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ABSTRACT

Coupled general circulation models (GCMs) are increasingly being used to forecast seasonal rainfall, but
forecast skill is still low for many regions. GCM forecasts suffer from systematic biases, and forecast proba-
bilities derived from ensemble members are often statistically unreliable. Hence, it is necessary to postprocess
GCM forecasts to improve skill and statistical reliability. In this study, the authors compare three methods of
statistically postprocessingGCMoutput—calibration, bridging, and a combination of calibration andbridging—
as ways to treat these problems and make use of multiple GCM outputs to increase the skill of Australian
seasonal rainfall forecasts. Three calibration models are established using ensemble mean rainfall from three
variants of the Predictive Ocean Atmosphere Model for Australia (POAMA) version M2.4 as predictors. Six
bridging models are established using POAMA forecasts of seasonal climate indices as predictors. The cali-
bration and bridging forecasts are merged through Bayesian model averaging. Forecast attributes including
skill, sharpness, and reliability are assessed through a rigorous leave-three-years-out cross-validation pro-
cedure for forecasts of 1-month lead time.While there are overlaps in skill, there are regions and seasons where
the calibration or bridging forecasts are uniquely skillful. The calibration forecasts aremore skillful for January–
March (JFM) to June–August (JJA). The bridging forecasts are more skillful for July–September (JAS) to
December–February (DJF). Merging calibration and bridging forecasts retains, and in some seasons expands,
the spatial coverage of positive skill achieved by the better of the calibration forecasts and bridging forecasts
individually. The statistically postprocessed forecasts show improved reliability compared to the raw forecasts.

1. Introduction

Organizations around the world continue to invest
heavily in the development of physically based models
for seasonal climate forecasting. The Australian Bureau
of Meteorology and the Commonwealth Scientific and
Industrial Research Organization (CSIRO) continue to
develop the Predictive Ocean Atmosphere Model for
Australia (POAMA), a coupled ocean–atmosphere
general circulation model (GCM) used for seasonal
forecasting. Coupled GCMs are generally skilled at

simulating and forecasting large-scale oceanic and atmo-
spheric climate features, such as the El Ni~no–Southern
Oscillation (ENSO; e.g., Guilyardi et al. 2003; Jin et al.
2008; Palmer et al. 2004; Roeckner et al. 1996) and, at
short lead times, the Indian Ocean dipole (Zhao and
Hendon 2009). GCMs are advocated for their ability to
capture the nonlinear interactions of the ocean and at-
mosphere and thus make spatially coherent forecasts of
the climate at high temporal resolution.
Although GCMs are skilled at simulating large-scale

climate features, there can be a disconnection with re-
gional climate features such as rainfall. The rain field is
greatly variable in both space and time and is influenced
by factors at a much smaller scale than the typical GCM
resolution (100–300 km). GCM forecasts are thus sus-
ceptible to bias arising from systematic errors, and en-
semble forecasts can be statistically unreliable in terms
of probabilities (Graham et al. 2005; Lim et al. 2011). At
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the root of these problems are necessary parameterizations
of subgrid processes, meaning the problems can only be
overcome through fundamental improvements in the
model physics along with increased resolution of the
GCM.
Seasonal rainfall forecast users demand forecasts that

are skillful, statistically reliable, and free of bias. One
approach to improve the accuracy and reliability of
GCM forecasts is to statistically postprocess GCM out-
put fields (Feddersen et al. 1999). There are two general
approaches taken. The first, known as statistical cali-
bration, establishes a statistical model that relates raw
GCM forecasts to observations. The model can then be
used to calibrate new forecasts. This approach is po-
tentially useful in regions and seasons where the raw
GCM rainfall forecasts have underlying skill. The sec-
ond approach, referred to here as bridging, establishes
a statistical model to make rainfall forecasts by using
GCM forecasts of large-scale climate features (indices) as
predictors. This approach is potentially useful when there
is an established relationship between the large-scale
feature and regional rainfall and when the large-scale
feature is well forecast by the GCM.
The techniques applied in calibration and/or bridging

of GCM rainfall as described above are typically similar
to those used in statistical downscaling, in which GCM
variables are related to finescale or station rainfall
through a statistical model. Zorita and von Storch (1999)
andWilby et al. (1998) summarize a variety of methods.
In previous calibration and bridging studies, singular
value decomposition analysis (SVDA) or canonical cor-
relation analysis was commonly used to identify pre-
dictors for use in multiple linear regression equations
(Bartman et al. 2003; Feddersen et al. 1999; Landman and
Goddard 2002; Lim et al. 2011).
In Australia, Lim et al. (2011) investigated calibration

