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ABSTRACT

Much of Australia regularly experiences extremes of drought and flooding, with high variability in
rainfall in many regions of the continent. Development of reliable and accurate medium-term rainfall
forecasts is important, particularly for agriculture. Monthly rainfall forecasts 12 months in advance
were made with artificial neural networks (ANNs), a form of artificial intelligence, for the locations
of Bathurst Deniliquin, and Miles, which are agricultural hubs in the Murray Darling Basin, in south-
eastern Australia. Two different approaches were used for the optimisation of the ANN models. In the
first, all months in each calendar year were optimised together, while in the second approach, rainfall
forecasts for each month of the year were made individually. For each of the three locations for most
months, higher forecast skill scores were achieved using single-month optimizations. In the case of
Bathurst, however, for the months of November and December, the root mean square error (RMSE) for
all-month optimisation was lower than for single-month optimisation. The best overall rainfall forecasts
for each site were obtained by generating a composite of the two approaches, selecting the forecast for
each month with the lowest forecast errors. Composite model skill score levels of at least 40% above
that of climatology were achieved for all three locations, whereas skill level derived from forecasts
using general circulation models is generally only comparable to climatology at the long-lead time of
8 months.
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1 INTRODUCTION

The Murray Darling Basin (MDB) covers 1,059,000 square kilometres, or 14% of Australia’s
land area, and contains a large proportion (65%) of the irrigated land. The MDB accounts for
more than half of Australia’s total water use, of which more than 80% is used by agricultural
industries [1], generating nearly 40% of the value of agricultural production of Australia.
Over the past several decades, competing requirements of agriculture and the environment
have led to difficulties in formulating water policies for the region [2, 3]. This issue is exac-
erbated because the natural climate of the region is characterized by periods of extreme
drought, followed by periods of heavy rainfall [4]. It would be beneficial for both policy mak-
ers and farmers if more accurate medium-term rainfall forecasts were available, particularly
at long lead times [5-8]. However, most attempts to forecast rainfall with long lead times
have resulted in models with poor predictive skill [9, 10] often only comparable to, or below,
climatology.

Two principle approaches have been applied to medium-term rainfall forecasting: statisti-
cal models [11, 12] and general circulation models (GCMs) [13]. These approaches have
been more commonly used to produce seasonal forecasts, and less extensively for monthly
rainfall forecasts. Statistical models typically use a set of lagged input variables to compute
desired output rainfall, usually large-scale climate variables or indices [14—17].
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Artificial neural networks (ANN), a form of machine learning, can be classified as a type
of statistical model that offers several important advantages over the more simple statistical
models traditionally used. ANNs have the capacity to accommodate non-linear relationships,
and the flexibility in testing multiple inputs, particularly where their influences may be due to
combinations of drivers that interact in poorly understood ways. Preliminary research sug-
gests ANNSs have the potential to produce skilful seasonal and monthly rainfall forecasts in
many parts of the world [18, 19] including Australia [20-23]. Forecasts from GCMs, how-
ever, are used to produce the operational medium-term rainfall forecasts issued by the
Australian Bureau of Meteorology (BOM), despite evidence that these forecasts are typically
less skilful, and despite substantial efforts to enhance performance over many years [24, 25].

Currently operational medium-term seasonal rainfall forecasts issued by the BOM use out-
put from a GCM, the Predictive Ocean Atmosphere Model for Australia (POAMA) [10, 13].
Prior to May 2013, operational rainfall forecasts generated by the BOM were produced by
simple statistical models that used only four input values for the entire continent. These inputs
were derived from two lagged sea surface temperatures, SST1 and SST2 [11, 12] relating to
the Pacific and Indian oceans respectively. Both of these sea surface temperature model inputs
were lagged by one and three months. In reviewing the performance of this simple statistical
model, Fawcett and Stone [12] described the skill level demonstrated for seasonal rainfall
forecasting as “only moderate, better than climatology or randomly guessed forecasts”.

