomalies occurred about 4 months late. The
correlation r as a function of lead time between
these 20 predictions and both the control run and
the observed Nifio3 anomalies are shown in Fig. 5.
Using the control run, the correlation drops
rapidly in the first S months from r = 1 at zero lead,
followed by a plateau above 0.8 up to a lead time
of about 15 months. The predictions also correlate
well with the observations, with r rising from 0.7 at
zero lead to a similar 0.8 plateau. These results
imply useful predictions more than one year in
advance, at least as far as events are concerned. (In
the context of ENSO prediction r > 0.5 is generally
considered useful.)

The 1974/75 “non-event” is shown in Fig. 4f. In
the observations, there seemed to be an incipient
ENSO in the middie of 1974, but it aborted later
in 1974. Many coupled models, however, fail to

10 1 1 1 1 1 1 1
0.8 e
0.6
o
2
@
g 047
Q
(&)
0.2
0.0 kY =
A
02— e — : -

o - =
0 3 6 9 12 15 18 21 24
Lead time in months

Fig. 5. Correlation, as a function of lead time, of pre-
dicted SST anomalies in the Nifio3 region with control
(solid) and observed (dashed) values: 20 predictions for
5 warm and cold ENSO cases were used (see Table 1).
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reproduce this behaviour in hindcast experiments
and instead predict a warm event (according to
information collected as part of a Tropical Ocean
Global Atmosphere Numerical Experimentation
Group (TOGA-NEG) hindcast intercomparison).
The present model was also unable to follow the
control run, and produced a spurious warm event
for predictions starting in January, April, and July
1974.

The timing of the 1982/83 case is predicted
rather well. Each prediction, starting as early as
July 1981 or as late as July 1982, was able to
produce a warm event initiated in late 1982 and
decaying around the end of 1983. Except for the
early peak in the April 1982 prediction, the peaks
in each prediction were at approximately the same
time. For example, for the prediction starting in
July 1981 a warm event was not initiated until late
1982 and the maximum amplitude was around
March 1983; while in the prediction starting in
July 1982, a warm episode began to develop soon
after the start of the prediction and the peak
amplitude was seen around April 1983.

The 1986/87 warm event was the least well
hindcast. In this case, predictions starting from dif-
ferent initial conditions diverged considerably. For
the prediction started in January 1986, a warm
event soon developed, which was not seen in the
control run until the end of 1986. Predictions start-
ing in April and July 1986 developed oscillations
which have little similarity to the control run. The
best result for this case is the prediction starting in
January 1987, when the warm event was already
underway.

To understand why the prediction model
behaves so differently from one event to another,
we examined more closely how the model evolves
from a given initial condition. For this purpose,
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the coefficients A4, for the EOF projections and the
associated wind anomalies (see egs. (3) and (4))
were analyzed. The reason for using these coef-
ficients is twofold. First, if a prediction were very
accurate, then its 4, would follow closely the
timeseries for the control run; the errors would be
entirely due to the truncation of EOFs retained in
the coupled integration. Therefore evolution
of 4, associated with each EOF provides another
measure of the model prediction. Moreover,
since the largest amount of the variance of SST
anomalies in the present model is associated with
the first EOF which has amplitudes confined to the
central-eastern Pacific (Fig. 2a), the timeseries of
A, alone closely represents a warm or cold event
and its evolution. The second reason, which is
more relevant for the present purpose, is that the
A, represent active links between the ocean and
atmosphere in our approach. They are not only the
projections of SST anomalies onto the EOFs,
but also the strength of the corresponding wind
anomalies. Cold SST anomalies in the central
Pacific imply negative 4,, for example, which
implies an easterly wind anomaly in the central-
western Pacific and hence an accumulation of
water in the west Pacific, which normally has
negative feedbacks on A, through the ocean
dynamics and thermodynamics.