and bridging for forecasting Australian September–
November (SON) rainfall using version 1.5 of POAMA
at a lead time of 0. For the bridging component of the
study, the predictors were the leadingmodes of southern
extratropical mean sea level pressure (MSLP) derived
through SVDA. Raw POAMA 1.5 rainfall was the
predictor field in calibration. The study concluded that
neither bridging nor calibration significantly improved
the skill of SON rainfall forecasts across the continent
due to moderate skill in predicting MSLP and limited
hindcast data to establish the statistical models. How-
ever, simple pooling of raw, bridging, and calibration
forecasts improved skill and reliability. Lim et al. (2011)
suggested that more sophisticated ensemble methods
(e.g., Bayesian) of combining bridging and calibration
models could improve skill further. Our view is that
Bayesian methods that allow for parameter uncertainty

are more likely to produce more reliable forecasts, and,
more importantly, skill improvements could be attained
through a better choice of predictors in bridging.
In Australia, both concurrent and lagged relation-

ships between climate indices and monthly or seasonal
rainfalls are well established (Risbey et al. 2009;
Schepen et al. 2012b). Schepen et al. (2012a) found
evidence that GCM skill can be augmented by using
rainfall predictions from lagged observed climate in-
dices. Possibly, a better approach to bridging is to build
statistical models using, as predictors, forecasts of climate
indices produced by coupled GCMs such as POAMA.
Standard climate indices representing large-scale oce-
anic and atmospheric circulations, such as Ni~no-3.4, are
readily calculable from POAMA fields. If the GCM
forecasts of such indices are more skillful than persis-
tence of the observed indices, then feasibly this will
translate into improved rainfall forecast skill. In early
exploratory work, Langford et al. (2011) mapped cor-
relations of Australian seasonal rainfall with climate
indices forecast from POAMA 1.5 and 2.4. In many sea-
sons and locations, observed rainfall was more correlated
with climate indices than with raw POAMA rainfall
forecasts. Possibly, further skill improvements can be
realized if the predictors are allowed to vary for differ-
ent regions and seasons to reflect the different influences
on regional climate.
In this study, we extend the work of Lim et al. (2011),

Langford et al. (2011), and Schepen et al. (2012a). We
evaluate the merits of calibration and bridging of GCM
outputs within a Bayesian multimodel framework that
allows for regional and seasonal variation in the fore-
casting model. We test the approach for forecasts of
Australian seasonal rainfall at a lead time of 1 month. A
Bayesian joint probability (BJP) modeling approach
(Wang and Robertson 2011; Wang et al. 2009) is em-
ployed to establish multiple calibration and bridging
models, using POAMA forecasts of rainfall and sea
surface temperature anomalies as predictors. Bayesian
model averaging (BMA; Hoeting et al. 1999; Raftery
et al. 2005; Wang et al. 2012b) is then applied to weight
and merge forecasts from the multiple models. In this
setup, we can merge the forecasts from many models. It
is, therefore, important that we apply stringent valida-
tion and verification strategies in our assessment of the
BJP–BMA approach. A common approach to verifica-
tion of seasonal rainfall forecasts is leave-n-years-out
cross validation. Usually only one year is left out. Here,
we apply a rigorous leave-three-years-out cross validation
to ensure that the model parameters and weights are
independently inferred.
The remainder of this paper is structured as follows. In

section 2, we describe the POAMA coupled GCM and
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the data used. In section 3, we describe the formulation
of the calibration and bridgingmodels using BJP, give an
overview of the BMA approach, and outline methods
for assessing the skill and reliability of probabilistic
forecasts. In section 4, we present and discuss maps and
diagrams comparing the skill and reliability of the cross-
validation forecasts. Section 5 contains additional dis-
cussion points, and section 6 wraps up the paper with the
main conclusions.