Risbey et al. [16] examined concurrent relationships between seasonal rainfall over Aus-
tralia with individual ENSO-related drivers additional to Southern Oscillation Index (SOI),
including the ENSO Modokai Index (EMI) Niiio 3, Nifio 3.4 and Nifio 4, which are all meas-
ures of sea surface temperature (SST) difference in the equatorial Pacific. Other non-ENSO
indices considered were the Indian Ocean Dipole (DMI), the Southern Annular Mode (SAM)
and the Madden-Jullian Oscillation (MJO). Risby ef al. [16] found that analysis based on
linear correlations between rainfall and individual drivers could only generate crude indica-
tions of the relative importance of individual climate indices, and did not account for possible
interactions. Nevertheless, their results indicate which individual driver might be more sig-
nificant for determination of seasonal rainfall throughout Australia. SOI was most the
influential in northern parts of Queensland. For south east Queensland, the identity of the
dominant index was more variable, and depended on the season. Many other studies have
reported on the relationships of ENSO-related indices to rainfall in eastern Australia [15,
26-28]. There is also evidence that the relationship between ENSO and rainfall is modulated
by the phases of the Inter-decadal Pacific Oscillation (IPO) [29-31] and when the [PO is in a
negative phase, the impact of ENSO on rainfall is enhanced [32].

A strong concurrent relationship between rainfall and a particular input variable does not
necessarily translate into a strong lagged relationship [14]. It is lagged relationships that are
essential for forecasting. Chiew ef al. [33] examined linear correlations between rainfall and
ENSO indices (SOI and SSTs) for the Queensland region, including lagged relationships.
The strongest linear correlations, r above 0.4, were found for spring rainfall. The geographi-
cal coverage and intensity of the strongest correlations declined as lags were progressively
increased from O to 1, 2 and 3 months. Correlations with summer rainfall were less expansive
geographically, and these also diminished with lag time. Kirono et al. [34] investigated linear
correlations between 12 individual climate indices, lagged for 1 or 2 months, and seasonal
rainfall across Australia including SOI, Nifio 3, Nifio 4, DMI, SAM. Results for south-east
Queensland exhibited the sporadic influence of individual lagged climate indices.
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Schepen et al. [14] estimated the influence of 13 individual lagged climate indices on sea-
sonal rainfall for geographical grid areas across Australia. The indices studied included SOI,
Nifio 3, Nifio 3.4, Nifio 4, DMI, EMI, and also the Indian Ocean East Pole index (EPI) at lag
periods of 1, 2 and 3 months. The variability in the strengths of relationships between lagged
climate indices, and rainfall was calculated by using the pseudo-Bayes factor that can accom-
modate non-linear relationships. This factor is probably more useful in providing a measure
of the strength of rainfall-input relationships than the Pearson correlation coefficient (r).
However, evaluations using the pseudo-Bayes factor are still potentially limited in that they
evaluate each rainfall-input relationship in isolation from the effect of other inputs. This may
not give a true indication of a specific input’s influence when introduced in combinations
with other inputs.

This study builds on a previous investigation using ANNs [35] where monthly rainfall
forecasts were made for Miles in Queensland with lead times between 1 and 9 months. In this
study, two additional sites in the Murray Darling are considered, Bathurst and Deniliquin,
both in New South Wales. This study also presents results for optimisation of ANNs for indi-
vidual months, whereas the previous study was limited to optimisation of all months together.

2 DATA AND METHODS
The three stations forecasted for in this study included Bathurst Agricultural Station,
Denilquin, and Miles Post Office all of which began collecting data in 1908, 1858, and 1885
(respectively). Each site is also in close proximity to a 250 km x 250 km grid area where
comparative monthly forecasts have been published using the GCM POAMA [10].
Each location is still operating as a weather station today, and data from these stations
located within the Murray Darling Basin (Fig. 1) was used in the ANNSs.
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Figure 1: Map showing locations of Bathurst, Deniliquin and Miles within the Murray
Darling Basin.
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Local minimum and maximum temperatures and a set of climate indices were input as
monthly values to the ANNs. Previous investigations have shown that local temperatures and
rainfall contribute as significant inputs to monthly rainfall forecasts for eastern Australia [20].
The climate indices used as inputs were the SOI, DMI, Nifio 4, Nifio 3.4, Nifio 3, Nifio 1.2
and the IPO. As discussed above, each of these has been shown to have potential value as a
predictor of future rainfall over eastern Australia, and because monthly values are available
over a long historical period extending back as far as the observational rainfall records con-
sidered. Other climate indices that may be influential in the prediction of rainfall in south-east
Australia were not used as inputs in this study because their availability is restricted to a
shorter time period. For example, monthly values of the SAM are only available from the
Climate Explorer website from 1957 onwards, whereas the other inputs used extend back for
more than a century. The forecasts were run with the full set of inputs, and also local rainfall,
with each lagged up to 12 months.