Fig. 6a shows the time evolution of 4, for the

1.0

Fig. 6. Timeseries of coefficients A, for the first EOF of
SST anomalies, for the control run (solid) and 5 predic-
tions (broken lines), for (a) the 1982/83 warm event, and
(b) the 1986/87 warm event.
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1982/83 event, for the control (solid line) and five
predictions (column 3 of Table 1). This event
was dominated by the first EOF. Corresponding
timeseries of 4, and A4, have smaller amplitude
variations with shorter timescales. The predictions
closely followed the general trend of the control
run in the first EOF, but not in the higher modes,
implying that the accuracy of the model prediction
depends strongly on the first EOF.

Corresponding plots for five predictions of the
1986/87 event (column 4 of Table 1) are shown in
Fig. 6b. In this case, the predicted 4, did not
follow the control run very well, except for the
experiment starting in January 1987 which did
trace the temporal evolution of the first EOF.
Comparing with Fig. 6a, it is noted that the pre-
dictions of the 1986/87 event were started with
very small 4, (except for the January 1987 start),
which would be associated with very weak wind
anomalies. In other words, at the starting points,
the system was in a state of weak wind and tem-
perature anomalies; it had to evolve further to let
the anomalies grow toward positive or negative
phase, constrained by the mechanism of natural
oscillation in the model. In fact, the coefficients 4,
of the second EOF at the starting points of
April, July and October 1986 had comparable
amplitudes to A4,; the growing phases were
presumably determined by the combination of the
two EOFs.

By contrast, predictions for the 1982/83 event
were started during or just after a period with con-
siderable amplitude of the dominant A4, indicating
that the system had experienced preconditioning.
(Note that, according to the structure of the
ENSO mode in Fig. 3 revealed by POP analysis,
large amplitude of A, is usually associated with
large heat content anomalies in the west Pacific.)
For the 1982/83 event, easterly wind anomalies
associated with negative A, for example before
January 1982, had piled up positive layer depth
anomalies in the western Pacific, which, after
reflection from the western boundary, tend to
switch off the negative phase of 4, according to the
delayed oscillator scenario. In this theory, the time
needed to switch 4, from one phase to another is
related to the amount of accumulated water which
is roughly proportional to the strength of the wind
anomalies and hence of 4, at the start. This may
explain why it took longer to switch 4, from
negative to positive for the July 1981 prediction

Tellus 46A (1994), 4
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than for the October 1981 prediction, since the
magnitude of 4, in the former was smaller than in
the latter.

The amplitude of 4, may therefore contain
important preconditioning information. When it is
small for several months, higher EOF modes may
play comparable roles to that of the first EOF; the
system is then not well preconditioned since there
is no significant accumulation of water in the
equatorial west Pacific, but the small anomalies
are going to develop in the freely coupled mode
because of coupled instabilities. Substantial
amplitude of 4,, on the other hand, indicates that
the system has experienced preconditioning by
accumulating warm or cold water in the west
Pacific, which normally has negative feedback
effects on A, ie., the system is able to change
phase when released from the forced run. It
appears that the 1986/87 event was not well pre-
conditioned in the model, as A; remained near
zero during much of 1986.

The dependence of the model prediction
behavior on the initial amplitude of the first EOF
projection A; was examined by calculating the
prediction errors as a function of the initial value
of 4, (denoted 4,,) and of lead time for all 100
predictions. The prediction error is defined as the
difference between the Nifio3 SST anomalies of the
prediction and the control run. This error grows as
the lead time increases for lead times up to about
5 months, with little dependence on 4,,, at first.
For lead times from about 3 to 7 months, the
errors tend to be smaller for larger amplitude of
A,,, (positive or negative) than for smaller 4,,:
Fig. 7 shows how individual errors depend on 4,
at a lead time of 6 months. This is consistent with
the case studies of the 1982/83 and 1986/87 events.
In other words, for initial conditions with con-
siderable amplitude of A4,,, the model is more
likely to be able to catch the evolution of the con-
trol run. At longer lead times there is no clear rela-
tion between the errors and A,,. The memory
inherent in the ocean model suggests that it may
also be useful to investigate lag correlations of
errors and A4,.