2. Data

a. Description of the POAMA 2.4 GCM

The raw forecast ensembles used in this study are
extracted from the POAMA version commonly known
as M2.4. POAMAM2.4 is a coupled ocean–atmosphere
GCM designed to produce intraseasonal-to-seasonal cli-
mate forecasts for Australia. Since mid-2013, POAMA
M2.4 is the operational seasonal forecasting model of
the Australian Bureau of Meteorology. POAMA 2.4
comprises atmospheric and ocean modules, an ocean–
atmosphere coupler, an atmosphere and land initializa-
tion scheme, and an ocean initialization scheme. The
ocean model is the Australian Community Ocean Model
version 2 (Oke et al. 2005; Schiller et al. 2002), initialized
using the POAMA Ensemble Data Assimilation
(PEODAS; Yin et al. 2011). The ocean model has a
resolution of 28 longitude by 0.58 latitude at the equator,
changing to 28 longitude by 1.58 latitude near the poles.
The ocean depth is represented using 25 vertical layers.
The atmospheric model is the Bureau of Meteorology
Atmospheric Model version 3 (Colman et al. 2005),
initialized by the Atmosphere Land Initialisation (ALI)
scheme (Hudson et al. 2011). The atmospheric model
has a horizontal resolution of T47 (approximately 2.58
by 2.58) and 17 vertical levels.

Currently there are three variants of POAMA M2.4
in operation. For this reason, POAMA is sometimes
referred to as a pseudomultimodel ensemble. POAMA
M2.4a and M2.4b differ from POAMA M2.4c in that
they use a newer atmospheric model with improved
physics associated with shallow convection. POAMA
M2.4b differs from M2.4a by the inclusion of a flux
correction scheme that reduces biases in model cli-
matology that appear as the forecast lead time ex-
tends. Each variant of POAMA M2.4 produces an
11-member forecast ensemble. The ensemble is gen-
erated by jointly perturbing the initial conditions of
the ocean and atmosphere modules (Marshall et al.
2011a).

b. POAMA 2.4 forecasts of rainfall
and climate indices

The set of available POAMA hindcasts are ini-
tialized on the first day of each month from January
1980 to December 2011. In this study, we analyze
forecasts with 1-month lead time. The corresponding
three-consecutive-months–seasons to be analyzed are
February–April (FMA) 1980 through January–March
(JFM) 2012, giving 32 data points for each season of
the year.
RawM2.4 seasonal rainfall forecasts are calculated by

aggregating M2.4 monthly rainfall forecasts. We make
use of the ensemble mean rainfall from each of the
variants (a, b, and c). M2.4 seasonal climate index fore-
casts are derived from monthly M2.4 SST forecasts.
Multiple indices are used to capture variability in the
Pacific Ocean associated with ENSO: Ni~no-3, Ni~no-3.4,
Ni~no-4, and the El Ni~no Modoki index (EMI). Other
climate indices capture variable in the Indian Ocean
region: the Indian Ocean dipole mode index (DMI) and
the Indonesian SST index. Table 1 contains details on

TABLE 1. Description of climate indices used as predictors of Australian seasonal rainfall.

Climate index Description

Ni~no-3 Average sea surface temperature anomaly over 58N–58S, 1508–908W
Ni~no-3.4 Average sea surface temperature anomaly over 58N–58S, 1708–1208W
Ni~no-4 Average sea surface temperature anomaly over 58N–58S, 1608E–1508W
ENSO Modoki index (EMI; Ashok et al. 2007) C 2 0.5 (E 1 W)

Where the components are average sea surface temperature anomalies over
C: 108N–108S, 1658E–1408W
E: 58N–158S, 1108–708W
W: 208N–108S, 1258–1458E

Indian Ocean dipole mode index (DMI;
Saji et al. 1999)

WPI 2 EPI
Where the components are average sea surface temperature anomalies over
WPI: 108N–108S, 508–708E
EPI: 08–108S, 908–1108E

Indonesia index (II; Verdon and Franks 2005) Average sea surface temperature anomaly over 08–108S, 1208–1308E
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the calculation of the six climate indices. Because
the three M2.4 variants produce very similar fore-
casts of the climate indices, we use the ensemble
mean of all models (33 members) in calculating the
climate indices. This also helps to limit the number of
models.

c. Observed rainfall data

Observed rainfall data are used for model parameter
inference and forecast verification. The observed sea-
sonal rainfall totals are calculated by aggregating monthly
totals from Australian Water Availability Project’s
(AWAP) 0.058 3 0.058 gridded dataset of monthly
rainfall (Jones et al. 2009). The AWAP data are up-
scaled to approximately 2.58 resolution by averaging
within POAMA grid cells. To match the M2.4 forecasts,
the period of observed rainfall data used are February
1980–March 2013.

