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Abstract Predictions of the Madden–Julian oscillation

(MJO) are assessed using a 10-member ensemble of

hindcasts from POAMA, the Australian Bureau of Meteo-

rology coupled ocean–atmosphere seasonal prediction

system. The ensemble of hindcasts was initialised from

observed atmosphere and ocean initial conditions on the

first of each month during 1980–2006. The MJO is diag-

nosed using the Wheeler-Hendon Real-time Multivariate

MJO (RMM) index, which involves projection of daily

data onto the leading pair of eigenmodes from an analysis

of zonal winds at 200 and 850 hPa and outgoing longwave

radiation (OLR) averaged about the equator. Forecasts of

the two component (RMM1 and RMM2) index are quan-

titatively compared with observed behaviour derived from

NCEP reanalyses and satellite OLR using the bivariate

correlation skill, root-mean-square error (RMSE), and

measures of the MJO amplitude and phase error. Com-

parison is also made with a simple vector autoregressive

(VAR) prediction model of RMM as a benchmark. Using

the full hindcast set, we find that the MJO can be predicted

with the POAMA ensemble out to about 21 days as mea-

sured by the bivariate correlation exceeding 0.5 and the

bivariate RMSE remaining below *1.4 (which is the value

for a climatological forecast). The VAR model, by com-

parison, drops to a correlation of 0.5 by about 12 days. The

prediction limit from POAMA increases by less than

2 days for times when the MJO has large initial amplitude,

and has little sensitivity to the initial phase of the MJO. The

VAR model, on the other hand, shows a somewhat larger

increase in skill for times of strong MJO variability and has

greater sensitivity to initial phase, with lower skill for times

when MJO convection is developing in the Indian Ocean.

The sensitivity to season is, however, greater for POAMA,

with maximum skill occurring in the December–January–

February season and minimum skill in June–July–August.

Examination of the MJO amplitudes shows that individual

POAMA members have slightly above observed amplitude

after a spin-up of about 10 days, whereas examination of

the MJO phase error reveals that the model has a consistent

tendency to propagate the MJO slightly slower than

observed. Finally, an estimate of potential predictability of

the MJO in POAMA hindcasts suggests that actual MJO

prediction skill may be further improved through continued

development of the dynamical prediction system.
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1 Introduction

The Madden–Julian Oscillation (MJO) exerts an important

influence on tropical weather, including driving variations

of the Australian and Asian summer monsoons (e.g.,

Hendon and Liebmann 1990; Goswami 2005; Wheeler and

McBride 2005) and modulating tropical cyclone develop-

ment (e.g., Liebmann et al. 1994; Hall et al. 2001; Leroy

and Wheeler 2008). The MJO also influences extratopical

weather through modulation of large-scale sources of
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tropical diabatic heating which drive tropical-extratopical

teleconnections that alter storm tracks and modulate syn-

optic weather events (e.g., Weickmann et al. 1985; Ferranti

et al. 1990; Higgins and Mo 1997; Barlow et al. 2005;

Wheeler et al. 2009). Extended range weather prediction

for many regions of the globe would thus appear to benefit

from the ability to make extended range prediction of the

MJO. However, despite the relatively long timescale of the

MJO, the upper limit of prediction skill for the MJO using

global numerical weather prediction systems has been

reported to be less than 2 weeks (Hendon et al. 2000; Vitart

et al. 2007; Lin et al. 2008; Agudelo et al. 2009; Seo 2009).

Skilful dynamical prediction of the MJO is limited, in part,

by the inability to simulate the MJO with the models that

are used for extended range weather prediction (e.g., Slingo

et al. 1996; Hendon et al. 2000, Lin et al. 2006; Agudelo

et al. 2009). Statistical forecasts of the MJO, on the other

hand, have been modestly more successful, with the fore-

cast skill extending beyond 2 weeks (e.g., Lo and Hendon

2000; Jones et al. 2004).

The limited success of dynamical predictions of the

MJO compared to statistical predictions has been attributed

to model deficiencies and imperfect initial conditions,

rather than having already encountered some intrinsic limit

of dynamical predictability of the MJO (Vitart et al. 2007;

Agudelo et al. 2009). This is supported by the fact that

potential predictability of the MJO using dynamical fore-

cast models has been estimated to be up to 4 weeks

(Waliser et al. 2003; Reichler and Roads 2005). The

implication is that prediction skill of the MJO using

dynamical models can be significantly enhanced with

continued improvements of the models and their associated

data assimilation systems.

As forecast systems improve, it is important to docu-

ment the improvement in their ability to predict the MJO.

