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Abstract

Reports show a necessity for measuring spatial water availability to manage the problem of
water scarcity with rising per capita water demand. The ever-increasing demand for water is
being enforced by mounting agricultural food demand to cope with an increasing population
and industrial development. The nature of water cycle determines water availability and is
influenced by climate variability. Irrespective of the scale, agriculture, which is accounted to
be the highest water consumer in the world, is obviously affected by climate variability.
Characteristics of climate variability such as El-Niño southern oscillation, Indian Ocean
Dipole, inter-tropical convergence zone, and other known circulations and attributes found
in oceans, are connected with local and global precipitation. In particular, changing climate
features in the surface of the Pacific Ocean (PO) drive a massive quantity of water vapour
into the atmosphere, creating clouds that in turn deliver precipitation. This results in
variation influencing agriculture around the world, not least within neighbouring Australia,
in particular, the eastern and northern parts of Australia (ENA), and the Murrumbidgee
Catchment (MC). Analysis revealed that PO climate variability is highly responsible for
rainfall in the ENA, which covers about half of Australia and directly faces the west part of
PO. These climate patterns are mostly based on the effect of PO surface diverse sea surface
temperature (SST), turbulence and wind vector above the sea surface etc., which contribute
to form water vapour and clouds, and other climate conditions in the atmosphere. When
water vapour, in the form of total precipitable water (TPW) and cloud liquid water content
(CLWC), is subjected to particular conditions such as cloud top air temperature (CTAT) and
cloud top air pressure (CTAP), rainfall occurs. Therefore, TPW, CLWC, CTAT and CTAP in the
atmosphere over PO have been considered to carry PO Surface (POS) climate variability to
the ENA.
The MC, which is about 1.1% of Australia in size, is situated in southern New South Wales
(part of ENA), would not be considered separately in the context of the Australian climate
that experiences Pacific and other oceanic influences. Water availability and the rainfall
variability is heavily connected to the water cycle: vaporisation, cloud formation,
condensation and precipitation. Precipitation, which is a major source of water availability
xxv

for human requirements, varies spatially and temporally, within MC, ENA and Australia as
well as other parts of the world.
Agricultural production in the MC, which contributes a considerable amount to the
Australian economy by producing 25% of fruits and vegetables and 50% of rice, mainly from
irrigated agriculture, is encased in the issues related to water availability that oscillate
between long-term droughts and floods. A consequence of the highly variable climate in the
catchment is the damage to crops and yields as well as the discouragement of farmers and
growers in the region. Streamlined research is focussing on how the POS climate variability
impacts rainfall variability across the MC and ENA via the atmosphere. Delivering the PO
effect on the MC is a time delay exercise, which involves evaporation from the PO,
atmospheric condensation in the west PO producing rainfalls to the ENA, then extraction of
rainfalls for the MC from the ENA. This has been itemised into three model components,
POS2ATMOS, ATMOS2ENA and ENA2MC. Sea surface temperature (SST), wind vector,
surface air temperature and related energies of the PO surface add moisture to the air
parcels in the atmosphere experiencing atmospheric circulations, making clouds and water
vapours in the stratosphere. The model developed for this component has been considered
to be in two-months delay. The intermediate model developed for atmospheric TPW and
CLWC under the conditions of CTAT and CTAP of the west PO to distribute rainfalls in the
ENA, is considered as being one month lagged and finally, MC’s rainfall variability could be
estimated from ENA rainfall with obviously no delay by a downscaling model. Therefore, the
overall delay in delivering PO surface effect on both the ENA and MC has been three months
in total.
The three models were developed using artificial intelligence (AI) rather than physical
properties because to undertake the latter would have been a massive project far beyond
the scale of this research. Instead, AI’s artificial neural network, which has capabilities in
generalisation, adaptation and non-linearity in modelling, has provided promising results in
this research.
The relationship between November POS climate variability and January TPW, CLWC, CTAT
and CTAP was found to be significant, having 0.99, 0.96, 0.82 and 0.95 correlation
coefficients with high performance measures showing AI’s forecasting capability for
xxvi

