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Abstract

Predictive skill of the Indian Ocean Dipole (IOD) using the Bureau of Meteorology’s
POAMA seasonal forecast model is assessed in light of the model’s ability to simulate the IOD.
The analysis is based on a ten-member ensemble of nine-month forecasts that are initialized from
observed ocean and atmosphere states once per month for the period 1982-2006. The observed
IOD develops in late boreal spring, peaks in autumn and decays abruptly in winter, with about ½
of the variance of the IOD being associated with El Niño/Southern Oscillation (ENSO). The
seasonal phase locking of the development of the IOD is well depicted in the POAMA forecasts
but the IOD’s structure is distorted and its amplitude weakens with increasing forecast lead time,
while at the same time the IOD becomes spuriously over-dependent on ENSO. These
deficiencies in the simulation of the IOD are attributed to inadequate horizontal resolution and
development of biases in the mean state, which together affect depiction of important coupled
dynamics for the IOD and of remote forcing by ENSO (which itself exhibits distortion of its
spatial structure attributed to biases in the simulated mean state). Skilful prediction of the peak
phase of the IOD in the September-November is limited to about 4-5 month lead time, with a
rapid drop off in skill for forecasts initialized before June. Forecast skill for the IOD appears to
be limited mainly by ability to predict development of SST anomalies in its eastern pole.
Potential predictability estimates, assuming a perfect model, indicate great scope for improved
prediction, although the IOD is much less predictable (potentially and in practice) than ENSO.
However, the deficient depiction of the IOD at longer lead times means that estimates of
potential predictability assuming a perfect model may be unreliable.
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1. Introduction
Dynamical prediction of seasonal climate is founded on the ability to predict slow
variations of anomalous boundary forcing, primarily associated with low frequency variations of
tropical sea surface temperature (SST; e.g., Charney and Shukla 1981; Palmer and Anderson
1994; Goddard et al. 2001). Much of the predictable component of global seasonal climate
variability can be attributed to teleconnections driven by anomalous convection that is forced by
the tropical Pacific SST anomalies during El Niño/Southern Oscillation (ENSO; e.g., Brankovic
et al. 1994; Stockdale et al. 1998). Thus, predictability of seasonal climate in many parts of the
globe stems from and is limited by the predictability of the SST variations associated with ENSO
itself. The current limit of predictability of SST variations associated with ENSO using
dynamical coupled model systems is 2-3 seasons (e.g., Latif et al. 1998; Stockdale et al. 1998),
though some recent studies suggest that certain ENSO episodes may be predictable more than 1
year in advance (Chen et al. 2004; Luo et al. 2008).
ENSO is not the only important source of low frequency climate variability that may be
potentially predictable. For instance, low frequency variations of SST in the tropical Atlantic and
Indian Oceans are the source of important climate anomalies throughout the globe (e.g., Nicholls
1989; Goddard and Graham 1999; Saji and Yamagata 2003; Kushnir et al. 2006). In the case of
the Atlantic, contemporary dynamical forecast systems show little skill beyond 1 or 2 months in
predicting tropical SST variations and are no better than persistence (e.g., Stockdale et al. 2006),
apparently stemming from a combination of model error (especially bias in simulating the mean
state), deficient ocean initial conditions, and the relatively weak role of (slow) subsurface
variations for control of SST as compared to the Pacific. On the other hand, despite similar
limitations from model error, deficient ocean initial conditions and chaotic atmospheric forcing,
some success in predicting low frequency SST variations in the tropical Indian Ocean has
recently been reported ( e.g., Wajsowicz 2007; Luo et al. 2007)
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Compared to the equatorial Pacific, predictability of low-frequency variations of SST in the
Indian Ocean is expected to be more limited as a result of weaker coupling of the SST to
subsurface variations, strong interactions with the Australian-Asian monsoon, and chaotic
forcing by intraseasonal oscillations in both the atmosphere and ocean. Like the tropical Atlantic,
ENSO is a major source of remote forcing of low frequency SST variability in the tropical Indian
Ocean (Klein et al. 1999; Alexander et al. 2002; Shinoda et al. 2004a; Lau and Nath 2004; Saji et
al. 2006). Hence, predictability of SST and climate variability in general in the tropical Indian
Ocean stems from and is also limited, in part, by the ability to predict ENSO. But, it is now
recognized that the Indian Ocean supports its own low frequency mode of coupled oceanatmosphere variability, the Indian Ocean Dipole (IOD) or zonal mode (e.g., Saji et al. 1999;
Webster et al. 1999), which plays a role in the Indian Ocean response to remote forcing from
ENSO (e.g., Baquero-Bernal et al. 2002; Huang and Kinter 2002; Shinoda et al. 2004b; Zhong et
al. 2005) but also acts on its own to generate low frequency climate variations (e.g., Fischer et al.
2005; Behera et al. 2006; Saji et al. 2006). Hence, the IOD may be a source of predictability
beyond that of ENSO.
Recent estimates of predictability of the IOD (Wajsowicz 2004, 2005, 2007; Luo et al.
2007) suggest a current practical limit of about 1 season with a strong boreal spring prediction
barrier stemming from the strong phase locking of the IOD to the seasonal cycle. Potential
predictability estimates, which are based on a ‘perfect model’ assumption, suggest that the
current practical limit is well below what might be achievable with improved initial conditions
(e.g., Wajsowicz 2007). However, such estimates of potential predictability are highly model
dependent. Furthermore, estimates of forecast skill are affected by mean-state drift and other
model errors in addition to poor initial conditions. Realistic simulation of the mean state of the
Indian Ocean that is relevant to the IOD (e.g., maintenance of the mean east-west gradients of
thermocline depth and SST) is notoriously difficult (e.g., Fisher et al. 2005; Cai et al. 2005; Saji
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et al. 2006). Biases in the mean state not only affect the realistic simulation of the coupled
dynamics of the IOD, but also its relationship (independence) with ENSO (Wajsowicz 2004,
2007; Saji et al. 2006). The question thus arises as to the relationship between the realism of
simulating the IOD in a coupled forecast model (including the mechanism of air-sea coupling,
the spatial structure, the phase locking to the seasonal cycle and the dependence upon ENSO)
and the skill of forecasting the IOD.
We will address this question by examining the prediction skill of the IOD using the
Australian Bureau of Meteorology POAMA seasonal forecast model. By making use of an
ensemble of forecasts, we will provide both estimates of actual predictive skill and of potential
predictability of the IOD in a fashion similar to Wajsowicz (2007). We will explore impacts of
biases in the mean state on the simulation and prediction of the IOD and we will address how
such biases affect the dependence of the IOD on ENSO. We will relate loss of predictability at
longer lead times to deleterious impacts of model drift on the forecast model’s ability to simulate
the IOD. Hence, while we find predictive skill of the IOD to be limited to about 1 season in the
current version of the POAMA system, these results give some hope that model improvements in
the representation of the mean state and coupled processes in the Indian Ocean of relevance to
the IOD may lead to significant improvements in predictive skill of the IOD.