However, different investigators have used different

methods to assess predictive skill of the MJO. For example,

in some studies intraseasonal anomalies have been isolated

by applying band pass filters to the forecast data (e.g.,

Waliser et al. 1999; Jones et al. 2000; Wheeler and

Weickmann 2001; Waliser et al. 2003); whereas, no intrasea-

sonal filter was applied in others (e.g., Lo and Hendon

2000; Jiang et al. 2008; Lin et al. 2008). There are also

differences in the variables used to identify the MJO,

including the use of outgoing longwave radiation (OLR;

e.g., Waliser et al. 1999), rainfall (Lin et al. 2008),

streamfunction (Lo and Hendon 2000), zonal winds (Jones

et al. 2004; Jiang et al. 2008; Seo 2009), and/or velocity

potential (Vitart et al. 2007). Some recent MJO prediction

studies (e.g., Vitart et al. 2007; Lin et al. 2008; Seo 2009)

have employed variations of the Wheeler-Hendon Real-

time Multivariate MJO index (RMM; Wheeler and Hendon

2004; hereafter WH04) for identifying the MJO. In its

original application, the RMM is a two component index

derived from the leading pair of empirical orthogonal

functions (EOFs) of the combined fields of 15�S–15�N

averaged OLR, 850-hPa zonal wind, and 200-hPa zonal

wind. Importantly, it requires no time filtering. However,

procedural differences in its applications to forecast models

hinder meaningful comparisons and the ability to judge

forecast improvements.

We describe here a systematic procedure for evaluating

forecasts of the MJO using the RMM and apply it to

hindcasts from the Australian Bureau of Meteorology’s

coupled ocean–atmosphere forecast model (called PO-

AMA, for Predictive Ocean–Atmosphere Model for Aus-

tralia). Besides a demonstration of the technique for

evaluating forecast skill of the MJO that can be applied to

other forecast systems, assessment of the MJO in POAMA

forecasts is of interest because the POAMA model has

been reported to simulate a reasonable MJO (Zhang et al.

2006). The procedure to identify and score forecasts of the

MJO is similar to that developed by Lin et al. (2008),

except here we use a form of the RMM indices that closely

resembles WH04. The procedure is consistent with that

recommended by the U.S. Climate Variability and Pre-

dictability (CLIVAR) MJO Working Group (Gottschalck

et al. 2009; see also http://www.usclivar.org/mjo.php) for

assessment of realtime predictions of the MJO from oper-

ational forecasting centers. Here we extend their technique

to evaluate forecast skill from a large hindcast set. We also

include comparison with forecasts of RMM from a simple

autoregressive prediction model (Maharaj and Wheeler

2005), which is a useful baseline against which dynamical

predictions of the MJO can be assessed.

The POAMA prediction system and the hindcast

experiments are briefly reviewed in Sect. 2. The procedures

for evaluating forecasts of the MJO using the RMM index

are presented in Sect. 3. Section 4 describes the results, and

conclusions are provided in Sect. 5.

2 POAMA model predictions

We use a 10-member ensemble of hindcasts from POAMA

version 1.5b. This version of the model has been run

operationally at the Australian Bureau of Meteorology for

seasonal prediction since January 2008. Details of the

model components and the initialization and generation of

the retrospective hindcasts are described in Alves et al.

(2003), Wang et al. (2008), and Zhao and Hendon (2009).

Briefly, POAMA1.5b consists of the Bureau of Meteoro-

logy unified atmospheric model (BAM) version 3.0d cou-

pled to the Australia Community Ocean Model version 2

(ACOM2), which was developed from the Geophysical

Fluid Dynamics Laboratory Modular Ocean Model version
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2. BAM3.0d is a spectral transform model, which in PO-

AMA1.5b has triangular truncation 47 and 17 vertical

levels. The ocean model grid spacing is 2 degrees zonally

and 0.5� meridionally 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 m. The maximum depth is

5,000 m. The level thicknesses range from 15 m near the

surface to almost 1,000 m near the bottom. Technical

details and some aspects of the performance of the

ACOM2 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. Coupling occurs every 3 h.

Ocean initial conditions for the hindcasts are produced

every three days by an ocean data assimilation scheme

(Smith et al. 1991). Atmospheric and land initial conditions

are provided daily by the atmosphere–land initialization

(ALI) scheme (Hudson and Alves 2007), which involves

nudging the output fields from an offline version of BAM3

toward the atmospheric reanalyses from ERA-40 (Uppala

et al. 2005). This nudging process results in atmospheric

fields that are very similar to the ERA-40 reanalysis but

which 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 also provides initial land

surface conditions that are in balance with the atmospheric

surface fields.

A 10 member ensemble of hindcasts for start times

January 1980 through December 2006 was generated from

the observed ocean and atmosphere initial conditions from

the 1st of each month. The ensemble was generated by

perturbing the atmospheric initial conditions by succes-

sively picking the atmospheric analysis from a 6 h 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 hindcasts were

run for 9 months, although only the first 30 days are used

in this study. Anomalies are formed relative to the hindcast

model climatology for 1980–2006, which is a function of

start month and lead time. In this fashion, the mean bias is

removed.