The total input data sets of monthly data used comprised: Bathurst (July 1909 to June
2014); Deniliquin (January 1877 to June 2014); Miles (January 1888 to July 2011), (Table 1).
The dataset considered for Miles was taken to mid-2011 because of gaps in the corresponding
temperature series. For each site, the data were divided into training (75%), evaluation (15%)
and test sets (10%). Test data sets used in training were not used in testing.

Values for DMI and the four Nifio indices were sourced from the Royal Netherlands Mete-
orological Institute Climate Explorer — a web application that is part of the World
Meteorological Organisation and European Climate Assessment and Dataset project. Values
for IPO were provided by the UK Met Office. Values of SOI, and also local minimum and
maximum temperatures, were obtained from from the Australian Bureau of Meteorology.

All of the above climate indices with local rainfall and temperatures were provided as
input to Neurosolutions Infinity software and used to build ANN models. Many different
architectures of ANNs have been used to make forecasts of rainfall [18-23]. A common
approach in the selection of an ANN architecture is through simple trial and error of can-
didate models [20-23] using a limited set of input data, and select the ANN that produced
the minimum error. This model is then applied in the investigation with all the data input
sets. This selection process can be a very time-consuming. The recently available software
Neurosolutions Infinity gives access to many different ANN architectures, but has the facil-

Table 1: Initial input data sets used for ANN models and sources.

Input Lags (months) Source

Rainfall 12-24 Australian BOM
Maximum Temperature 12-24 Australian BOM
Minimum Temperature 12-24 Australian BOM
SOI 12-24 Australian BOM
PO 12-24 UK Met Office
DMI 12-24 Climate Explorer
Nino 1.2 12-24 Climate Explorer
Nino 3 12-24 Climate Explorer
Nino 4 12-24 Climate Explorer

Nino 3,4 12-24 Climate Explorer
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ity to automate both selections of ANN architecture and input data. This offers a great
advantage in terms of arriving at an optimum ANN configuration for every data set of inter-
est without a prohibitive time outlay. The Infinity program uses a pre-set formula
incorporating RMSE, mean absolute error (MAE) and correlation coefficient (r) to evaluate
the accuracy for each neural network model and a corresponding set of selected inputs
tested. Based on this formula, the program determines which ANN model and set of inputs
is optimal. For the datasets used in this investigation, the optimal ANN configuration auto-
matically selected by Neurosolutions Infinity was a probabilistic neural network (PNN). A
PNN has four layers, an input layer, one hidden layer, a summation layer and an output
layer. Each attribute considered was lagged up to 12 months. The data were divided into
training (75%), evaluation (15%) and test sets (10%). RMSE and Pearson correlation coef-
ficients are used to compare the skill of rainfall forecasts generated by the ANNs, POAMA
and also climatology [20, 36].

Two approaches were used for ANN optimization. With the first approach, designated as
“all-month optimization”, data for all 12 months of the year was included as input and opti-
mised together, as in our previous studies [10, 11]. With the second approach, designated as
“single-month optimisation”, forecasts corresponding to each calendar month were per-
formed individually, so that 12 optimisations were carried out to produce forecasts for the
entire year.

Equation (1) was applied to give a forecast skill score relative to climatology:

[RMSE (climatology) — RMSE (model)]
RMSE (climatology)

Skill score = *100% (D

This is analogous to an equation used in studies where a skill score has been calculated for
forecasts based on POAMA [10]. Applying this equation, it follows that if the calculated
values of RMSE from climatology and for a particular model are equal, the forecast skill
score will be zero. For a perfect model forecast, the RMSE for the model will be zero, and the
calculated skill score will be 100%. Any negative values calculated from eqn (1) indicate a
forecast skill score below that of climatology.