3. Methods

a. Statistical calibration and bridging models

Statistical calibration andbridgingmodels are established
for each season, grid cell and lead time independently of
the others. Each model has a single predictor and
a single predictand. A Bayesian joint probability (BJP)
modeling approach (Wang et al. 2009; Wang and
Robertson 2011) is used to establish the individual
models. The relationship between a predictor x and
predictand y can be modeled as following a trans-
formed bivariate normal distribution.
In the case of calibration models, x represents M2.4

forecast ensemble mean rainfall and y represents
observed rainfall. To satisfy modeling assumptions,
transformations are necessary for data normaliza-
tion and variance stabilization. The variables are
transformed using log–sinh transformations (Wang
et al. 2012a). More specifically, x and y follow the
transformations:

x̂5
1

bx

ln[sinh(ax1bxx)] , (1)

ŷ5
1

by

ln[sinh(ay1byy)] . (2)

In the case of bridging models, x represents a cli-
mate index and can take negative values. Equation (1)
is no longer a suitable transformation to use. Instead,
we apply the Yeo–Johnson transformation (Yeo and
Johnson 2000):

x̂5

8
>>>>><

>>>>>:

[(x1 1)lx 2 1]/lx l 6¼ 0, x$ 0

log(x1 1) l5 0, x$ 0

2[(2x1 1)22l
x 2 1]/(22 l) l 6¼ 2, x, 0

2log(2x1 1) l5 2, x, 0

.

(3)

We still transform the observed rainfall y using Eq. (2).

After transforming x and y individually, we assume
the joint distribution to be bivariate normal:

p(x̂, ŷ);N(m,S) , (4)

where

m5

"
mx̂

mŷ

#

S5

2

4 sx̂
2 rx̂ŷsx̂sŷ

rx̂ŷsx̂sŷ sŷ
2

3

5 .

The model parameters u include transformation co-
efficients (some of lx, ax, ay, bx, and by), means (mx̂ and
mŷ), standard deviations (sx̂ and sŷ), and correlation
coefficient (rx̂ŷ). The model can be shown to lead to the
following prediction equation:

p( ŷ j x̂, u);N mŷ1 rx̂ŷ
sŷ

sx̂

(x̂2mx̂), (12 r2x̂ŷ)s
2
ŷ

! "
, (5)

where ŷ can be back-transformed to y using the inverse
of Eq. (2). It is clear from Eq. (5) that the model pro-
duces probabilistic forecasts.
In this study, a Bayesian method with Markov chain

MonteCarlo (MCMC) sampling is used to infer themodel
parameters and uncertainty (Wang et al. 2009; Wang and
Robertson 2011). If (xD, yD) contains training data used
for model inference and we have x for a new event, the
posterior predictive density for the corresponding y is

f(y j x)5 p(y j x; xD, yD)5
ð
p(y j x; u)p(u j xD, yD) du .

(6)

The uncertainty of the prediction is thus influenced by
parameter uncertainty as well as the strength of the
correlation and natural variability. The parameter un-
certainty can be important when there is only a short
data record to establish the model.
When seasonal rainfall totals of zero (no rainfall) are

present in the data, modifications are needed to the
above formulation. As the number of zero occurrences
of seasonal rainfall is limited, we simply refer to Wang
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and Robertson (2011) as the source of additional in-
formation on the handling of this problem.

b. Bayesian model averaging for merging
calibration and bridging forecasts

The BMA methodology here essentially follows
that described by Wang et al. (2012b) and applied by
Schepen et al. (2012a), but with some modifications.
One major difference is that in the inference of model
weights, we have chosen to use the predictive densities
corresponding to events used to fit the model, rather
than using cross-validation predictive densities. Al-
though we believe the latter approach is preferable, the
computational requirements for a completely clean
cross-validation exercise are much higher. Therefore,
using ‘‘fitted’’ predictive densities to infermodel weights
allows more rigorous testing in cross validation by
keeping the events being verified completely in-
dependent from the inference of model parameters and
model weights.
We outline the key features of the methodology here.

For each event, forecasts from a set of models Mk, k 5
1, . . . ,K, are produced using theBJPmodeling approach
as outlined in section 3a. Amerged forecast is then given
by the BMA predictive density:

fBMA(y j xk,k5 1, . . . ,K)5 !
K

k51
wkfk(y j xk) , (7)

where xk and y are the predictor and predictand vari-
ables, respectively, and wk is the BMAweight for model
k. The BMA weights are inferred using a finite mixture
model approach (e.g., Raftery et al. 2005; Wang et al.
2012b). We write the posterior distribution of the
weights, given events t 5 1, 2, . . . , T as follows:

p[wk,k5 1, . . . ,K j yD, xD,k, fk(y j xk), k5 1, . . . ,K]

} p(wk,k5 1, . . . ,K)P
T

t51

fBMA(y
t
D j xtD,k,k5 1, . . . ,K)