4.2. Ensemble features

In the case studies in Subsection 4.1, we have
shown that the model can do a good job of predict-
ing SST anomalies for ENSO events. In a quiet
period of weak anomalies in the wind and SST,
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however, predictions using this model are less
reliable. This is probably a common feature for
all the existing coupled models used for ENSO
prediction. In this subsection, the ensemble
features of all 100 prediction experiments are
presented, in order to get an overall estimate of the
skill of the model prediction, including both
ENSO events and quiet periods.

To measure the prediction skill, correlations of
predicted Nifio3 SST anomalies with correspond-
ing anomalies for both the control run and obser-
vations were calculated as a function of lead time,
together with the corresponding root mean square
(rms) errors. The rms error is normalized by the
standard deviation of the predictand, i.e., SST
anomalies of the control run or observations.
Fig. 8 shows the correlations and rms errors for the
Nifio3 region, for predictions compared to the
control run (curves labelled C), averaged over 100
datasets. In contrast to Fig. 5 for the selected
ENSO cases, it is seen that the correlation for the
full dataset is above 0.5 only up to a lead time of
about 7 months. The correlation calculated for the
full dataset has large detrimental contributions
from the quiet pertods of weak anomalies, which
the model could not predict very well. The rms
errors show a sharp growth for lead times up to
about 9 months, after which the errors tend to
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Fig. 7. Prediction errors (prediction minus control) for
Nifio3 SST anomalies as a function of the initial value
A, for 100 experiments, for a lead time of 6 months. The
20 special ENSO cases (Table 1) are marked by x .
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saturate. By a lead time of 7 months, the rms errors
have reached the level of the standard deviation of
the control run, which may be considered as an
upper limit for useful prediction as far as the
amplitude is concerned.

For comparison, correlations and rms errors
between the predicted and the observed SST
anomalies in the Nifio3 region are also shown in
Fig. 8 (curves O). The model errors relative to the
observations in the forced simulation are indicated
by the correlation at zero lead time, which is about
0.75. Starting from this value, the drop in the
correlation as a function of lead time is more
gradual than that for the comparison against the
control run, but again dropping below 0.5 at a lead
of 7 months. The rms errors show a rather linear
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Fig. 8. Correlations and rms errors between predictions
and values of SST anomalies in the Nifio3 region as a
function of lead time. Curves labelled C are for com-
parisons with SST from the control run, while label O
indicates comparisons with SST from observations.
(a) correlations, (b) rms errors, normalised by the
standard deviation of observations (curve O) or control
values (curve C).
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increase as a function of the lead times shown, and
the error reaches the standard deviation at a lead
time of about 12 months for the full dataset.

The seasonal dependence has also been
examined: there are variations between the
seasons, but they are not nearly as large as the
variations reported for models with explicit
seasonal dependence in the mean state (e.g., Latif
et al., 1994; Balmaseda et al., 1994), which suggests
that the seasonal dependence of the prediction skill
results mainly from the seasonally-varying basic
state.

5. Comparison with a POP prediction scheme

A prediction scheme based on POP modes like
that proposed by Xu and Von Storch (1991) is
considered. The prediction method, based on a
single ENSO-related POP mode, is to first specify
an initial location for the mode in the real versus
imaginary amplitude space according to the con-
trol run, and then to follow the free trajectory in
that space. The trajectory is unable to provide use-
ful information about the future amplitude of the
evolution as the trajectory will spiral toward the
origin in the absence of some forcing. Nevertheless,
one can concentrate on the phase determined by
the mode, under the assumption that the desired
exciting forcing is always present in the system to
keep the mode energetic. The problem is thus
reduced to identifying the location of a given initial
state on the POP cycle. The ENSO-related POP
mode used for the following predictions was that
described in Section 3, obtained by analyzing the
combined dataset of model SST, layer depth and
zonal wind stress anomalies from the control run.