3 Procedures for the assessment of MJO predictions

3.1 Computing the RMM indices

We identify the MJO using the RMM indices, following

closely the procedure described in WH04. The RMM

indices together with their associated spatial structures

capture the key broadscale features of the MJO and are thus

a suitable starting point for assessment of forecast skill.

Assessment of forecast skill of the RMM indices also

provides insight into predictive skill of tropical intrasea-

sonal variability in general, because of the prominence of

the MJO in the Tropics. The full development and justifi-

cation for the index is provided in WH04. Briefly, the

RMM indices are obtained from a combined EOF analysis

of daily anomalies of latitudinally-averaged (15�S–15�N)

zonal wind at 200 hPa, zonal wind at 850 hPa, and OLR,

where OLR is used as a surrogate for organized moist

convection. Anomalies are defined with respect to the cli-

matological seasonal cycle and an estimate of interannual

variability is removed. To ensure that the three variables

have similar contributions to the multivariate index, the

individual anomaly fields are normalized by the square root

of their respective domain averaged variances before the

EOF analysis. The resulting leading pair of EOFs have

comparable variances (i.e., the eigenvalues are approxi-

mately equal) and their principal component time series

(which are referred to as RMM1 and RMM2) exhibit a

peak temporal correlation of *0.6 at *10 days lag.

Together, this pair of EOFs depict the seasonally-inde-

pendent eastward propagation of the MJO in the zonal

wind and convection along the equator, while seasonally-

dependent regional variability of the MJO can be recovered

by regression onto RMM1 and RMM2. WH04 normalized

RMM1 and RMM2 by the square root of their associated

eigenvalues from the EOF analysis, which thus means that

their standard deviations, when computed over all seasons

and years, are individually equal to one. Compared to

previous methods of diagnosing the MJO, the main

advantage of the RMM indices are that they efficiently

extract the salient features of the MJO including its intra-

seasonal timescale without the need for conventional time

filtering.

For the present study, we use the spatial structures

(eigenvectors) and variances (eigenvalues) as computed by

WH04, available from http://www.bom.gov.au/bmrc/clfor/

cfstaff/matw/maproom/RMM/. These were computed by

WH04 using NCEP reanalysis data for the winds, and

satellite observed OLR (Liebmann and Smith 1996). The

spatial structures (eigenvectors) are displayed in Fig. 1. For

both verification and model hindcast RMM values, we

project daily data onto these observationally-derived spa-

tial structures. For our verification of RMM, we use NCEP

reanalysis winds and satellite OLR, like in WH04. How-

ever, because of differences in climatologies and the way

interannual variability is removed, these verification RMM

values are not exactly the same as those of WH04. In

particular, the climatological seasonal cycle in this work is

based on the 1979–2006 period, and we only perform one

of the two steps of WH04 for the removal of interannual

variability. The step we perform is the subtraction of the
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previous 120-day mean from each input field, and we

neglect the more complicated step of removing interannual

variability that is specifically related to the El Nino-

Southern Oscillation. Consistent with Lin et al. (2008), we

found the results to be insensitive to this latter step, so the

recommendation has been to not include it (Gottschalck

et al. 2009). The individual latitudinally-averaged anomaly

fields are then divided by the normalizations provided by

WH04 prior to projecting onto the eigenvectors. The

resulting verification RMM1 and RMM2, after dividing by

the square-root of the eigenvalues obtained from WH04,

still closely match those defined in WH04 (correlation

coefficients exceeding 0.94 and standard deviations close

to 1).

The RMM indices for the dynamical hindcasts are

computed similarly by projecting the hindcast anomalies of

zonal winds and OLR onto the observed eigenvectors

obtained from WH04. As described in Sect. 2, forecast

anomalies are defined by removal of the hindcast model

climatology for the hindcast period 1980–2006. Interannual

variability is removed by subtracting the previous 120-day

mean, but now this mean is created for a forecast at lead

time n days as the mean of the previous n days of the

forecast plus the previous 120 - n days of analyses up to

the start of the forecast (Lin et al. 2008). The analyses are

obtained from the forecast model initial conditions, which

in the case of POAMA is the ALI analyses. Prior to pro-

jecting the model anomalies onto the observed EOFs, the

individual latitudinally-averaged fields are divided by

observed normalizations provided by WH04. After the

projection, the resulting RMM1 and RMM2 are divided by

the square root of the respective observed eigenvalues as

obtained from WH04. This ensures that any systematic

biases in the amplitude of the simulated MJO variability

are revealed. The method described above is consistent

with the approach that is being recommended by the U.S.

Climate Variability and Predictability (CLIVAR) MJO

Working Group (Gottschalck et al. 2009) for assessment of

realtime forecasts of the MJO.