atmospheric variability. The position of the POS has been the most influential variable, with
SST, surface air temperature and the meridional wind component being the next level
prominent inputs for this particular model.
January atmospheric variability in the ENA selected coastal region (ENA-SCR) was found to
be forecasting February ENA rainfall as high, such as 0.92 correlation coefficients in this
case, with promising performance measure. All participated variables were important in
both POS2ATMOS and ATMOS2ENA models that could provide a facility to forecast ENA
rainfall variability for the month of February from three months lagged (November month)
POS variability. The most predominant inputs were the distance between ENA and ENA-SCR,
and CTAP.
No direct relationship was found between rainfall of ENA and MC (unlike in two previous
relationships between PO and atmosphere), and ENA-SCR and ENA rainfall. In the middle of
the analysis, MC rainfall was found to be strongly linked to its landscape in terms of
elevation and it was found to be true for all the months. It was also discovered that certain
patterns have existed in ENA rainfall distributions. Those were quantified by introducing
partial rainfall patterns, giving rise to the downscaling model.
As mentioned, MC rainfall distribution in February was found to be 99.6% correlated with its
landscape (elevation), which became the natural weight matrix for downscaling MC rainfall.
It was interesting to reveal that ENA partial rainfalls weighted by MC elevation were the
dominating inputs downscaling MC total and partial rainfalls for all the months. Downscaling
relationship for the month of February was at 0.97, 0.77, 0.95, 0.87 and 0.93 for MC total
rainfall, four partial variables, respectively, indicating the forecasting significance of the
model.
Combination of all the above models could deliver POS climate variability effect on MC’s
February total rainfall variability with great success and there are twelve such combinations
available for all months. Furthermore, these models have opened pathways to forecast
three months' lagged extreme and moderate rainfall events in MC from the effect of POS.
Therefore, this project facilitates the farmers and irrigators to optimise agricultural
production and to improve their economic benefits by providing them prior knowledge
about the partiality of rainfall conditions. From the combination of ENA partial rainfalls and
xxvii

MC elevation, the latter stipulates possible drought or moderate and high flood levels in
advance, enabling facility for climate adaptation.
Ultimately, a single Bayesian model has also been proposed encapsulating the results of
these three models as a future research project.
Eleven additional sets of polymorphic versions developed from the three models, predicting
MC rainfall variability for the other eleven months, demonstrate promising results, as
depicted in Appendices II and III. This completes forecasting MC rainfall variability from the
POS effect in advance of three months, making it available for all the months of the year and
ultimately benefiting the farmers of the MC.
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Chapter 1 – Introduction

1.1

Overview

Water is the primary and most essential requirement for the existence of life. By 2025, it is
estimated that about 60% of the world's population could be living in areas experiencing
moderate to extreme global Water Resource-based Vulnerability (WRV), which has been
created by four factors: population growth, food self-sufficiency, industrial development
and climate change (Kulshreshtha, 1998). For example, the 2009 global annual population
increase has been reported as 83 million (McDougall and Guillebaud, 2010). As the global
population growth rate increases, the water demand also increases across. The water
demand has been estimated to increase by 50% in 2030 and 70% in 2050 as summarised in
the 2014 Water and Food security report. Many scientists suggest that water valuation is
needed to cope with the increasing water demand and scarcity, and the effect of changing
climate conditions that are not favourable towards water availability and rainfall. Such
entities - water valuation, demand, scarcity, availability and rainfall etc., are issues in all
geographical scales: world, continent, country, region, catchment and local.
Water is received from different sources, mainly from rainfall, snowfall and melting ice.
Given the ocean holds and exchanges a significant amount of heat energy with the
atmosphere, a reasonable amount of water is received from 10% of the evaporated ocean
water that falls on land (Jackson et al., 2001). Similarly, many researchers have shown that
oceanic climate variability and energy have influenced climate conditions on land.
The most climatically influential ocean is Pacific Ocean, which covers about 28% of the
global surface1 and in itself is larger than the total land area of the world. The Pacific Ocean,
which is the largest water body on the earth accounting for about 50% of the total volume
of the earth’s water (Eakins and Sharman, 2010), holds the largest amount of energy. This