2. Model configuration, data, and index definition
2.1 POAMA model
For this study we use a 10-member ensemble of nine month hindcasts from POAMA
(Predictive Ocean Atmosphere Model for Australia) version 1.5. POAMA is based on coupled
ocean and atmosphere general circulation models (Alves et al., 2003). The atmospheric
component of the coupled model is the Bureau of Meteorology unified atmospheric model
(BAM) version 3.0d. BAM is a spectral transform model, which is run here with triangular
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truncation 47 and 17 vertical levels. Some relevant model physics include a mass flux convection
scheme with a CAPE tendency closure that supports a reasonable Madden-Julian Oscillation
(e.g., Zhang et al. 2006), three active soil layers for temperature, and a simple bucket scheme for
soil moisture that has a field capacity of 150mm (Manabe and Holloway 1975). The ocean model
component is the Australia Community Ocean Model version 2 (ACOM2). It was developed
from the Geophysical Fluid Dynamics Laboratory (GFDL) Modular Ocean Model (MOM
version 2. The grid spacing is 2 degrees in the zonal direction. The meridional spacing is 0.5°
within 8° of the equator, increasing gradually to 1.5° near the poles. There are 25 levels in the
vertical, with 12 in the top 185 metres. The maximum depth is 5,000 metres. The level
thicknesses range from 15 metres near the surface to almost 1,000 metres near the bottom.
Technical details and some aspects of the performance of the model, including the depiction of
the Indonesian throughflow, are provided in Schiller et al. (1997) and Schiller et al. (2002). The
ocean and atmosphere models are coupled using the Ocean Atmosphere Sea Ice Soil (OASIS)
coupling software (Valcke et al. 2000) with no flux correction applied. Surface ocean currents
are taken into account for computation of the surface stress that is provided to the ocean model.
Coupling occurs every 3 hours.
Ocean initial conditions for the hindcasts are produced by an ocean data assimilation
scheme that is based on the optimum interpolation (OI) technique described by Smith et al.
(1991). Only temperature observations are assimilated and only measurements in the top 500 m
are used. The OI scheme is used to correct the ocean model background field every 3 days using
a 3 day observation window. Corrections to currents are calculated by applying the geostrophic
relation to the temperature corrections, similar to the method described by Burgers et al. (2002).
Atmospheric initial conditions are provided by the Atmosphere-Land Initialization (ALI) scheme
(Hudson and Alves 2007). ALI involves the creation of a new reanalysis dataset using the
atmospheric model of POAMA, whereby the atmospheric model fields of velocity, temperature
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and humidity are nudged toward reanalyses from ERA-40 (Uppala et al. 2005). This nudging
process results in atmospheric and land surface fields that are in balance, while the resulting
atmospheric fields are very similar to the ERA-40 reanalysis but are more in balance with the
BAM 3.0d atmospheric model than would be if the ERA-40 fields were used directly as initial
conditions. ALI operates by running an offline version of BAM forced by observed SST
(Reynolds et al. 2002) for the period 1982-2006. Each 6 hours, the fields of velocity, temperature
and humidity from the atmospheric model are compared to the verifying fields from ERA-40,
and ½ of the difference is added to the model fields.