} p(wk,k5 1, . . . ,K)P
T

t51
!
K

k51
wkfk(y

t
D j xtD,k) ,

(8)

where p(wk, k 5 1, . . . , K) is a prior of the weights, the
remaining term on the rhs is the likelihood function and
xtD,k and y

t
D are the observed values for the predictor and

predictand variables, respectively.
The prior is used here to constrain the effect of sam-

pling error that arises due to the short historical data

period and thus stabilize the weights. Following Wang
et al. (2012b), we specify a symmetric Dirichlet prior:

p(wk,k5 1, . . . ,K)} P
K

k51

(wk)
a21 . (9)

The parameter a is known as the concentration pa-
rameter. In this study we set it to a 5 1.0 1 a0/K with
a0 5 1.0. This gives a slight preference toward more
evenly distributed weights. The rhs of Eq. (8) then re-
duces to

A5 P
K

k51

(wk)
a21P

T

t51
!
K

k51
wkfk(y

t
D j xtD,k) . (10)

We find a point estimate of the weights by maximizing
A using an efficient expectation-maximization (EM)
algorithm (Cheng et al. 2006;Wang et al. 2012b; Zivkovic
and van der Heijden 2004). All weights are initially set to
be equal (1/K), and the EM algorithm is then iterated
until convergence of ln(A) is achieved. At each iteration
j, the EM algorithm has two steps. In the first step,
ownerships are calculated for all t and k:

Ot,(j11)
k 5

w( j)
k fk(y

t
D j xtD,k)

!
K

m51
w( j)fm(y

t
D j xtD,m)

. (11)

Then, new weights are calculated by

w( j11)
k 5

(1/T) !
T

t51
Ot,( j11)

k 1 (a2 1)/T

11K(a2 1)/T
. (12)

To form the BMA forecasts, we randomly sample
a number of ensemble members from each model’s en-
semble, with the number drawn being proportional to
the model weight.

c. Forecast assessment

In this study, we assess the performance of leave-
three-years-out cross-validation forecasts for the period
FMA 1980 to JFM 2012. Separate models are estab-
lished for each season and grid cell independently. For
each historical forecast event to be tested, the data points
for the year to be forecast, the year before and the year
after are omitted so as not to influence the model pa-
rameter andweight inferences. This procedure is repeated
for each event in the historical record. The limited data
available does not allow for verification in an independent
period, but by leaving three years out forecast events are
considered to be independent of the training data.
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Forecasts from the BMA method are probabilistic.
Important attributes of probabilistic forecasts include
accuracy, sharpness, resolution, and reliability. To assess
forecast accuracy, we use the continuous ranked prob-
ability score (CRPS;Matheson andWinkler 1976). CRPS
is used to assess full forecast probability distributions,
and, therefore, it scores forecast sharpness as well as
forecast accuracy. Mathematically, CRPS is given by

CRPS5
1

T
!
T

t51

ð
[F(yt)2H(yt 2 ytD)]

2 dyt , (13)

where F is the forecast CDF andH is the Heaviside step
function such that

H(yt 2 ytD)5

$
0 yt , ytD
1 yt $ ytD

. (14)

To assess forecast value, the CRPS score is converted
to a skill score, to measure the relative improvement of
the forecasts over the corresponding leave-three-years-
out cross-validation climatology (used as reference
forecasts):

CRPSSkillScore5
CRPSref 2CRPS

CRPSref
3 100. (15)

A skill score of 100 means perfect forecasts, while a skill
score of 0 means that the model forecasts are no better
than using climatology, and thus considered of no skill.
A negative skill scoremeans that themodel forecasts are
worse than using climatology, and the model may have
been unduly influenced by data noise.
Reliability, sharpness, and resolution are assessed

for binary expressions of the probabilistic forecasts by
plotting an attributes diagram (Hsu and Murphy 1986).
Here, we express the forecasts as the probability of ex-
ceeding the climatological median as is done for official
forecasts in Australia. Reliability and resolution are
checked by plotting the forecast probabilities of events
against their observed relative frequencies. Sharpness is
checked by plotting the number of forecasts in bins of
the forecast probability.