3.2 Example behavior of the RMM indices

Here we show an example of the usefulness of using the

RMM indices to depict and assess forecasts of the MJO for

late 1985 to early 1986 when the MJO was particularly

active. Figure 2a shows a time-longitude plot of 850-hPa

zonal wind anomalies for 17 December 1985 through 10

February 1986. Strong MJO activity is apparent with an

episode of westerly anomalies appearing over Africa

around 1 January 1986 that then propagates into the central

Pacific by the end of January. The ensemble mean hindcast

from POAMA that was initialized on 1 January 1986 is

shown in Fig. 2b. While the overall intensity and evolution

of the event is well predicted, the amplitude of the simu-

lated event appears to be a bit too strong initially and it

starts to weaken somewhat earlier than observed (which, as

will be shown below, mostly stems from ensemble aver-

aging of spreading forecasts).

The same forecasts may be analysed in terms of their

projections onto the RMM indices as displayed in the two-

dimensional phase–space (Fig. 3). We show the ensemble

mean forecast that was initialized on 1 January 1986 and

that runs through 10 February 1986, along with its verifi-

cation. Systematic counter-clockwise progression of the

observed RMM indices, with amplitude greater than 1, is

indicative of well defined eastward propagation of the MJO

during this period. The forecast captures well the initial

(a)

(b)

Fig. 1 Combined EOF1 (a) and EOF2 (b) of the latitudinally-

averaged (15�S–15�N) anomalies of OLR (blue curves) and zonal

winds at 200- (green curves) and 850-hPa (red curves) levels, adapted

from WH04. The variances explained by EOFs 1 and 2 are 12.8 and

12.2%, respectively
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amplification, the systematic eastward propagation, the

maintenance of the strength over the following few weeks,

and the speed of eastward propagation (as indicated by

similar rates of progression through the RMM phase–

space). The loss of amplitude of the ensemble mean fore-

cast, inferred in Fig. 2, is depicted by the spiral of the

forecast toward the origin in Fig. 3. This example shows

the usefulness of the RMM series as an MJO index and of

the phase plot as a tool for displaying the salient features

of the MJO. Quantification of skill using the RMM series is

now developed.

3.3 Forecast skill, amplitude, phase, and statistical

comparison

The RMM indices can be treated as a bivariate index whose

individual components have near equal amplitude with unit

standard deviation (at least for the observations). Following

Lin et al. (2008), we can then score all of the forecasts at

lead time s with correlation (COR) and root-mean-square

error (RMSE) using forms suitable for a bivariate index:

CORðsÞ¼
PN

t¼1 a1ðtÞb1ðt;sÞþa2ðtÞb2ðt;sÞ½ �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN

t¼1 a2
1ðtÞþa2

2ðtÞ
� �q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN

t¼1 b2
1ðt;sÞþb2

2ðt;sÞ
� �q

ð1Þ

RMSEðsÞ

¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1

N

XN

t¼1

ð½a1ðtÞ � b1ðt; sÞ�2 þ ½a2ðtÞ � b2ðt; sÞ�2Þ

v
u
u
t

ð2Þ

Here, a1(t) and a2(t) are the verification RMM1 and RMM2

at time t, and b1(t, s) and b2(t, s) are the respective fore-

casts for time t for a lead time of s days. N is the number of

forecasts.

The bivariate amplitude (RMMA) for the verification is

RMMAobsðtÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

a1ðtÞ2 þ a2ðtÞ2
q

ð3Þ

and similarly for the forecasts is

RMMAforðt; sÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

b1ðt; sÞ2 þ b2ðt; sÞ2
q

ð4Þ

Average MJO amplitudes for observations and forecasts

are thus defined as the time average (i.e., over t) of these

two quantities respectively, and an average amplitude error

can then be defined as

ERRampðsÞ ¼
1

N

XN

t¼1

ðRMMAforðt; sÞ � RMMAobsðtÞÞ ð5Þ

Note that we can infer ERRamp from the difference of the

time-average of RMMAfor and the time-average of

(a) (b) Fig. 2 Hovmoller diagrams of

the latitudinally-averaged

(15�S–15�N) zonal wind

anomalies at 850-hPa from (a)

NCEP/NCAR reanalysis from

17 December 1985 through 10

February 1986 and (b) the

ensemble-mean POAMA

hindcast initialised on 1 January

1986. The observed anomalies

were smoothed with a 5-point

local filter in space and time to

facilitate comparison with the

ensemble-mean
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RMMAobs, that is, a difference of the average bivariate

amplitudes.

The average phase error (ERRphs) as a function of

forecast lead time is:

ERRphsðsÞ ¼
1

N

XN

t¼1

tan�1 a1b2 � a2b1

a1b1 þ a2b2

� �

ð6Þ

Here we have made use of the properties of the cross

product (numerator) and dot products (denominator) for

finding the angle between the vectors of the verification

(a1(t), a2(t)) and the forecasts (b1(t, s), b2(t, s)) for time t

and lead time of s days. ERRphs is therefore equivalent to

the average phase angle difference between the forecasts

and observations with a positive angle indicating the

forecast leads the observations. For practical purposes, the

phase error is computed only when the RMM amplitude is

large so that it is not affected by possible large phase dif-

ferences that may occur near the origin of the RMM phase

space. We also note that the computation of (6) is not linear

(i.e., ERRphs is not equal to the difference between an

average phase of the forecasts and observations), unlike the

case for ERRamp above.