In this process, soil moisture and

temperature is initialized indirectly via the nudged atmosphere, and the soil moisture and
temperature evolve consistent with the atmospheric forcing.
An ensemble of 10 members of hindcasts for start times January 1982 through December
2006 was then generated from the observed ocean and atmosphere initial conditions valid for the
1st of each month. The ensemble was generated by perturbing the atmospheric initial conditions
by successively picking the analysis from a 6 hour earlier period (i.e. the tenth member was
initialized 2.5 days earlier than the first member). There was no perturbation applied to the ocean
initial conditions. All forecasts were run for 9 months. We adopt the terminology that a lead time
of 1 month means a forecast initialized on, for instance, 1 January that is valid for the month of
January. Forecast anomalies are formed relative to the forecast model climatology, which is a
function of start month and lead time. In this fashion, the mean bias from the forecasts is
removed.
2.2 Climate indices
Forecasts will be assessed using indices of SST and zonal wind that are relevant to the IOD
and ENSO. Following Saji et al. (1999), the Dipole Mode Index (DMI) is defined as the SST
anomaly difference between the western pole (WIO, 50°-70°E, 10°S-10°N) and eastern pole
(EIO, 90°-110°E, 10°S-0°) of the tropical Indian Ocean. The Niño3.4 index is defined as SST
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anomaly averaged in the equatorial Pacific (170°-120°W, 5°S-5°N). The surface zonal wind
index at 10-m height (U10) anomaly in the central equatorial Indian Ocean (70°-90°E, 5°S-5°N)
is defined as in Luo et al. (2007). The tropical Indian Ocean (IO) region is defined as: 20°S30°N, 40°E-110°E.
2.3 Verification data
For SST, we verify against the NOAA Optimum Interpolation (OI) SST V2 data (Reynolds
et al. 2002; hereafter, Reynolds data). These data are also used to drive the atmospheric component
of POAMA in order to generate an AMIP-style simulation. We will compare some of the fully
coupled hindcast results with AMIP-style results in order to investigate the impact of biases in the
atmospheric component model for generating biases in the coupled model. Winds are verified
against NCEP Reanalysis-1 monthly data (Kalnay et al. 1996). The depth of 20 °C isotherm
(d20) and the heat content (mean temperature) in the upper 300 m (HC) are verified against the
data from the POAMA ocean assimilation that is used to provide initial conditions (described
above). For precipitation we compare with CMAP monthly precipitation (Xie and Arkin 1997),
which is developed from 5 satellite estimates and blended with the NCEP/NCAR reanalysis.
Anomalies are formed by subtracting the climatological seasonal cycle over 1982-2006 period.