The dial plots in Fig. 9a—e show the evolution
of the control run (solid lines) and POP predic-
tions (broken lines) for the 5 selected ENSO
cases (Table 1), with amplitudes of the real and
imaginary POP patterns as axes. In general the
evolutions show a clockwise rotation around the
origin for the control run; the peak phase can be
estimated as being when a trajectory crosses
negative (positive) maximum imaginary values for
a warm (cold) event (see the spatial patterns in
Fig. 3). The predictions start at initial conditions 3
months apart, as for the dynamical model, but the
decay factor of the amplitude has been excluded in
the diagram for reasons mentioned above. The
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open circles on the prediction lines mark the time
when the peak phase was reached in the control
run, so a good prediction would have the circles
located close to the negative (warm event) or
positive (cold event) imaginary axis. It is seen that
many of the predictions match the control run
fairly well, except for the case of the 1988/89 cold
event (Fig. 9¢) in which all the predictions reached
the peak phase about 6 months earlier than the
control run. For the 1972/73 warm event (Fig. 9a),
the prediction starting in July 1971 reached the
peak phase about 4 months earlier than the con-
trol run, as also observed in the dynamical model
prediction. The 1982/83 warm event shows up
again as a successful prediction; all the circles are
located close to the negative imaginary axis. It is of
interest to note that in the case of POP prediction,
3 out of the 5 predictions for the 1986/87 warm
event (Fig. 9d) are in fair agreement with the con-
trol run phase, in contrast to the dynamical model
predictions which were unsuccessful.

The 1986/87 warm event illustrates the dif-
ference between the two schemes: the POP scheme
did a better job than the dynamical model for
predictions starting in April, July and October
1986. The difference arises because the two
schemes concentrate on different elements of the
ENSO mechanism. Both schemes are able to iden-
tify the amplitude and location of an initial state in
the cycle of the natural oscillation of the model.
While the dynamical scheme traces the evolution
by the amplitude and phase, the POP scheme
captures only the cyclic character, leaving the
amplitude undetermined. In other words, the POP
prediction scheme picks up only the phase con-
figuration of the patterns (Fig. 3) at the start, and
the evolution afterwards is independent of the
amplitude of the initial configuration. However,
using the same configuration as the initial condi-
tion, the evolution of the dynamical prediction
scheme (which is amplitude dependent) could be
growth or decay, and the oscillation character
could also depend on the amplitude.

6. Discussion and summary

In order to gain better understanding of the
predictability of ENSO in coupled ocean-atmo-
sphere models, we have focused on model predic-
tions in a simple coupled system. The ocean
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component used consists of a one-and-half layer,
reduced gravity model with a prognostic equation
for SST. The empirical atmosphere is constructed
by using a statistical technique to relate the
observed wind anomalies to the model-simulated
SST anomalies. The results show that the empirical
atmosphere could capture the basic atmospheric
response to SST anomalies, particularly on ENSO
time scales. A point of interest was to examine how
the model catches or misses a target event.

The case studies show that the ability of the
model to predict an event was best when it could
identify preconditioned information in the initial
conditions. It seemed more difficult for the model
to follow a quiet evolution of weak anomalies in
the wind and SST. This behavior can be explained
by the mechanism responsible for the interannual
variations in the model. When the prediction is
started, the system is released from the forced
mode to a free evolution determined by the natural
oscillation mechanism of the model. At the start
of a prediction, it is necessary for the model to
identify where the given initial condition is on the
trajectories of its own natural oscillation cycle. For
initial conditions with well preconditioned infor-
mation, i.e., current or recent large amplitude of
A, in our model, the trajectory of the prediction
is more likely to match that of the evolution
observed in the control run, since the system in the
coupled mode could pick up essentially the same
mechanism that is responsible for the variations on
this time scale. A mismatch of the trajectories of
the prediction and control, on the other hand,
indicates that the evolution of the control may not
be due to the same mechanism as that which the
prediction model has picked up. This is probably
true in the present model, as the mismatches were
observed mostly during quiet periods in which the
variations had small amplitudes and shorter time
scales that were likely caused by effects other than
the ENSO mechanism.

A comparison was made between the dynamical
model prediction and a POP prediction scheme.
It was shown that the prediction skills of both
schemes come from their ability to capture, at
least partly, the mechanism of the ENSO cycle.
While the dynamical model could identify both
amplitude and phase of an initial condition in the
natural oscillation cycle, the POP scheme only
needed the phase information from the initial con-
dition and gave no amplitude estimation for the
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future evolution. Both schemes showed, in general,
comparable skills for prediction of the events,
although differences were observed for individual
predictions. It should be pointed out that the POP
analysis was carried out by using the combined
dataset; so the POP scheme contains information
not only of SST, but also of heat content
anomalies. It would be of interest to examine the
prediction skill of the dynamically coupled model
when heat content information is included in the
prediction scheme, as in Balmaseda et al. (1994).