3 RESULTS AND DISCUSSION

Optimizations performed with Neurosolutions Infinity software to generate forecasts at the
three sites produced optimised models regarding both the neural network architecture and the
associated inputs. In each case, there were initially 120 lagged input variables available to
relate to each required output rainfall value (Table 1). In all cases, the fraction of these input
retained by the Infinity software in the optimised model was a small subset of the initial input
set made available, typically only 5% to 10%. This is illustrated for single-month optimisa-
tions for Deniliquin in Tables 2 and 3, where each numerical entry corresponds to the lag
period for the particular retained attribute.

RMSE values were calculated corresponding to each month of the year for test data using
(i) all-month optimisation and (ii) single-month optimisation for Bathurst (January 2005 to
June 2014), Deniliquin (July 2004 to June 2014) and Miles (August 2004 to July 2011)
respectively (Table 4). Inspection of these values shows that for each location, for the major-
ity of months, higher skill was achieved using the single-month optimisation. Only in the
case of Bathurst, for the forecast months of November and December did the all-month
method produces lower errors, while for Miles and Deniliquin the single-month optimisa-
tions produced lower errors for all 12 calendar months.
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Table 2: Retained input data for optimal neural networks for Deniliquin for single-month
optimizations (January to June).

Input Jan Feb Mar Apr May  Jun

Rainfall 12 12

Max T 20,22,24 19, 20,23 14,17 12,13, 16, 18,
21,23

Min T 19 17 12,22, 23

SOI 15,17, 18, 20

IPO 19 13,15, 18

DMI 13, 23,24

Nino 1.2 13, 14,24

Nino 3 12

Nino 4 13

Nino 3.4 12,13, 14

Table 3: Retained input data for optimal neural networks for Deniliquin for single-month
optimizations (July to December).

Input Jul Aug Sep Oct Nov Dec
Rainfall 21
Max T 12,13, 19 16 19, 20, 24

Min T 21 16 13, 15,21 16, 18, 24 15

SOI 12 17, 19, 20 13, 14
PO 12 15,19, 21 13,23
DMI 13, 15

Nino 1.2 16 14,21, 22 20, 21,24
Nino 3 23 24 14 16, 19 13
Nino 4 21 14, 16
Nino 3.4 12 14 13, 18

Composite forecasts were constructed by taking the best forecasts for each month from
both methods. Therefore, composite and single month forecasts for Miles and Deniliquin are
equivalent, whereas for Bathurst the composite forecast incorporates two months from the
all-month optimisation.

Values of forecast skill were calculated using eqn (1) for Bathurst, Deniliquin and Miles
corresponding to the composite forecasts (Table 5). Skill scores were above climatology for
all forecast months at each of the three locations. Average skill levels, relative to climatology,
in the range 42-48% are achievable for rainfall forecasts with 12 month lead time. Table 6
shows the corresponding Pearson correlation coefficients between observed and ANN fore-
cast rainfall are in the range 0.80 to 0.98.
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Table 4: Root mean square errors for monthly rainfall forecasts for Bathurst, Deniliquin and
Miles using all-month and single month optimisation.

All-month RMSE (mms) Single-month RMSE (mms)
Month Bathurst Deniliquin Miles Bathurst Deniliquin ~ Miles
January 27.0 13.8 37.9 11.4 11.8 31.5
February 23.7 28.1 43.8 19.5 9.4 28.8
March 34.2 30.8 35.5 31.1 7.8 30.3
April 214 16.3 243 12.5 12.2 14.2
May 22.5 19.5 27.1 7.9 13.2 15.2
June 25.8 17.3 57.6 15.7 20.1 28.7
July 19.5 11.5 21.8 13.1 7.5 11.8
August 21.3 20.0 294 15.5 9.4 19.0
September 355 17.1 28.2 18.5 14.4 12.6
October 24.5 21.1 28.2 22.4 11.2 16.7
November 36.2 16.1 33.7 47.9 16.8 13.0
December 36.2 17.0 55.7 38.7 9.3 44.8

Table 5: Forecast skill score (%) for rainfall forecasts at 12 months lead for Bathurst, Denil-
iquin and Miles using a neural network.