3. Simulated behavior of IOD
3.1 Mean state bias and variability
We begin by examining some aspects of the mean state predicted by POAMA that are
relevant to the IOD. Following Fischer et al. (2005) and Luo et al. (2007), we present in Fig. 1a-c
ensemble mean climatologies, as a function of lead time, for SST, U10, and d20 along the
equator in the Indian Ocean (2°S-2°N). POAMA is non-flux corrected so the mean state drifts,
and the drift increases with lead time. Even for lead time one month, the SST across much of the
equatorial Indian Ocean has already cooled ~0.5 K (Fig. 1a). By 9 month lead time the Indian
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Ocean has cooled ~2 K, which is symptomatic of cooling throughout the Tropics in this model.
This tropical-wide cold bias appears to stem from a surface shortwave radiation bias as a result
of too much tropical low cloud. The cooling across the Indian Ocean is greater in the east than in
the west, which results in a reduction of the west-east temperature gradient along the equator
(observed is ~2 K and simulated at 9 month lead time is ~1 K). Associated with the weakened
west-east temperature gradient, the surface zonal wind (Fig. 1b), which is observed to be
westerly in the central and east Indian Ocean, weakens with increased lead time. At short lead
time (1 month) the distribution of westerlies is fairly realistic, but by lead time 9 month surface
westerlies have completely disappeared in the central part of the basin. Associated with
weakened westerlies, the equatorial thermocline erroneously shoals to the east with increased
lead time (Fig. 1c). While the thermocline is initially slightly too deep in the eastern Indian, by 9
month lead time it has shoaled some 10-15 m.
The implication of these biases in the mean state for simulation and prediction of coupled
variability in the Indian Ocean is assessed by examining the variability (standard deviation) of
SST, zonal wind and thermocline depth along the equator (Figs. 1d-f). Here we compute the
standard deviation for each month using each ensemble member, and then average the standard
deviation over all 10 ensemble members. In this fashion, the contribution of “noise” to the
variability in each member is retained and comparison with the single observed realization is
straightforward. Despite the large (and increasing with lead time) cold bias in the mean state,
SST variability is simulated to be only marginally reduced compared to the observed variability.
There appears to be a significant reduction in SST variability at short lead time (peaking at lead
time 3 months) in the far eastern Indian Ocean, which is a key region for the IOD, but variability
there recovers are longer lead time. However, the maximum observed variability right at the
eastern boundary, associated with upwelling on the Sumatra Coast, is absent at all lead times. We
speculate that this reflects inadequate horizontal resolution in both the ocean and atmospheric
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models (discussed further below). Overall, however, SST variability is relatively successfully
simulated despite the large cold bias in the mean state.
Surface zonal wind variability is observed to be maximum in the central Indian Ocean (Fig.
1e), which presumably reflects fluctuations of the mean west-east SST gradient as a result of the
IOD (e.g. Saji et al. 1999), of ENSO (e.g., Klein et al. 1999), and of other processes such as airsea coupling in the seas of western Indonesia (Hendon 2003). However, even at short lead time
when the SST bias is small, the zonal wind variance is under-represented in the model (50°E85°E), although a local maximum in the central part of the basin is realistically depicted. Again,
there is some recovery of the zonal wind variance at longer lead times, consistent with the
recovery of SST variance in the eastern Indian Ocean (Fig. 1d). The reduction of zonal wind
variance in the central Indian Ocean, even at short lead time, suggests problems stemming from
the atmospheric model. This is confirmed by using the AMIP-style integration of the
atmospheric model, where by the atmospheric model is forced with observed SST for the same
period 1982-2006 (dot-dash line in Fig. 1e). Even with the observed SST specified, the
atmospheric model can not reproduce the observed level of zonal wind variability in the central
Indian Ocean. This may also stem from inadequate horizontal resolution, whereby the coarse
grid of the atmospheric model (roughly 2.5 degrees longitude) is unable to fully resolve and
respond to important, but zonally narrow, SST variations along the Java-Sumatra Coasts.
Interestingly, the reduction in zonal wind variance is not reflected in a similar reduction (except
at lead time 3 months) in thermocline variance in the eastern part of the basin (Fig. 1f), where
IOD influences are important.
Seasonal variations of the mean state of the Indian Ocean play a primary role for producing
the seasonal phase-locking of the IOD (e.g., Saji et al. 2006). We found that, despite the strong
bias in the annual mean SST, the seasonal cycle of SST in the east and west equatorial Indian
Ocean are realistically simulated (not shown). However, the seasonal cycle of the standard
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deviation of SST in the eastern Indian Ocean (not shown), which is observed to have a strong
maximum in SON and another weaker maximum in Feb-March, is under represented in SON by
10-20% (greatest reduction is at lead time 3 months). This suggests that the IOD is simulated to
be too weak in the model forecasts, which is confirmed by examining the annual cycle of the
standard deviation of the DMI (Fig. 2a). The observed DMI peaks strongly in SON and is a
minimum in Jan-Apr. The simulated DMI in the forecast model exhibits a realistic seasonal
variation but its maximum in SON is too weak and it does not drop off as quickly in Dec-Jan as
observed. As for the zonal wind variance in the central Indian Ocean (Fig. 1 e) and SST variance
in the eastern Indian Ocean (Fig. 1d), the DMI initially weakens through lead time 3 months and
then recovers somewhat at longer lead time. Our interpretation of the reduced amplitude of the
simulated DMI is that the forecast model is not able to simulate the growth phase of the IOD in
the June-October period. This deficiency probably stems from errors in the coupled dynamics of
the Indian Ocean, but we can not discount errors in the representation of the remote forcing from
ENSO. Inspection of the annual variation of the amplitude of the Niño3.4 index indicates
realistic amplitude and seasonal variation (peak in Nov-Jan; Fig. 2b), suggesting that any errors
in remote forcing from ENSO do not stem from an erroneous depiction of the phase locking to
the seasonal cycle of El Niño development (e.g. Zhong et al. 2005).
3.2 Characteristics of simulated IOD
We now look in more detail at the characteristics of the simulated IOD by the forecast
model. The IOD is identified as the leading Empirical Orthogonal Function (EOF) of SST in the
tropical Indian Ocean region for the September-November (SON) season (e.g., Saji et al. 1999).
We concentrate on the SON season because this is when the IOD has largest amplitude (Fig. 2).
The eigenvector (spatial pattern) of EOF1, superposed on the standard deviation of SST, is
shown in Fig. 3 for observations and for the model forecasts at lead times 1-, 3-, 6-, and 9month. For the analysis of the model output, we created SON means by averaging forecasts with
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the same lead time (e.g., for lead time 1 we average the September forecasts from 1 September
starts with the October forecasts from 1 October starts and with the November forecasts from the
1 November starts). In this fashion, the impact of model drift is equally expressed in all three
months. We then average over all ten ensemble members and compute the EOFs.
Observed EOF1 (Fig. 3a) exhibits a zonal dipole pattern in SST; the eastern pole is
concentrated just south of the equator and is anchored on the Java-Sumatra coast and the western
pole has maxima off of the equator in the western Indian Ocean (e.g., Saji et al. 1999). The
regions of maximum loading of the eigenvector coincide well with the maxima in standard
deviation, indicating the dominance of the IOD for basin-wide SST fluctuations in the SON
season (EOF1 accounts for 35% of the observed variance for SON). At all lead times, the leading
EOF from the forecasts appears as a dipole, although the SST anomaly in the eastern pole
weakens and distorts especially off of the Java-Sumatra coast with increasing lead time. This is
quantified by the spatial anomaly correlation between EOF1 from observations and forecasts
(Table 1), which is over 0.9 at lead time 1 month but then gradually drops to 0.55 by lead time 7
month, and thereafter recovers slightly. Together with a decrease in the realism of the pattern of
EOF1 with increasing lead time, the explained variance by EOF1 spuriously increases with
increasing lead time, increasing from 43% at lead time 1 month to 58% at lead time 9 month
(recall that the use of ensemble mean forecast data necessarily implies that the leading EOF will
account for more variance than observed). We will show below that this increasing dominance of
EOF1 also coincides with a spurious increase in the dependence of EOF1 on El Niño with
increasing lead time.
The principal component (loading time series) of EOF1 (PC1) from observations is shown
in Fig. 3b. Positive dipole events are identified in 1982, 1987, 1994, 1997, 2002, and 2006,
which are also El Niño years (1994 is considered by some not to be an El Niño year). For the
record used here (1982-2006), the correlation between observed PC1 and the observed Niño3.4
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index for SON is 0.68 (Table 2), which emphasises the strong relationship between most dipole
events and El Niño. However, the correlation is generally weaker when longer records are
considered (e.g., Saji et al. 2006). The correlation between PC1 and the Niño3.4 index from the
forecasts, while realistic at short lead time, increases with increasing lead time, peaking at 0.86 at
lead time 6 months (Table 2). It thereafter drops back to a realistic value of 0.68 at lead time 9
months. Our interpretation of this behavior is that the air-sea coupled feedbacks in the tropical
Indian Ocean that give rise to the IOD weaken with increasing lead time (up to lead 6-7 months)
and thus the simulated IOD becomes more dependent on El Niño for excitation.
In order to see more clearly the depiction of the IOD and its relationship with ENSO in
the forecast model, we develop regressions against PC1 for SST and HC (Fig. 4) and surface
winds (vector), and precipitation (Fig. 5) from observations and from forecasts at lead times 1,
3, 6, and 9 months. The observed IOD is understood to result from a coupled feedback between
winds, SST and rainfall (Figs. 4a,f and 5a): negative SST anomaly and suppressed rainfall south
of the equator along the Sumatra-Java coast drive an anticyclonic circulation anomaly, with the
resultant south-easterlies along the Java-Sumatra coast locally acting to enhance coastal
upwelling and latent heat flux and further cooling the SST. Easterlies anomalies in the central
part of the basin excite an upwelling oceanic Kelvin wave response that further acts to elevate
the thermocline in the east and promote cooling of the SST in the east. The equatorial easterlies
also excite downwelling oceanic Rossby waves, which act to warm the SST to the west,
especially south of the equator where the mean thermocline ridges in response to mean equatorial
westerlies (e.g. Xie et al. 2002). Warmer SSTs in the western Indian Ocean further promote
enhanced rainfall in the west and suppressed rainfall in the east, which enhances the easterly
anomalies in the central part of the basin. The regression based on observed fields also highlights
that the IOD is often associated with El Niño conditions in the Pacific (positive SST and rainfall
anomalies in the central-eastern equatorial Pacific, suppressed thermocline in the east equatorial
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Pacific and elevated thermocline off of the equator in the west, together with westerly anomalies
in the central Pacific). The IOD is also associated with elevated thermocline on the west coast of
Australia (Fig. 4f), but this stems from El Niño in the Pacific (i.e. the “oceanic teleconnection”,
Meyers 1996) and not directly from wind forcing by the IOD in the Indian Ocean.
At short lead times (1-3 months), the coupled dynamics of the IOD appear well represented
in the forecast model (Figs. 4 b,c,g,h and 5 b,c). The weakened and distorted depiction of the
IOD at longer lead times is evidenced by a zonally-contracted negative SST anomaly in the
eastern pole, westward displaced wind and rainfall anomalies away from the Java-Sumatra Coast
(e.g., the west-east dipole mode becomes north-south dipole mode), and much weaker
thermocline anomalies that are indicative of weakened coupling with the subsurface. Biases in
the structure of El Niño are also evident (westward displacement of the SST and rainfall
anomalies in the equatorial Pacific). Hence, the overall impression is that the coupled dynamics
of the IOD are not well represented at longer lead time. Rather, the model’s IOD at longer lead
times appears to primarily stem from remote forcing from the Pacific (e.g. Shinoda et al. 2004a)
associated with a spuriously westward shifted El Niño mode.