1

https://www.cia.gov/library/publications/the-world-factbook/geos/zn.html (10 Jan 2014)
1

energy drives the climate variability significantly, affecting surrounding countries and
extending across the world.
A mechanistic teleconnection is a dynamical relationship between various climatologic
processes that occur in one region and their influences in other regions. El Nino/Southern
Oscillation (ENSO), although has shown no correlation with solar radiation (Wang et al.,
2004), seems to be an important phenomenon that affects climate teleconnection around the
globe. Liu and Alexander (2007) mentioned that the climatic effects of teleconnections,

other than ENSO’s impact, remain speculative, and, in most cases, they are not yet well
quantified. There can be other teleconnections established based on non-physical
technologies such as statistics. For example, Shaman et al., (2011) used a forcing function
incorporated into a mechanistic teleconnection equation (using barotropic vorticity) to
show increased south-western European precipitation during El Nino, particularly over
Iberia. Researchers further indicated that there have been numerous studies for statistical
associations between Iberian region precipitation and ENSO.

1.2

Pacific Ocean Climate and Australian rainfall

More understanding about the Pacific Ocean’s key features would provide better knowledge
on rainfall variability in Australia2. Many research studies have been carried out to establish
relationships between Australian rainfall and oceanic variables, conditions and observed
processes. In particular, ENSO has been identified to be a major process influencing
Australian rainfall. Furthermore, Risbey et al., 2009 have shown that Walker circulation,
Hadley circulation, El-Nino, La-Nina and Southern Oscillation, Inter-Tropical Convergence
Zone (ITCZ), Inter-decadal Pacific Oscillation (IPO), Southern Annular Mode (SAM)/Northern
Annular Mode (NAM), ENSO Modoki and Indian Ocean Dipole (IOD) are some of the drivers
of Australian rainfall from the Indian and Pacific oceans; predominantly from the PO. As
Risbey and colleagues indicated, there seem to be relationships among rainfall drivers; in
particular a strong relationship between IOD and ENSO.
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Further, the ENSO and IOD are major atmospheric processes that influence Australian
rainfall. ENSO is highly responsible for rainfall variability in ENA, while IOD mainly affects
southern and western rainfall (Murphy and Ribbe (2004) and England et al., 2006).
Subsurface water in the east Pacific upwells, while the upper layer of the ocean moves east
to west, per the wind in the Pacific Ocean, which results in rainfall over Australia during
ENSO’s La-Nina episode. Therefore, rainfalls received in the ENA during the summer seem to
be influenced by ENSO (Mohammed, 2005). This also implies that the influence of PO
climate variability is affecting ENA cooperative rainfalls. IOD, which is positive when the
eastern Indian Ocean is cooler and the west is warmer than normal, leads to a decrease in
central and southern Australian rainfall. Conversely, the opposite, which is the negative
episode, influences rainfall increase in those regions (Saji et al., 1999).