Month Bathurst Deniliquin Miles
January 70.4 35.9 42.3
February 50.8 71.3 332
March 41.5 80.6 42.9
April 59.2 229 35.1
May 60.7 433 37.6
June 29.3 574 45.4
July 36.4 17.9 53.8
August 56.3 534 34.6
September 44.6 18.7 62.3
October 39.2 66.3 50.6
November 42.8 35.4 31.8
December 454 67.8 49.0

Figures 2, 3 and 4 show plots of observed and forecast monthly rainfall for each site for the
composite for Bathurst, Deniliquin and Miles respectively. In each case the test period is
shown which corresponds to 10% of the total rainfall period used in the ANN model. Of
particular interest is the prominent forecast peak in January 2010/January 2011 for Miles in
Fig. 4, when extremely heavy rainfall was experienced in Queensland.
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Table 6: Correlation coefficients for rainfall forecasts at 12 months lead for Bathurst, Denil-
iquin and Miles using a neural network.

Month Bathurst Deniliquin Miles
January 0.96 0.96 0.94
February 0.92 0.97 0.80
March 0.89 0.98 0.90
April 0.92 0.91 0.83
May 0.97 0.91 0.94
June 0.84 0.94 0.87
July 0.94 0.94 0.72
August 0.98 0.95 0.80
September 0.96 0.94 0.96
October 0.77 0.98 0.91
November 0.89 0.84 0.90
December 0.99 0.98 0.88
250
=== (bserved
200 Composite ANN Forecast
g
E 150
=
E 100
<
&
50
0
v nn O O > > 0 0 & O © O —~ —= N AN non <+
S O O O O O O O O O ™ ™ r— = = = = = -
EEEZE§555 53525282828
Date

Figure 2: Forecast and observed monthly rainfall for Bathurst using the composite neural
network. Test period January 2005 to June 2014.

In previous reported studies using ANNs to forecast monthly rainfall in Queensland [20-
23], the approach used was to optimise forecasts for the 12 calendar months together, for a
given set of inputs. This approach consistently produced results with better skill than either
climatology or POAMA. However, the present study shows that the monthly rainfall forecast
skill can in most instances be improved when individual months are optimised. This is
because single-month optimization enables the variability in the influence of specified lagged
climate indices at different times during the year to be considered [14].
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Figure 3: Forecast and observed monthly rainfall for Deniliquin using the composite neural
network. Test period July 2004 to June 2014.
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Figure 4: Forecast and observed monthly rainfall for Miles using the composite neural
network. Test period August 2004 to July 2011.

Ideally, the output from the ANNs would be compared directly with output from POAMA,
using identical lead times, locations and test periods. However, only very limited results from
POAMA have been made available by the BOM to enable comparative skill analysis. Com-
parisons based on the limited data directly provided by the BOM, and also published studies,
show that the ANN method has superior skill for monthly rainfall forecasting in the Murray
Darling Basin region of Australia at the long lead times of 12 months. Table 7 shows a com-
parison of results using a lead time of 12 months from this study using an ANN, with results
from POAMA at a lead time of 8 months. These results from POAMA corresponded to the
longest lead time available in the published literature. Bearing in mind that results from
POAMA generally decrease with longer lead times, so the comparison made is not biased
against the GCM. In particular, Table 7 shows that applying the composite ANN approach
gives skill levels above climatology for all 12 months of the year, with values between 22%
and 69%. In contrast, for forecasts derived from POAMA, results for 9 months of the year
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Table 7: Forecast skill as a percentage for monthly rainfall forecasts for Miles with reference
to climatology for the composite ANN model and POAMA. The test period was
August 2004 to December 2010.

Month ANN (lead 12 months) POAMA (lead 8 months)
January 30.2 6.0
February 22.2 -1.7
March 49.3 -6.3
April 39.3 -40.6
May 33.1 -5.9
June 43.3 -1.2
July 62.1 -34
August 30.6 0.0
September 69.0 2.0
October 43.0 -8.0
November 22.0 8.1
December 48.6 —-16.1

have skill levels at, or below, climatology, and results for 4 months have skill between 0 and
5%, with no results above 10%. Taking the averages over 12 months, the results from POAMA
have a skill level of —3.9% with reference to climatology, while the average for results from
the composite neural network is 42.5%.