4. Forecast skill and potential predictability of the IOD
Forecast skill is measured using temporal anomaly correlation coefficient (ACC), which
emphasizes phase errors, and the root mean square error normalized by the standard deviation of
the verification (NRMSE), which emphasizes errors in magnitude. Calculation of these quantities
is standard (e.g., Wilks 1995) and uses anomaly data (observed or hindcast climatology
removed). An overall view of forecast skill of SST is given by the temporal ACC of ensemble
mean SST, using all start months (Fig. 6). Skill, taken here to be an ACC greater than 0.6 (e.g.,
Hollingsworth et al. 1980), is exhibited in the central equatorial Pacific to at least lead time 9
months, which is associated with ENSO. Skill drops off much quicker in the Indian Ocean, with
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only limited regions of correlation greater than 0.6 in the western Indian Ocean by lead time 3
months. Even after just one month, the correlation in the Indian Ocean is mostly less than 0.8
while it is greater than 0.9 in the equatorial central and eastern Pacific.
Specifically focusing on the IOD and ENSO, we show in Fig. 7 the temporal ACC and
NRMSE for the DMI, the eastern (EIO) and western (WIO) poles separately, and the Niño3.4
index. We also include the ACC and NRMSE for a persistence forecast. Additionally, the
standard deviation of the indices from the forecasts, normalized by the observed standard
deviation (NSTD), is displayed. The measures of forecast skill in Fig. 7 are based on data from
all start months, so the assessment of skill based on the DMI does not accurately reflect skill of
predicting the IOD because the IOD is not well defined for the December-April portion of the
year. This issue will be addressed below when we examine forecast skill as a function of start
month. Nonetheless, the ACC and NRMSE for POAMA forecasts using all start months beats
persistence at all lead times. For the Niño3.4 index, the ACC remains above 0.6 (Fig. 7d), and
the NRMSE remains below 1 while the NSTD remains near 1 (Fig. 7h) to at least lead time 9
months. In contrast, the ACC for the DMI drops below 0.6 after only lead time 3 months (Fig.
7a). The NRSME for the DMI does remain below 1 (i.e., indicative of skill) until 5 month lead
time (Fig. 7e), but this is an optimistic view of the error because the forecast DMI is losing
amplitude. Again, this loss of amplitude of the DMI appears to stem from a loss of amplitude in
SST in the eastern pole of the IOD (Fig. 7f), while the amplitude in the western pole is
realistically maintained (Fig. 7g).
A better indication of forecast skill of the IOD is gained by assessing the ACC as a function
of start month and lead time (Fig. 8a). Again we include the ACC computed for a persistence
forecast (Fig. 8e). In Fig. 8, the sloping dotted lines are indicative of constant verification month
but with increasing forecast lead time. Skill for the DMI (Fig. 8a) is clearly seen to be peaked for
forecasts that verify in September-December, which is when the IOD is well defined. The
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highest skill is for October-November verifications, with skill (ACC>0.6) extending to ~5 month
lead time. From the point of view of start time, skilful forecast of the IOD are only achievable for
start months after May. That is, there is a boreal spring “barrier”, but this is partly accounted for
by the fact that the IOD is not well defined prior to June. Persistence (Fig. 8e) is strongest for
August-September verifications and is also only skilful for start months after May. Hence, the
dynamical forecasts offer the greatest improvement over persistence for forecast verifying in
October-December, which is when the IOD tends to peak and begins to decay. On the other
hand, the dynamical model is unable to beat persistence for forecasts starting in April-May.
Forecast skill in the east pole of the IOD (Figs. 8 b) also peaks for September-November as
for the DMI, but it is also high for February-April starts out to 3 month lead time. A recovery of
skill for August-November starts at lead times beyond 5 months (forecasts verifying in FebruaryApril) is also seen, which coincides with a change in sign of persistence. This previously has
been explained as a reflection of the delayed response to El Niño (e.g., Wajsowicz 2007), when
the entire Indian Ocean tends to warm after the peak of El Niño. For the western Indian Ocean
the greatest skill is for forecasts verifying in February-March, which is also thought to stem from
the basin-wide warming in response to El Niño. In contrast to the Indian Ocean indices, skill
(ACC>0.6) for the Niño3.4 index (Fig. 8d) extends to beyond nine month lead time for all start
months and is strongest for November-February verifications. As for the DMI, forecast skill for
Niño3.4 increases for start months after May, however loss of forecast skill across this “spring
barrier” is much less pronounced for Niño3.4 than for the DMI. Furthermore, the dynamical
forecasts provide the biggest improvement over persistence for boreal spring starts.
By making use of the ten member ensemble, an estimate of potential predictability,
assuming a “perfect model”, can be provided. We use the method of analysis of variance (e.g,
Rowell et al. 1995), whereby the variance of the ensemble mean is compared to the total variance
of the ensemble (ensemble mean plus variance of each member about the mean). The resulting
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estimates of potential are nearly identical to those derived from the method used by Wasjowicz
(2007), whereby successive members of the ensemble are taken as truth and scored against the
ensemble mean of the remaining members. The method of analysis of variance (Rowell et al.
1995) assumes that the predictable fraction of the total variance of the ensemble, Pred var , is
given by