The Australian annual mean rainfall seems to have increased over the past century3.
However, the 2006 in-depth analysis by the Bureau of Meteorology (BoM), has shown that
northern, eastern and southern Australian rainfalls experienced a declining trend ovder the
previous 50 years, worsening since 1970. It further shows that western and west-central
Australia showed a positive trend but the total rainfall increment was lower than total
decrement (i.e. net Australian rainfall has been declining). Nicholls et al., (2009) reported
that Australian rainfall decline appears to be affected by year-to-year variation of SAM.
Risbey et al., (2009) reported that ENSO, IOD, Madden-Julian Oscillation (MJO), SAM and
atmospheric blocking (AB) are some of the processes that affect overall Australian rainfall
and its variability. Nonetheless, rainfall drivers seem to be connected to each other,
although there are arguments that IOD and ENSO seem to be two of the major drivers of
Australian rainfall. Risbey et al., (2009) mentioned that different drivers affect different
geographical regions in different timeframes, and mechanistic links between the drivers and
rainfalls would improve rainfall forecast over Australia. Much of the climate variability and
its drivers are linked with ocean surface temperature due to the SST variations along the
tropical equator of the PO and the earth’s rotation (Lau et al., 2002).
Cyclic IPO of 15-20 years, which has similar occurrences of ENSO that lasts for about 2-3
years normally, seems to be suppressing ENSO at (positive) IPO occurrences
3
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(http://www.noaa.gov/). Therefore, positive IPO effect seems to weaken the relationship
between ENSO and northeast Australian rainfall. Due to the disruptive ENSO and QLD
rainfall relationship, Murphy and Ribbe (2004) suggested further work and analysis is
required to improve forecasting models.
Some scientists reported (for example, Chiew et al., (1998) and Tularam (2010)) that both
SST and SOI are not forecasting Australian rainfalls accurately. It is an important fact that
although Queensland rainfall and SOI have been statistically correlated, SOI is not suitable
for longer-term rainfall forecast using statistical methodologies (Tularam, 2010). Chiew et
al., (1998) mentioned that ENSO is also not a sufficient condition to forecast Australian
rainfall.
Thompson (2007) indicated that while ENSO is dominating tropical region rainfall from PO
climate variability, SAM and NAM are linked with high latitude precipitation of both
hemispheres. For example SAM influences South Australian rainfall.
Bellucci et al., (2010) and Szoeke and Xie (2008) have shown unacceptable high annual
mean precipitation in the South-eastern Pacific. They have indicated that an emergence of a
double Inter-Tropical Convergence Zone (Double ITCZ or DI) seems to be not accurately
incorporated in coupled general circulation models (CGCMs). Moreover, the CGCMs could
be prone to exhibit invalid southern ITCZ (SITCZ), thus providing unacceptable high annual
mean precipitations in the southern hemisphere, which may lead to affect Australian
rainfall. On the other hand, they further mentioned that modifying GCMs to fix the DI
problem could affect local processes in GCMs that may disturb a global effect.