As discussed in Lin et al. (2008), the upper limit of COR

for a perfect forecast is 1, while the lower limit is -1.

Similarly, for a perfect forecast the bivariate RMSE = 0.

For a climatological forecast (i.e., zero MJO anomalies,

thus b1 = b2 = 0), the bivariate RMSE =
ffiffiffi
2
p

because the

standard deviation of each of the observed RMM indices is

1. Similarly, for forecasts with observed amplitude but

completely random phase (e.g., a persistence forecast at

very long lead time), the bivariate RMSE asymptotes to 2.

Forecasts are deemed to be skilful for RMSE \
ffiffiffi
2
p

(i.e.,

they have lower RSME than a climatological forecast).

Examination of the lead-time dependence of COR (dis-

cussed below in Fig. 4) indicates COR drops to about 0.5 at

the same lead time when RMSE�
ffiffiffi
2
p

: Following the dis-

cussion of Hollingsworth et al. (1980), we thus also use

COR = 0.5 as an indication of the limit of a skilful

forecast.

We also compare the dynamical predictions of the MJO

from POAMA with the simple autoregressive prediction

scheme for RMM1 and RMM2 developed by Maharaj and

Wheeler (2005). They refer to their scheme as vector

autoregressive (VAR), and it takes the form

biðsÞ ¼ aib1ðs� 1Þ þ bib2ðs� 1Þ ð7Þ

where i = 1, 2 and the coefficients a and b, which are

developed using linear regression for two 6-month seasons

(Nov–Apr and May–Oct), are provided in Maharaj and

Wheeler (2005). Note that the initial forecast at lead time

s = 1 is calculated, for each forecast case, from the

observed values of a1(t) and a2(t). Forecasts at longer lead

times are then obtained by successive application of (7).

We refer to (7) as the VAR statistical model.

4 Results

We compute the bivariate COR and RMSE from the

dynamical predictions using both the ensemble mean and

the individual ensemble members. For the latter we display

the average COR and RMSE for all members, which is not

to be confused with the COR and RMSE of the ensemble

mean. The average COR and RMSE from the individual

members allows for an indication of the improvement of

the ensemble mean over the individual members. It also

provides insight into the changes in skill that occur as the

amplitude of the ensemble mean drops to zero due to

ensemble spread at longer lead times. For further com-

parison beyond the VAR statistical model, we also score

persistence forecasts.

The COR and RMSE using all available start dates for

1980–2006 are presented in Fig. 4a, b. COR for the

ensemble mean prediction from POAMA drops to 0.5 at

about 21 days (Fig. 4a). The VAR statistical model, by

Fig. 3 Phase space plots of RMM1 and RMM2 computed from

NCEP/NCAR reanalysis and satellite OLR (blue) and the ensemble-

mean POAMA hindcast initialized on 1 January 1986 (red), for the

period 1 January to 10 February 1986 The black dots are every

5 days. Each octant of the phase diagram is numbered (from 1 to 8)

according to the phase definitions of WH04. Also labelled are the

approximate locations of the enhanced convective signal of the MJO

for that location of the phase space, e.g., the ‘‘Indian Ocean’’ for

phases 2 and 3. The RMM1 and RMM2 values were smoothed with a

1–2–1 filter in time prior to plotting
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comparison, reaches this level at 12 days, and VAR is

consistently less skilful than the dynamical predictions at

all lead times beyond the first few days. Both the dyna-

mical and statistical predictions, however, clearly beat

persistence. The correlation skill of the ensemble mean

prediction is higher than the average correlation skill of the

individual members, which shows the usefulness of the

ensemble prediction over single-member predictions.

For the first 2–3 days, RMSE is smallest for persis-

tence and VAR, but thereafter the ensemble mean forecast

from POAMA has the smallest RMSE, consistent with the

behavior of correlation skill discussed above. For lead

times of about 10–20 days, the ensemble prediction is

about 5 days better than for VAR or persistence. We also

note that the RMSE for a persistence forecast grows to

about
ffiffiffi
2
p

(i.e., the RMSE expected for a climatological

forecast) by about 7 days, at which time COR for per-

sistence is at about 0.5. Similarly, the average RMSE for

the individual POAMA members reaches
ffiffiffi
2
p

at about

15 days, at which point the average COR for the indi-

vidual members is also about 0.5, thus supporting our

argument that a COR of about 0.5 is a useful indicator of

the limit of skill.