The measure of the forecast skill score expressed in eqn (1) is analogous to the formula
applied by Hawthorne et al. [10] to evaluate monthly rainfall forecast skill using POAMA. In
that study, results for various lead times and 250km x 250km grid regions in Australia were
presented along a skill spectrum with reference to climatology based on RMSE, extending
between —20% and 20%. To facilitate quantitative forecast skill comparisons, those pub-
lished results have been translated into numerical ranges of values (Table 8). This gives the
number of calendar months of the year where the POAMA forecast skill falls into particular
ranges. Three geographical grid locations are considered, identified as H, E and G [10] as
these are in the geographical proximity of the three locations Bathurst, Deniliquin and Miles,
respectively.

Using the composite ANN model for Bathurst, all 12 forecast months showed a forecast
skill above climatology, with skill levels in the range 24% to 70%. The results from POAMA
for grid region H at 6 and 8 month lead, gave 7 and 8 months, respectively, with skill levels
below climatology (0%). Only 1 forecast month at lead 8 months lead reached the 16-20%
skill score level.

Using the composite neural network approach, for Miles with a lead time of 12 months,
Table 5 shows that all 12 forecast months have a skill above climatology, falling in the range
between 32% and 62%. In contrast, examining the results POAMA grid region E for lead
times of 6 and 8 months, there are 5 and 6 forecast months respectively where skill is below
climatology (0%), and only 1 forecast month where skill reaches the 16-20% level.

For Deniliquin, all 12 forecast months showed a forecast skill above climatology using the
composite model, with skill levels in the range 17% to 80%. In contrast, examining the results
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Table 8: Forecast skill scores for monthly rainfall for three different grid regions produced
by POAMA [10].

Skill relative to climatology (%)

Lead (months) -20to 0 Oto4 4t08 8to 12 12to 16 16 to 20

Grid region H (proximity to Bathurst)

8 8 1 0 0 2 1
6 7 2 1 1 1 0
0 6 0 2 1 1 2

Grid region G (proximity to Deniliquin)

8 9 2 1 0 0 0
6 7 2 1 2 0 0
0 4 4 1 3 0 0

Grid region E (proximity to Miles)

8 5 2 2 2 0 1
6 4 1 0 1 0
0 2 2 5 2 1 0

POAMA for grid region G for lead times of 6 and 8 months, there are 6 and 8 forecast months
respectively where skill is below climatology (0%), and no forecast months where skill
reaches the 16-20% level.

Shao and Li [9] reported results of a downscaling technique to produce monthly rainfall
forecasts for 35 sites in the Murray Darling basin based on results from POAMA 1.5 over the
period 1980-2006. The sites were concentrated in the region between Bathurst and Deni-
liquin. Detailed analysis of forecasts for individual sites was not reported, and forecast
accuracy reported only as correlation coefficients. For lead times of 1, 2 and 3 months the
mean correlations between observed and downscaled monthly rainfall were: 0.381, 0.287 and
0.192 respectively. Correlations for individual months fell in the range between 0.1 and 0.6.
This can be contrasted with correlation coefficients for the composite neural network
approach in Table 3, where correlation coefficients fall in the range from 0.80 to 0.98. These
results suggest that the predictive skill of POAMA for monthly rainfall is very low, particu-
larly at long lead times.

The demonstrated skill of GCMs in predicting seasonal or monthly rainfall is low for many
regions of the world including India, the United States and Australia [37-40] often with little
enhancement in forecast skill above climatology. A number of different approaches have
been investigated to improve the skill of GCMs in predicting rainfall, including using
weighted multi-model ensembles [41] and developing hybrid statistical models [42-44].
Post-processing of the output of the GCM POAMA using statistical models has been reported
in attempting to improve skill of rainfall forecasts for Australia [39, 40].

Operational seasonal rainfall is currently produced by the BOM in Australia, use a combi-
nation of dynamical and statistical modeling. The dynamical model used is POAMA [40],
while the statistical model makes use of the climate variables derived from POAMA [45].
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Effectively, this amounts to using the GCM to forecast parameters, particularly concurrent
large scale climate indices, such as sea surface temperatures, for the input statistical model.
While this approach may have some merit, the question then arises as to whether the input
parameters generated by the GCM might be generated more skilfully using a statistical model
such as a neural network, rather than the GCM. Halide and Ridd [46] have suggested that,
despite their complexity and the superior computational power of the super computers used
to run them, GCMs are no better at forecasting parameters associated with ENSO than very
simple statistical models. It has been shown [47] that forecasts of the Nifio indices can be
performed more skilfully by ANNs than by GCMs, and do not suffer from the limitations
imposed by the “Spring Predictability Barrier” [48, 49].