Pred var = Var

*
where Varensm
= Varensm −

*

ensm

*
+ Varsprd )
(Varensm

,

1
Varsprd is a non-biased estimate of the variance of the ensemble
N

mean. Here N=10 members. The ensemble mean variance is computed over the 25 years of
forecasts and the variance of the ensemble spread Varsprd is computed using the deviation of each
of the ten members about the ensemble mean for all 25 years.
The estimates of potential predictability are shown in Fig. 9. Comparison with actual skill
(Fig. 8) indicates enormous scope for improved prediction. For example, skill for the forecasts of
DMI that verify in October should be extendable by 3-4 additional months. The caveat of these
estimates is, of course, that low spread (i.e. high skill) may stem from a biased ensemble as a
result of forecast errors, including errors in initial conditions and in the model (e.g. Wasjowicz
2007). However, regions of actual high skill for the forecasts of DMI and Niño3.4 (Fig. 8)
coincide with regions of low spread (high potential predictability), thus giving some confidence
in the realism of the model.
Finally, performance of the forecast system is demonstrated for the major IOD events in
1994, 1997, and 2006. In Fig. 10, we plot the observed SST anomaly and the ensemble mean
forecasts from the 1st of January, May, July, September and November for the DMI, EIO and
WIO SSTA as well as Niño3.4 index. The thick solid black curve is the observation for each
case. As anticipated from the above analysis of forecast skill, the demise of the IOD events after
about October is well predicted 1-2 seasons in advance, but the magnitude of all three IOD
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events is under-predicted. There is some indication of growth of the IOD (and cold anomaly in
the eastern Indian Ocean) for the 1997 event from as early as July initial conditions and for the
2006 event from as early as January initial conditions. But, no forecast picks up any growth for
the 1994 event. Song et al. (2008) suggested that IOD events are more predictable if they occur
along with El Niño. This seems to hold true for the forecasts here as the 1994 IOD was
accompanied by a very weak El Niño event that started late in the seasonal cycle (i.e., after about
August). On the other hand, the 1997 and 2006 IOD events were accompanied by El Niño events
that began earlier in the seasonal cycle (before July). However, only the 1997 El Niño event was
predicted before July.

5. Discussion and conclusions
Predictive skill of the IOD using the Bureau of Meteorology’s POAMA seasonal forecast
model was assessed in light of the model’s ability to simulate the IOD. The analysis was based
on a ten-member ensemble of nine-month forecasts that were initialized from observed ocean
and atmosphere states once per month for the period 1982-2006. The observed IOD develops in
late boreal spring, peaks in autumn and decays abruptly in winter, with about ½ of the variance
of the IOD being associated with ENSO. This seasonal phase locking of the development of the
IOD is well depicted in the POAMA forecasts but the IOD’s structure is distorted and its
amplitude weakens with increasing forecast lead time. These deficiencies in the simulation of the
IOD are attributed to inadequate horizontal resolution and development of biases in the mean
state, which together affect depiction of the important coupled dynamics for the IOD. The
relatively coarse horizontal grid of both the atmosphere and ocean model components of
POAMA means that coastal upwelling along the Java-Sumatra coasts, which is a key contributor
to the development of the IOD, is underrepresented. At longer lead time, the IOD is also
simulated to become spuriously overly-dependent on ENSO. This appears to stem partly from
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the biases in the Pacific ENSO mode (i.e., the westward extension of the ENSO related SST
anomalies in the Pacific) as a result of the biases in the mean state of the Pacific cold tongue,
thus causing the ENSO teleconnection into the Indian Ocean region to strengthen and shift
westward at longer lead time. This biased ENSO teleconnection then acts in conjunction with the
weakened depiction of the coupled dynamics of the IOD at longer lead time to result in an IOD
that is too dependent on ENSO. However, the IOD is simulated to recover some amplitude and
regain some independence from ENSO at the longest lead time (9-month), which we ascribe to
the easterly bias of the mean surface zonal wind in the Indian Ocean basin that leads to an
overly-shallow thermocline in the eastern equatorial Indian Ocean, hence promoting spuriously
enhanced dynamical coupling via a Bjerknes feedback.
In light of these biases in the mean state and biases in depiction of the IOD at longer lead
time, skilful prediction of the IOD is found to be confined to forecasts that verify in SeptemberNovember and that are initialized after June. Skill drops off rapidly for forecasts initialized
before June. Forecast skill for the IOD appears to be primarily limited by the ability to predict
SST variations in its eastern pole, as forecast skill in the western pole is comparable to forecast
skill of ENSO in the Pacific (i.e., skill in the western pole extends beyond 9 month lead time for
forecasts initiated in the June-January period). These estimates of skill for prediction of IOD are
comparable to other forecast systems based on fully coupled, non-flux corrected global climate
models (e.g., Wajsowicz 2007). Recent work by Luo et al. (2007), using a coupled model system
with little climate drift, suggests skilful prediction of the IOD for longer lead times (one or two
seasons), but the use of 5 month mean data in their study makes direct comparison with the
monthly data used here difficult. Nonetheless, a consistent message from this and other studies is
that prediction of the IOD is limited to lead times much shorter than ENSO, reflecting both the
more limited lifetime of the IOD as compared to ENSO and the overall lower level of
predictability in the equatorial Indian Ocean than in the equatorial Pacific.