Both the persistence and individual member forecasts

have RMSE values that asymptote to *2 at long lead

times (longer than 30 days; Fig. 4b) as a result of their

amplitude being realistically maintained into the future

(Fig. 4c). Despite the fact that POAMA maintains a

realistic amplitude of the MJO at long lead times for the

individual members, the amplitude of the ensemble mean

approaches zero at longer lead times (Fig. 4c) because the

phase of the individual members becomes random. The

amplitude of the VAR forecasts also asymptotes to zero,

but this is a consequence of the amplitude decay stem-

ming from the regression technique used to develop the

statistical forecast. We also note in Fig. 4c that the

average amplitude of the POAMA forecasts (both indi-

vidual members and the ensemble mean) is initially

smaller than observed, and then exhibits some spin-up

over the first 10–12 days of the forecast. We attribute this

spin-up to the fact that we initialize POAMA using ALI

to a state which is very close to ERA-40, which appar-

ently depicts a weaker MJO than is intrinsically supported

by the POAMA model.

We also plot the ensemble spread about the ensemble

mean in Fig. 4b, which can be compared to the RMSE of

Fig. 4 The bivariate (a) correlation and (b) RMSE for RMM 1 and 2,

as a function of forecast lead time for all hindcasts initialized 1980–

2006. Displayed in (a) and (b) are scores for the ensemble mean (red
curve), the VAR statistical forecast (green curve), the persistence

forecast (blue curve), and the average value of COR or RMSE of the

10 individual ensemble members (light green curve). Also plotted in

(b) is the bivariate standard deviation of the ensemble members about

the ensemble mean (brown curve), which is also known as the

ensemble spread. In (c) the average bivariate amplitudes are shown as

a function of lead time for the ensemble mean (red), individual

ensemble members (light green), VAR statistical forecasts (green),

and observed (blue). All curves are smoothed with a 3-point running

mean before plotting

b(a) 

(b) 

(c) 
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the ensemble mean. Even after only 1 day lead time, the

RMSE of the ensemble mean exceeds the ensemble spread,

indicating that the POAMA system is deficient in that the

spread does not encompass the error. This is a common

problem among dynamical ensemble prediction systems

but is often remedied by inflating the ensemble spread

(e.g., Bechtold et al. 2009), which we have not done here.

The assessment of skill discussed above considered all

hindcasts, irrespective of whether or not there was a well

defined MJO event at the initial time. If we select only

those hindcasts that are associated with an already deve-

loped MJO event at the initial time, the predictive skill

increases somewhat. Shown in Fig. 5 are the bivariate

correlations for a subset of the dynamical and statistical

hindcasts for which the initial RMMAobs [ 1. Similar

results are inferred from RMSE (not shown). For both

dynamical and statistical forecasts, the predictive skill is

higher when the MJO is strong at the initial time, as has

been reported previously for both statistical and dynamical

predictions (Lo and Hendon 2000; Wheeler and Weick-

mann 2001; Lin et al. 2008). Compared to the assessment

using all available start times (Fig. 4a), the lead time at

which the COR drops to 0.5 for the ensemble mean pre-

diction increases modestly by about 1–2 days lead time,

while that for the VAR statistical model increases by at

least 2 days lead time. Nonetheless, the skill of the

dynamical predictions still far exceeds that of the VAR

statistical model after 2–3 day lead time.

Next we examine the dependence of skill on season

(Fig. 6). A significant seasonal variation in prediction skill

is detected in both POAMA and the statistical VAR model,

with generally the highest COR occurring during Decem-

ber–January–February (DJF) and lowest COR during June–

July–August (JJA), consistent with other studies (e.g.,

Wheeler and Weickmann 2001; Lin et al. 2008; Seo 2009).

Interestingly, the seasonal variation of prediction skill is

greater in POAMA than the statistical model. Using a COR

of 0.5 for comparison, predictive skill from POAMA

extends to 22–23 days during DJF (and MAM) and

15 days in JJA, whereas for the statistical model it is

15 days in DJF and 10 days in JJA. Although we have no

definite explanation for the cause of this seasonal

Fig. 5 As in Fig. 4a, except for those hindcasts for which the initial

bivariate amplitude RMMAobs [ 1 (i.e., ‘‘strong’’ cases; solid
curves). Curves are shown for the ensemble-mean (red) and the

VAR statistical forecasts (green), and values using all initial

conditions (dashed curves) are also plotted for comparison. The

‘‘strong’’ cases represent 62% of all forecasts

(a) (b)

Fig. 6 As in Fig. 4a, except for (a) the ensemble-mean and (b) VAR statistical forecast for forecasts initialized in DJF (blue), MAM (red), JJA

(green), and SON (brown)
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dependence in skill, skill may be expected to depend on

season because the MJO is usually best defined and

strongest in southern summer, while during northern

summer its behaviour is complicated by poleward propa-

gation in the Indian monsoon region (e.g., Zhang 2005).