4. Results

a. Skill of calibration forecasts

We first assess calibration forecasts, which are those
based on POAMA rainfall forecasts. We calibrate the
forecasts using BJP and then merge the forecasts using
BMA. The leave-three-years-out cross-validation CRPS
skill scores for FMA 1980 to JFM 2012 are mapped in

Fig. 1. There is one panel for each three-consecutive-
months–season, and the average skill score for the sea-
son is written in the bottom-left corner. The three seasons
with the lowest average skill scores are, in increasing or-
der, as follows: DJF, NDJ, and AMJ. The seasons with
the highest average skill scores are, in decreasing order,
as follows: MAM, SON, and JAS. The calibration
forecasts are skillful in parts of eastern and northern
Australia from JJA to OND, suggesting some ability to
forecast ENSO modulated rainfall. However, we note
that the skill scores are overall modest. In many regions
there is little or no skill. It is, therefore, desirable to try
to increase the overall skill of the forecasts.

b. Skill of bridging forecasts

We now assess bridging forecasts, which are those
based on POAMA forecasts of Pacific and IndianOcean
SSTs. We produce forecasts of rainfall using separate
BJP models with Ni~no-3, Ni~no-4, Ni~no-3.4, EMI, DMI,
and the Indonesia index (II) as predictors.Wemerge the
forecasts of all bridging models using BMA. The leave-
three-years-out cross-validation CRPS skill scores for
FMA 1980 to JFM 2012 are mapped in Fig. 2. Again,
there is one panel for each season, and the average
skill score for the season is written in the bottom-left
corner. The three seasons with the lowest average skill
scores are, in increasing order, as follows: MJJ, JFM,
and MAM. The seasons with the highest average skill
scores are, in decreasing order, as follows: OND, SON,
and JAS.
Compared to the calibration forecasts, the average

skill scores for the JAS–DJF bridging forecasts are
higher than for the corresponding calibration forecasts,
with the exception of ASO. In contrast, the average
skill scores for the JFM–JJA bridging forecasts are
lower than for the corresponding calibration forecasts,
with the exception of FMA. To generalize, the calibra-
tion forecasts are more skillful in the first half of the
year, whereas the bridging forecasts are more skillful in
the second half of year.
A comparison of Figs. 1 and 2 also reveals finer de-

tails. For SON, we see that the calibration and bridging
forecasts are similarly skillful in southeastern Australia;
however, the bridging forecasts are more skillful
across northern Australia, leading to a higher average
seasonal skill score. For OND, we see that the bridg-
ing forecasts have a superior spatial coverage of skill.
In contrast, forMAM,we see that the calibration forecasts
have a superior coverage of skill. What is clear is that the
calibration and bridging forecasts each have some unique
ability to forecast Australian seasonal rainfall, and the
overall most skillful forecastsmay be achieved bymerging
all calibration and bridging forecasts.
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c. Skill of merged calibration and bridging forecasts

We now assess merged calibration and bridging fore-
casts, which are based on both POAMA rainfall and
POAMA SST forecasts. The forecasts of all calibration
and bridging models are merged using BMA. The leave-
three-years-out cross-validation CRPS skill scores for
FMA 1980 to JFM 2012 are mapped in Fig. 3. Again,
there is one panel for each season, and the average skill
score for the season is written in the bottom-left corner.
The three seasons with the lowest average skill scores
are, in increasing order, as follows: DJF, MJJ, and AMJ.
The seasons with the highest average skill scores are, in
decreasing order, as follows: OND, SON, and JAS (i.e.,
the same as for the bridging forecasts).
To assess whether it is overall beneficial to merge the

calibration and bridging forecasts, we plot the count of
grid cells where CRPS skill score thresholds are exceeded
and compare the results for calibration, bridging, and
merged calibration and bridging forecasts (Fig. 4). We
consider all seasons at once, therefore, higher counts
represent a higher regional and seasonal coverage of

skill. The merged calibration and bridging forecasts have
the overall highest coverage of skill, and the calibration
forecasts have the overall lowest coverage of skill.
For CRPS skill score thresholds of 15 and above, the
bridging forecasts and the merged calibration and bridg-
ing forecasts have an overall similar coverage of skill.

d. Reliability and sharpness of merged calibration
and bridging forecasts

The overall reliability and sharpness of the merged
calibration and bridging forecasts are visually assessed
using an attributes diagram (Fig. 5). We check the con-
sistency of forecast probabilities of exceeding the ob-
served climatological median with observed relative
frequencies of occurrence. For this analysis, all forecasts
for all grid cells and seasons have been pooled. Re-
ferring to Fig. 5, the forecast probabilities have been
binned into bins of width 0.1. The plotting points for the
x axis are the average forecast probabilities within each
bin. The plotting points on the y axis are the observed
relative frequencies. The size of the dots represents the