19

Potential predictability estimates, assuming a perfect model, do indicate great scope for
improved prediction of the IOD. For the POAMA system, skilful prediction of the development
and decay of the IOD is suggested out to 6 months and beyond. Hence, improved initial
conditions in the Indian Ocean and elsewhere could indeed result in drastically improved
prediction of the IOD. A major caveat of such an estimate of potential predictability is, of course,
that it might be overly optimistic due to systematic error in the model whereby the forecasts have
little spread but are all systematically wrong. The fact that the greatest actual skill coincides with
the smallest spread (i.e. for forecasts of the IOD that verify in September-November beginning
after June), does give us some hope that the model is behaving realistically. Nonetheless, further
studies with other modelling systems are required as are additional studies that assess the impact
of improved or degraded initial conditions in the Indian Ocean for forecast skill of the IOD.
Furthermore, a reassessment of forecast skill is required in POAMA after the horizontal
resolution of the component models is improved so as to better represent IOD physics and after
major systematic errors in the mean state are alleviated. This work is ongoing and will be
reported elsewhere.
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Table 1. Spatial correlation between Indian Ocean SST EOF1 from model forecasts at each lead
time and SST EOF1 from observations for the SON season.
Lt1

Lt2

Lt3

Lt4

Lt5

Lt6

Lt7

Lt8

Lt9

0.91

0.83

0.70

0.62

0.55

0.56

0.55

0.56

0.58

Table 2. Temporal correlations between SST PC1 and the Niño3.4 index from model forecasts at
each lead time and from observation (last column) for SON season.
Lt1