Changes in model biases with season may also impact the

seasonality of MJO prediction skill in POAMA.

We also examine the dependence of the predictive skill

on the initial phase of the MJO as given by its location in

the RMM phase–space (e.g., Fig. 3). Although the MJO

may propagate around the entire globe along the equator

and events may start or end in any phase (see also

Matthews 2008), there are important changes in the struc-

ture of the MJO that occur between phases that may impact

its prediction. In particular, the enhanced convective

signature of the MJO is mostly restricted to the Indian and

western Pacific Oceans (e.g., Hendon and Salby 1994),

whereas the wind signal is detectable at all longitudes. Thus,

as the MJO progresses through each RMM phase, there is

the possibility that its different convective signal may

impact upon its predictability. For example, the Indonesian

archipelago has been reported to act as a barrier for pro-

pagation of the convective component of the MJO from the

Indian Ocean into the western Pacific in some models (e.g.,

Inness et al. 2003). On the other hand, Lin et al. (2008)

report distinctly better skill for forecasts initialized when

MJO-convection is in the Indian Ocean as compared to

when MJO-convection is in the western Pacific.

In order to investigate sensitivity to the initial phase of

the MJO, we separate all the available forecasts into four

groups depending on the RMM phase (corresponding to

four quadrants in Fig. 3) at the forecast start-time. The

CORs for these four groups of forecasts were computed

separately (Fig. 7). Interestingly, the skill of the dynamical

model shows little sensitivity to the initial phase of the

MJO for forecasts out to about 10 days, while the VAR

statistical model shows distinctly lower skill for forecasts

initialized in phases 1 and 2 (i.e., when MJO-convection is

developing in the Indian Ocean) after about 6 days. Hence,

the POAMA forecast model appears not to suffer from the

previously reported bias of developing and propagating the

MJO-convection from the Indian Ocean into the west

Pacific. A good example of this capability was displayed in

Fig. 2.

(b) (a) 

Fig. 7 As in Fig. 4a, except for (a) the ensemble-mean and (b) VAR statistical forecasts for forecasts stratified by the initial phase of the MJO

corresponding to the four quadrants in Fig. 3. The numbers within parentheses show the number of forecasts that fall into each quadrant

Fig. 8 Average phase errors (in cycles) as a function of forecast lead

time for the ensemble mean (blue) and VAR statistical forecasts (red),

using only those forecasts for which the initial bivariate amplitude

RMMAobs [ 1. A 5-point running mean is applied to the curves prior

to plotting
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Finally, we assess the average phase error (ERRphs) for

the POAMA ensemble mean and VAR forecasts (Fig. 8).

Here, the average phase error is computed for times when

the MJO is large at the initial time as in Fig. 5. As

expected, the average phase error of the VAR model is near

zero, consistent with its development based on observa-

tions. For the POAMA model, on the other hand, its

average phase error is consistently negative, and gradually

grows with time, equating to a systematic delay of about

2 days for a typical MJO with 50 day period by about

30 day lead time. This indicates that the coupled model

tends to systematically propagate the MJO more slowly to

the east than observed, consistent with the period of the

intrinsic MJO in the POAMA model being slightly longer

than observed (Marshall et al. 2009).

Many of these important characteristics of both the

observed and predicted behaviour of the MJO, including

the phase error and maintenance of amplitude, may be

summarized by the creation of the composite evolution of

observed and predicted RMM1 and RMM2 for different

starting phases, as displayed in Fig. 9. This view consis-

tently shows that the dynamical predictions of RMM lie

closer to reality than do the VAR predictions after about

5–10 days lead time. The slower phase speed of the

dynamical model is also apparent in these composites.

Interestingly, however, the amplitudes for both the

observed and ensemble mean composites decay faster than

for the statistical model. This may seem surprising at first,

given that the amplitude for the statistical model decays

monotonically with increasing lead time (Fig. 4c). How-

ever, the statistical forecasts of RMM are more consistent

(no spread), therefore less variable, than the dynamical

RMM forecasts. This ensures that the composite RMM

forecast for the statistical model maintains larger amplitude

than for the composite dynamical forecast, because in the

latter case there are large cancellations among forecast

values at longer lead times. The same explanation also

applies to the rapid decay of the observed composite RMM

values at longer lead times.

An approximate upper bound for MJO predictability can

be estimated by the potential predictability of a perfect

model (e.g., Anderson et al. 1999). In this approach, one

member of the ensemble of forecasts is selected in turn as

‘‘truth’’ and the skill of the ensemble mean computed from

the rest of the members is scored against it (instead of the

observation). The effects of errors in the model and initial

conditions on predictability are ignored in this approach.