FIG. 1. Three-consecutive-months–seasonal CRPS skill scores for FMA 1980 to JFM 2012
calibration forecasts at a lead time of 1 month.
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proportion of forecasts in the bin and, therefore, fore-
cast sharpness. For perfect forecasts, that is if the fore-
casts predicted the correct category for every event
with absolute certainty, then we would have two points
on the chart; one at the top-right corner and one at the
bottom-left corner. However, reliable forecasts are still
possible when there is considerable uncertainty. The
forecast probabilities in the four central bins are rea-
sonably consistent with observed relative frequencies of
occurrence, as indicated by the centers of the dots be-
ing positioned close to the 1:1 line, suggesting that the
forecast probabilities are reliable. For more emphatic
forecasts, the centers of the dots deviate slightly from
the 1:1 line, suggesting that the forecast probabilities
are a little overly emphatic compared to the observed
frequencies. However, all of the points lie within the
shaded area.
Focusing on forecast sharpness, we observe that the

forecast probabilities are clustered toward the climato-
logical probability and there are relatively few events
with emphatic probabilities. Given the overall low-to-
moderate skill of seasonal forecasting (Figs. 1–3), the
lack of forecast sharpness is expected.

e. Comparison to the approach of correcting
the ensemble mean

The Bayesian calibration and forecast merging meth-
odologies employed in this study are sophisticated. It is,
therefore, reasonable to ask how well this approach
compares to a simpler approach. We now present the
results for the approach of applying a mean correction
to the raw forecast ensembles. Following a leave-three-
years-out cross-validation sequence, we adjust eachM2.4
raw forecast ensemble by subtracting the error between
the M2.4 climatological mean (from hindcasts) and the
observed climatological mean. We apply the same cor-
rection to all ensemble members, after pooling the 33
ensemble members of M2.4a, b, and c. The aim of the
mean correction is to correct systematic biases only. It
does not adjust ensemble spread.
One disadvantage of the mean-correction approach is

that is does not allow us to incorporate bridging, which
has already been shown to improve the skill over cali-
bration. It is a correction of POAMA rainfall only. The
leave-three-years-out cross-validation CRPS skill scores
for FMA 1980 to JFM 2012 are mapped in Fig. 6. Again,

FIG. 2. As in Fig. 1, but for bridging forecasts.

MAY 2014 S CHEPEN ET AL . 1765

�����0/��1���/�����47�24��/������ ���� ��� �	���





there is one panel for each season, and the average skill
score for the season is written in the bottom-left corner.
In many regions and seasons, the CRPS skill scores of
the mean-corrected forecasts are sharply negative, less
than 210. For all seasons except JFM and MAM, the
average skill score is negative. The skill maps for the
BJP calibration and bridging forecasts (Figs. 1–3) are
not afflicted by severe negative skill scores as is the case
with the mean corrected forecasts. One of the reasons
for this is that the BJP modeling approach is designed
to produce climatological forecasts in the absence of
forecasting skill.
The overall reliability and sharpness of the mean-

corrected forecasts are visually assessed using an attri-
butes diagram (Fig. 7). The forecast probabilities are not
consistent with observed outcomes, as indicated by the
centers of the dots deviating from the 1:1 line, suggesting
that the forecast probabilities are not reliable. In many
cases, the centers of the dots lie outside the shaded skill
area. When comparing with the reliability of the merged
calibration and bridging forecasts (Fig. 5), the reliability
of the mean-corrected forecasts is poor. Even though
the mean-correction approach leads to a sharper forecasts

and a higher proportion of more emphatic forecast
probabilities, reliability is compromised. This is evident
by the probabilities not being consistent with the ob-
served relative frequencies of occurrence. Through this
comparison, the calibration and bridging forecasts are
seen to represent a significant improvement over the
mean corrected forecasts.

5. Discussion

To determine exactly why the calibration models tend
to be more skillful in the first half of the year and why
bridging models tend to be more skillful in the second
half of the year would require detailed investigations
of POAMA’s ability to simulate well-known physical
mechanisms that have an impact on Australian rain-
fall. Research in this area is ongoing (Lim et al. 2009;
Marshall et al. 2011a,b, 2012; Zhao and Hendon 2009),
but to elaborate by way of example, consider SON–OND
rainfall in southeastern Australia, which is known to
have a physical link to the Indian Ocean circulation
through a sequence of Rossby wave trains (Cai et al.
2011). The statistical relationship between the IOD and