Lt2

Lt3

Lt4

Lt5

Lt6

Lt7

Lt8

Lt9

Obs

0.62

0.65

0.73

0.83

0.88

0.86

0.79

0.72

0.68

0.68
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Figure Captions

Figure 1. Annual mean climatologies and monthly standard deviations in the equatorial Indian
Ocean (2°S-2°N) for the period of 1982-2006 for a) and d) SST, b) and e) surface
zonal wind and c) and d) depth of the 20 °C isotherm. Observations are solid line, and
forecasts at lead time 1-, 3-, 6-, and 9-month lead times are open circles, closed
squares, open diamonds, and pluses, respectively. Results from the AMIP run are
included in b) and e) as thick dot-dash curve.
Figure 2. Seasonal cycle of the standard deviation of anomalies of a) the DMI and b) the
Niño3.4 index. Observations are solid curves and hindcasts at 1-, 3-, 6-, and 9-month
lead times are open circles, close squares, open diamonds, and pluses, respectively.
Figure 3. a) Standard deviation of SST (contour interval 0.1 °C) and EOF mode 1 (shaded;
interval 0.05 °C) and (b) its principal component (standardized units) from
observations in the SON season 1982-2006 for the Indian Ocean basin. EOF1 from
ensemble mean of hindcasts at lead times 1-, 3-, 6-, and 9-months are shown in c)-f).
The EOFs have been scaled for a one standard deviation anomaly of the respective
principal components.
Figure 4. Regression of SST (left panel), and HC anomalies (right panel) onto principal
component of EOF1 for SST in the Indian Ocean in SON. (a) and (f) are for
observation; (b)-(j) are for ensemble mean of hindcasts at 1-, 3-, 6-, and 9-month lead
times. Anomalies are scaled for a one standard deviation anomaly of the principal
component. Contour interval for SST is 0.025 °C, and for HC is 0.04 °C (negative
values are dashed). Zero contours are suppressed. Light (dark) shading denotes
positive (negative) regression coefficients that are significant at the 95% level.
Figure 5. Same as Figure 4, but for precipitation (contours, interval 0.2 mm day-1) and surface
wind (vectors; scale in ms-1 lower right). (a) is for observations; (b)-(e) are for
ensemble mean hindcast at 1-, 3-, 6-, and 9-month lead times, respectively. Light
(dark) shading denotes positive (negative) regression coefficients for precipitation
that are significant at the 95% level. Wind vectors are plotted when either the u or v
component is larger than ±0.04 m s-1.
Figure 6. Temporal anomaly correlation coefficient between observed and ensemble mean SST
at 1-, 3-, 6-, and 9-month lead times, respectively. Contour interval is 0.1 with
correlations greater than 0.4 shaded (significant at the 95% level).
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Figure 7. Temporal anomaly correlation coefficient (left panels) and normalized root mean
square errors (NRMSEs, right panel) as a function of lead time for hindcasts (solid
curves) and persistence (dot-dash curves) for DMI (a and e), EIO (b and f), WIO (c
and g) and Niño3.4 (d and h). Also included in (e)-(h) is the standard deviation of the
indices normalized by the observed standard deviation (NSTD, dashed curve).
Figure 8. Temporal anomaly correlation coefficient as a function of start month and lead time
from hindcasts (left) and persistence (right) for (a) and (e) the Dipole Mode Index
(DMI); (b) and (f) SST anomalies in the eastern pole (EIO: 90°-110°E, 10°S-0°); (c)
and (g) SST anomalies in the western pole (WIO, 50°-70°E, 10°S-10°N); and (d) and
(h) Niño 3.4 SST anomalies (170°-120°W, 5°S-5°N). Contour interval is 0.1 with
negative values dashed. Regions with values above 0.6 are shaded. Faint sloping
lines are for times of constant verification month.
Figure 9. As in Fig. 8 except for ratio of the variance of ensemble mean to total variance of
ensemble (potentially predictable component of total variance; see text). Contour
interval is 0.05 (dashed curves) for values less than 0.9 and 0.01 (solid curves) for
values 0.9 and greater.
Figure 10. Hindcast predictions of monthly (a) DMI; (b) EIO; (c) WIO; and (d) Niño3.4 SST
anomalies for 1994 (left panels), 1997(middle panels) and 2006 (right panels). Ninemonth ensemble-mean hindcasts are displayed for initializations on 1 January (grey),
1 May (orange), 1 July (purple), 1 September (green), and 1 November (dark yellow).
Thick black curve is verification.
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Figure 1. Annual mean climatologies and monthly standard deviations in the equatorial Indian
Ocean (2°S-2°N) for the period of 1982-2006 for a) and d) SST, b) and e) surface
zonal wind and c) and d) depth of the 20 °C isotherm. Observations are solid line, and
forecasts at lead time 1-, 3-, 6-, and 9-month lead times are open circles, closed
squares, open diamonds, and pluses, respectively. Results from the AMIP run are
included in b) and e) as thick dot-dash curve.
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Figure 2. Seasonal cycle of the standard deviation of anomalies of a) the DMI and b) the
Niño3.4 index. Observations are solid curves and hindcasts at 1-, 3-, 6-, and 9-month
lead times are open circles, close squares, open diamonds, and pluses, respectively.
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Figure 3. a) Standard deviation of SST (contour interval 0.1 °C) and EOF mode 1 (shaded;
interval 0.05 °C) and (b) its principal component (standardized units) from
observations in the SON season 1982-2006 for the Indian Ocean basin. EOF1 from
ensemble mean of hindcasts at lead times 1-, 3-, 6-, and 9-months are shown in c)-f).
The EOFs have been scaled for a one standard deviation anomaly of the respective
principal components.
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Figure 4. Regression of SST (left panel), and HC anomalies (right panel) onto principal
component of EOF1 for SST in the Indian Ocean in SON. (a) and (f) are for
observation; (b)-(j) are for ensemble mean of hindcasts at 1-, 3-, 6-, and 9-month lead
times. Anomalies are scaled for a one standard deviation anomaly of the principal
component. Contour interval for SST is 0.025 0C, and for HC is 0.04 °C (negative
values are dashed). Zero contours are suppressed. Light (dark) shading denotes
positive (negative) regression coefficients that are significant at the 95% level.
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Figure 5. Same as Figure 4, but for precipitation (contours, interval 0.2 mm day-1) and surface
wind (vectors; scale in ms-1 lower right). (a) is for observations; (b)-(e) are for
ensemble mean hindcast at 1-, 3-, 6-, and 9-month lead times, respectively. Light
(dark) shading denotes positive (negative) regression coefficients for precipitation
that are significant at the 95% level. Wind vectors are plotted when either the u or v
component is larger than ±0.04 m s-1.
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Figure 6. Temporal anomaly correlation coefficient between observed and ensemble mean SST
at 1-, 3-, 6-, and 9-month lead times, respectively. Contour interval is 0.1 with
correlations greater than 0.4 shaded (significant at the 95% level).
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Figure 7. Temporal anomaly correlation coefficient (left panels) and normalized root mean
square errors (NRMSEs, right panel) as a function of lead time for hindcasts (solid
curves) and persistence (dot-dash curves) for DMI (a and e), EIO (b and f), WIO (c
and g) and Niño3.4 (d and h). Also included in (e)-(h) is the standard deviation of the
indices normalized by the observed standard deviation (NSTD, dashed curve).
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Figure 8. Temporal anomaly correlation coefficient as a function of start month and lead time
from hindcasts (left) and persistence (right) for (a) and (e) the Dipole Mode Index
(DMI); (b) and (f) SST anomalies in the eastern pole (EIO: 90°-110°E, 10°S-0°); (c)
and (g) SST anomalies in the western pole (WIO, 50°-70°E, 10°S-10°N); and (d) and
(h) Niño 3.4 SST anomalies (170°-120°W, 5°S-5°N). Contour interval is 0.1 with
negative values dashed. Regions with values above 0.6 are shaded. Faint sloping
lines are for times of constant verification month.
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Figure 9. As in Fig. 8 except for ratio of the variance of ensemble mean to total variance of
ensemble (potentially predictable component of total variance; see text). Contour
interval is 0.05 (dashed curves) for values less than 0.9 and 0.01 (solid curves) for
values 0.9 and greater.
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Figure 10. Hindcast predictions of monthly (a) DMI; (b) EIO; (c) WIO; and (d) Niño3.4 SST
anomalies for 1994 (left panels), 1997(middle panels) and 2006 (right panels). Ninemonth ensemble-mean hindcasts are displayed for initializations on 1 January (grey),
1 May (orange), 1 July (purple), 1 September (green), and 1 November (dark yellow).
Thick black curve is verification.
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