In addition to the low skill in the operational seasonal rainfall [44] forecasts generated by
the BOM, there are a number of other important issues regarding the form in which the fore-
casts are provided to the public. The operational seasonal forecasts are provided to the public
only in a probabilistic, as opposed to a deterministic form. This means the information pro-
vided is only the probability that rainfall will be above the median value, rather than as a
quantitative estimate of the rainfall to be anticipated. Surveys have shown that end-users of
probabilistic forecasts, such as farmers, often find this concept difficult to interpret and apply
in practical terms [50]. For example, a forecast that there is a probability of 60% that rainfall
will be above median gives limited information about the amount of rainfall to anticipate —
the forecast is very limited because it does not differentiate between, for example, being 1%
higher than the median or 400% higher than the median.

This shortcoming in probabilistic operational forecasts can be illustrated with a recent
example, In May 2016 the BOM issued a 3 month rainfall forecast for Australia [51] indicat-
ing that there was a 70-80% chance of above median rainfall over much of the Murray
Darling Basin during the period June to August 2016. This would have delighted many farm-
ers in the region, who would have enthusiastically planted their crops with the expectation of
bumper harvests, following years of comparative drought and widespread depression in farm-
ing communities. In fact, record rainfalls in the three month forecast period in parts of the
MDB caused extensive flooding, washing away about 30% winter crops such as wheat, bar-
ley and chickpeas. The New South Wales Department of Primary Industries (DPI) said it had
been the third wettest winter on record [52]. The extreme rainfall resulted in extensive flood-
ing leaving the town of Deniliquin devastated [53]. Although it can be argued the BOM
operational seasonal forecast was “correct” it did not provide the information many end-users
required to make appropriate decisions regarding crop management.

Other limitations on the operational forecasts are the comparatively long duration (sea-
sonal as opposed to monthly) and the short forecast lead times (limited to the next three
months). The ANN approach, in contrast, is very flexible in generating forecast with different
forecast periods and lead times to suit the need of different end-users. Output from the GCM
also corresponds to large geographical areas corresponding to grid areas of 250 km x 250 km,
rather than more localised forecasts that are easily generated by the ANN approach.

4 CONCLUSION
This study builds on previous investigations that used ANNs for monthly rainfall forecasting
with lead-times up to three months [19-21]. This study indicates that it is possible to make
skilful monthly rainfall forecasts with a 12 month lead time for locations in the Murray
Darling Basin. Our previous approach of forecasting has also been refined by examining the
skill corresponding to the optimization of individual months, as well as the overall
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performance of multi-month optimization. In the majority of cases, forecast skill using the
“single-month” optimisation is higher than the “all-month” optimisation. A composite fore-
cast was constructed for each site by taking the best results from each method.

Comparisons of the predictive skill of the composite ANN model with rainfall forecasts
derived from the GCM POAMA show that the ANN approach has significantly superior skill
at the three locations in the Murray Darling Basin investigated. At the long lead time of
12 months the ANN approach has skill of 40% above that of climatology, whereas skill levels
derived from forecasts using POAMA at long lead times are generally only comparable to
climatology (Tables 4 and 7). There remains scope for future improvement, for example,
through the introduction of other input parameters that have been associated with rainfall,
such as blocking [16] and SAM [16, 34], although there may be an offsetting impact of
increased numbers of attributes against shorter data sets due to more limited availability of
historical values.

Despite intensive research efforts and heavy investment over the past two decades, the skill
of operational rainfall forecasts reliant on the GCM POAMA remains low, and provides
information in a format that is often not useful to the public. This study and others show that
more skilful rainfall forecasts can be generated using ANNs, and these have flexibility in
forecast periods and lead times. Recognising that GCMs perform poorly in prediction of
rainfall, much of the recent efforts have been directed towards skill improvement by combin-
ing their output with statistical models. Although some improvement in skill has resulted, it
may now be time to accept that the public would be better served by developing medium-term
rainfall forecasts focussing on machine leaning and artificial intelligence technologies such
as neural networks.
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