FIG. 3. As in Fig. 1, but for merged calibration and bridging forecasts.
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southeastern Australian spring rainfall is well known
(e.g., Schepen et al. 2012b; Risbey et al. 2009). If POAMA
fails to correctly simulate Indian Ocean variability and/
or fails to correctly propagate the Rossby wave trains,
then the atmospheric convection over southeastern
Australia may not be modeled properly. Consequently,
calibration forecasts could have limited skill due to
limited skill of the underlying raw POAMA forecasts.
Further to the point, if the IOD is well forecast by
POAMA, then bridging forecasts could be expected to
have skill by virtue of the simple statistical relationship.
We do not delve deeper into understanding the physics
here; suffice to say, much of the skill in bridging models
in northern and eastern Australia in the second half of
the year can be attributed to strong statistical relation-
ships of the rainfall with the ENSO (e.g., Risbey et al.
2009; Schepen et al. 2012b). The expected future im-
provements to POAMA’s physics, initialization scheme,
and parameterizations can only improve the skill of the
calibration models, whether through spatial correction
of large-scale features or improved modeling of local-
ized rainfall effects.
The results show that overall more skillful forecasts

can be obtained by choosing a combination of calibra-
tion and bridging as a forecast strategy.While themerged
calibration and bridging forecasts are overall more skill-
ful than the calibration or bridging forecasts, when con-
sidering all seasons, it is noted that overall higher skill
scores would be achieved if, say, calibration models are
used for the first half of the year and bridgingmodels are

used for the second half of the year. The downside to
this strategy is that the reasoning for such a strategy
may be difficult to communicate. Also, a more consis-
tent, objective approach is expected to lead to better
results in the long run. In this respect, merging cali-
bration and bridging forecasts for all seasons is a better
strategy, as the BMA will automatically favor the his-
torically better performing models in each region and
season.
The results shown here are based on leave-three-years-

out cross validation. To ensure independent events were
reserved for verification, we inferred model weights
based on howwell the models reforecast the events used
to fit the models. For forecasting new events, cross-
validation predictive densities could be used to infer the
weights as in Wang et al. (2012b) instead of the fitted
predictive densities, so that the weights reflect more the
predictive abilities of the models.
The BMA approach is used in this study for merging

forecasts from multiple calibration and bridging models
and is shown to be effective. The approach can be easily
used to incorporate other international GCMs (e.g.,
from the European Centre for Medium-RangeWeather
Forecasts), which may perform better in certain sea-
sons and/or regions. This will be studied in our future
research.

FIG. 4. Counts of grid cells where a range of CRPS skill score
levels are exceeded for calibration forecasts (red), bridging models
(blue), and merged calibration and bridging forecasts (green).
Higher counts indicate a greater regional and seasonal coverage
of skill.

FIG. 5. Attributes diagram for merged calibration and bridging
forecasts of probability of exceeding the observed climatological
median at a lead time of 1 month. Forecasts for all grid cells and
seasons FMA 1980 to JFM 2012 have been pooled. Forecast
probabilities have been binned with width 0.1. The dot size and
corresponding written percentages depict forecast sharpness as the
proportion of forecasts in each bin.
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6. Conclusions

We have applied Bayesian joint probability model-
ing and Bayesian model averaging (BJP–BMA) to im-
prove seasonal forecasts of Australian seasonal rainfall
through statistical calibration and bridging of POAMA
(version M2.4) coupled GCM outputs. Calibration of
seasonal rainfall amount accounts for systematic errors that
cause raw forecast ensembles to be biased and statistically
unreliable. When compared to simple bias correction
methods, such as mean correction, BJP–BMA calibration
has been shown to markedly improve forecast accuracy as
measured by theCRPS skill score. The skill scores obtained
through calibration alone, however, are modest, and in
many regions there is little or no skill. Including bridging
models in the BMA has been shown to improve the re-
gional and seasonal coverage of higher CRPS skill scores.
In general, the calibration forecasts are more skillful

in the first half of the year, whereas the bridging fore-
casts are more skillful in the second half of year, al-
though there are seasons and regions where calibration
and bridging perform similarly. Because the calibration
and bridging forecasts each have some unique ability
to forecast Australian seasonal rainfall, overall the most

skillful forecasts can be achieved by merging all cali-
bration and bridging forecasts.
For the merged calibration and bridging forecasts,

forecast probabilities of exceeding the observed

FIG. 6. As in Fig. 1, but for mean-corrected forecasts.

FIG. 7. As in Fig. 5, but for mean-corrected forecasts.
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climatological median are mostly consistent with ob-
served outcomes although extreme forecast probabilities
exhibit compromised forecast reliability. When compared
to the reliability of mean-corrected forecasts, the BJP–
BMA forecasts show significantly improved reliability.
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