The difference between the potential predictability and the

actual predictability can be viewed as the extent by which

the predictive skill can be expected to be increased through

improved initial conditions and reduced model error. Here

we assess potential predictability using the average COR

for each of the 10 ensemble sub samples (Fig. 10). Not

surprisingly, a large difference is found between potential

and actual predictability similar to that reported by Waliser

et al. (2003). For example, potential COR skill remains

Fig. 9 Phase–space evolution of forecast and observed RMM1 and 2

composited for initial dates as in Fig. 7, but only for RMMAobs [ 1 at

the initial time. The initial point is marked by a big brown dot for

each curve. The numbers within parentheses near the initial points

show the number of forecasts that fall into each quadrant. The

evolution is shown for 21 days and the black dots are 5 days apart. A

5-point running mean is applied to the composite RMM values prior

to plotting

Fig. 10 Actual (dashed curve) and an estimate of potential skill

(solid curve) for all hindcasts from POAMA for 1980–2006 using

COR. A 5-point running mean is applied to the curves prior to plotting
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above 0.5 at 40 day lead time while actual COR skill drops

below 0.5 by 22 days. The potential predictive skill

exhibits a similar seasonal variation as the actual predictive

skill, with the potential COR being highest during northern

winters (not shown).

5 Discussion and conclusions

In this work, we propose and demonstrate a method to

assess predictions of the MJO using hindcasts from the

POAMA dynamical seasonal prediction system. We also

compared the forecast skill from the dynamical model to a

benchmark statistical model (a first-order vector autore-

gressive model) of the MJO.

The method to assess MJO forecasts using the RMM

indices is summarized as:

1. Obtain observed eigenvectors and eigenvalues and

normalisations for individual fields as calculated by

WH04: (http://www.bom.gov.au/bmrc/clfor/cfstaff/matw/

maproom/RMM/).

2. Form anomalies of the forecast fields of latitudinally-

averaged zonal winds at 850 and 200 hPa and OLR by

subtraction of the forecast model climatology (function

of lead time and start date) and by removal of the

previous 120-day mean (combination of n-days of

forecast and 120 - n days of previous analyses for a

forecast at n ? 1 day lead time). Divide the individual

fields by the observed normalizations obtained from

WH04.

3. Project forecast anomalies onto observed eigenvectors

from WH04 and then divide by the square root of the

observed eigenvalues to obtain forecasts of RMM1 and

RMM2.

4. Score the forecasts of the RMM indices using the

bivariate correlation (Eq. 1) and root-mean-square-

error (Eq. 2.). Examine also the average amplitude of

forecasts compared to observations (Eqs. 3–5), and

average phase error (Eq. 7).

Our investigation of the forecast performance of the

POAMA system shows some promising results. The

POAMA model is able to maintain realistic amplitude of

the MJO throughout the forecast cycle, although there is an

indication of some initial spin-up. For the ensemble mean,

the bivariate correlation remains above 0.5 and bivariate

RMSE remains less than
ffiffiffi
2
p

out to a lead time of about

21 days, which compares favourably to the statistical

model (*12 days) and to persistence (*7 days). POAMA

forecasts also show little sensitivity to the initial phase of

the MJO, which indicates little bias in the representation of

the MJO as it develops and propagates from the Indian

Ocean into the western Pacific. The superiority of the

dynamical forecasts over the statistical model is seen at all

lead times beyond the first 2–3 days. Nonetheless, skill

from the dynamical model at short lead time is less than

from the statistical model, indicating scope for improve-

ment of the dynamical forecasts especially relating to

initialization.

Although we demonstrate that dynamical forecasts from

POAMA are superior to simple statistical forecasts, pre-

dictive skill from the dynamical model is still limited to

lead times less than about half the cycle of the MJO.

However, our analysis of potential predictability indicates

that the MJO may be predictable to lead times approaching

a full cycle of the MJO. Whether skilful predictions of the

MJO to lead times of 40 days can be realised through

continual improvements in the model performance and

initial conditions remains to be seen, but we argue that a

systematic method of assessing MJO skill can facilitate

forecast model improvement. For instance, our analysis of

forecast skill from POAMA has highlighted some model

deficiencies that need to be addressed, including eastward

propagation of the MJO that is slower than observed

(Figs. 8 and 9) and the initial amplitude is weaker than

observed (Fig. 4c). The systematic method of assessing

MJO forecast skill will also allow for comparison between

different forecast models, thereby aiding model improve-

ment. Such an activity of forecast model inter-comparison

is being promoted by the CLIVAR MJO Working group

(http://www.usclivar.org/mjo.php).

Finally, we have focused on assessing forecast skill of

the tropical wide signature of the MJO. Ultimately,

extended range climate prediction will require regional-

scale prediction of tropical climate variability. As a next

step, the role of the planetary-scale component of the MJO

for regional climate prediction should be ascertained. This

can be done, for instance, by assessing how much of the

predictable component of regional tropical climate vari-

ability is accounted for by prediction of the MJO-compo-

nent as determined by the RMM indices. Such an

assessment with the POAMA forecasts is underway and

will be reported elsewhere.
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