Another important effect on the predictive skill
is the inevitable errors in the initial conditions,
which could be responsible for the quick drop in
the correlations during the first few months of lead
time (Fig. 8). Goswami and Shukla (1992) and
Blumenthal (1991) have discussed this issue from
different approaches. We have instead concen-
trated on the long term behaviour of the predic-
tions in this study. A thorough investigation of the
model prediction skill of ENSO, however, should
include both the short term (first few months) and
long term behaviour.
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8. Appendix. An application of principal
oscillation pattern analysis

Suppose that we have information about M
spatial components of a system Z at N timepoints
at intervals At, represented in terms of EOFs and
timeseries of their coefficients. A subset containing
L of those functions (chosen such that most of the
variance of the original system is retained) is used
to partially reconstruct the system as
Z=E4" (A1)
where each column of E is an EOF spatial pattern
and each row of 4 is a timeseries. Thus,

L
Z(xp, t)= ). E/(x,) A,(t,)

=1
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(cf. €q. (2)). We want to represent the temporal
evolution by a first-order Markov process:

L

Aty 1) =Y, agdy(t,)+ noise. (A2)
k=1

Put

. L

Atyp)= Y anAilt,) (A3)
k=1

Then minimising ¥, Y., (4 — 4)? requires:

a=CHcO™ (A3)

where

C;lq) =Z Ap(tn+t') Aq([n)

is a lag-i covariance. Independent modes of the
first-order process can be determined from the
eigenvalues # and eigenvectors e of o, which (as «
is real) are real or occur in complex conjugate
pairs. Suppose 1 =pe™, and e=eg + ie;, for an
oscillating mode with period 7= (2n/|w|) At and
decay time D= —At/In p. The system Z can be
rewritten in terms of these modes. It is convenient
to define a real matrix B by taking as its columns
pairs eg and e; from one of each complex con-
jugate pair, together with the real es that
correspond to non-oscillatory modes. There are L
such vectors, and they usually form a complete set.
Define new timeseries of coefficients P for the inde-
pendent modes by

P=A(B™)" (A%)

Then (A2) becomes
L
Pit, )= Y, (B 'aB)i Pi(t,)+ noise. (AS)
k=1

The matrix B~ 'aB contains 2 x 2 rotation matrices
along its diagonal for the oscillating modes. Rows
of P are POP timeseries, containing coefficients for
independently evolving noise-forced modes. Pairs
of timeseries are denoted Pg (2, and Py (1,) for the
“real” and “imaginary” parts of the jth oscillatory
mode.

From (A1), the original system can be expressed
as

(A6)

N

= EBP" = POPP™.
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The columns of the matrix POP = EB are spatial
patterns formed by linear combinations of EOFs.
Pairs of patterns are denoted popy,, popy, for the
jth oscillatory mode. Note that the system at any
time can be projected onto the POP modes by
using spatial patterns PROJ = E(B~")™.
Although the oscillation and decay timescales
are well defined in the above outline, the spatial
patterns and corresponding timeseries can be
altered by manipulating B. In this paper we
remove this ambiguity by scaling the eigenvectors
e such that e-e=1 and e;-e;=0. One conse-
quence of this choice is that the pairs of spatial
patterns popg, pop; have the same orthonormal

property.
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Suppose Z is partially reconstructed using, for
example, the jth oscillating POP mode:

Z})art(xm, tn) =p0PR,(xm) PR/.([")

+ popy(X,) Pr(1y). (A7)
Denote the variance of ZP*" by V'P*". The partial
variances of the oscillating and purely decaying
modes cannot simply be added to obtain Var(Z).
We define fractional partial variance, as used in
Section 3, by

17]': V})art/ z Vpart.

all modes

(A8)
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