Recently, Young et al., (2011) published a study of 23 years of data related to oceanic wind
speed and wave height using satellite altimetry, indicating that changes in oceanic surface
gravity and wind speed are playing an important role in climate. Milliff et al., (2001) indicate
that ocean surface wind speed could be used to estimate heat fluxes, longwave radiation
and the moisture between air and ocean surface interface. They further highlighted that the
surface vector wind is a key variable in estimating the exchanges of momentum (kinetic
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energy) between the atmosphere and ocean, and thereby for development of, integration in
and validation of, coupled climate models.
Most GCM models exhibit linearity in ENSO as opposed to the nonlinear real world situation.
For example the coupled models underestimate the nonlinearity seen in the observed Niño3 (900W-1500W and 50N-50S) sea surface temperature index (Hannachi et al., (2003),
Burgers and Stephenson (1999), and Guilyardi et al., (2009)). Some of the models of the
Coupled Model Inter-comparison Project (CMIP3) that were used for the fourth Assessment
Report (AR4) of the Intergovernmental Panel on Climate Change (IPCC), were capable of
simulating mean state, the annual cycle and tropical inter-annual variability. In contrast,
even though a model could produce a completely accurate prediction of ENSO, it may not
be a sufficient condition for a model to accurately simulate ENSO under climate change
(Guilyardi et al., 2009).
Representing 8.2% of the total area of the Murray-Darling Basin (MDB), the Murrumbidgee
Catchment in Australia is sited along the Murrumbidgee River (MR) that is fed by the
Blowering and Burrinjuck dams originating from the Snowy Mountains in the east. It is flat,
dry land in the west, covering about 426,400ha (CSIRO, 2008) with irrigated agriculture. This
important catchment, which is a good contributor to the Australian national economy, is
located in southern New South Wales (eastern Australia) and has been under the influence
of PO climate variability. MC contributes above AUD$1.9 billion worth of agricultural
production to the Australian economy by producing 25% of NSW’s fruits and vegetables,
42% of NSW’s grapes and 50% of Australia’s rice, mainly from irrigated agriculture.
Production of beef, poultry, lamb and wool, softwood plantations, and tourism, are other
industries in the catchment (Murrumbidgee Catchment Action Plan, 2008 and Natural
Resources Commission, 2013). MC experiences highly variable climate conditions, from dry
to wet, drought to flood, and highly variable river flow that supplies water to the MC. This
results in the farmers facing difficulties in determining their farming arrangements. For
example, a Monaro-Cooma shire council (in an upper catchment region) report in 2004
indicated that more than 80% of the catchment was drought-affected from late 2002 to
mid-2004, resulting in increased erosion, pressure on native vegetation, environmental
stress on waterways, weed species and a fire risk, but more resilience to drought-induced
land degradation. In addition, there was a shift from mixed farming and cropping to grazing,
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and reduced stock numbers. The severity of that ‘Big-Dry worst drought’, which affected
during 1997-2009, has been reported as the worst since European settlers arrived4.
Immediately after this drought, the 2010-2011 flooding in eastern Australia has been
estimated to have reduced agricultural production by at least AUD$500–600 million from
loss of production of fruit and vegetables, cotton, grain sorghum and some winter crops. In
addition, there was loss of livestock and disruptions to transport, and loss of farm
infrastructure and assets (ABARES Special Report, 2011). Since MC is located in the ENA
region, the Pacific Ocean seems to be paying a major role in Murrumbidgee catchment
water availability/rainfall.
Sharbahan et al., (2011), suggested that further studies were needed to improve rainfall
forecasting since the Numerical Weather Prediction (NWP) of Bureau of Meteorology
(BoM)’s Australian Community Climate Earth-System Simulator (ACCESS) model had not
given a reasonable prediction level for the MC. Water allocation in MC is an indication to its
rainfall and/or water availability in irrigated agriculture. Khan et al., (2010) have shown
success of water allocation forecasting results from global SST and southern oscillation index
(SOI). Their model was based on an artificial neural network that can handle non-linearity
and adaptation, and a 100-year historic allocation dataset received from an Integrated
Quantity and Quality hydraulic Models (IQQM) model, which has linked with historic rainfall
(Podger and Beecham, 2003). Nevertheless, the State Water Corporation (2010) had
suggested abandoning the use of the IQQM model based on reliability concerns of its
forecasts, from which Khan et al., (2010) developed their water allocation model. In
addition, it would have been better if more SST cluster points (rather than two), which were
correlated between SST and inflows to related dams, were used in the development of their
water allocation model. Therefore, the reliability of the link to forecast water allocation in
the MC from their model based on SST and SOI may need to be improved.
The generic tool, the Predictive Ocean Atmosphere Model for Australia (POAMA),
developed by the South Eastern Australian Climate Initiative (SEACI), distinguishes
differences in the impacts of ENSO events over Australia. POAMA then translates these
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differences into Australian rainfall distributions. It has capabilities in predicting rainfall in
South-Eastern Australia (SEACI, 2010), but is not specific to the Murrumbidgee region.
Should the farmers of the region be aware of water availability well in advance (at least 2-3
months), they will have better economic prospects. Therefore, a methodology for
downscaling rainfall from ENA to the Murrumbidgee region needs to be established given
that the ENA rainfall is forecasted from the PO surface climate variability.

1.3

Objective

Climate variability is vulnerable to water availability, which could also apply even to the MC.
To date, the PO climate variability processes have been reported differently with
contradictory outcomes. ENSO is reasonably quantified but it is not fully qualified to be used
as a sole driver on ENA and the whole Australian rainfall variability as other drivers, which
are not well quantified but may also influence to change the ENSO effect. POAMA seems to
be good for southern Australian rainfall forecasting, but not specific to the MC, and the
ACCESS model has not shown much success on predicting the MC rainfall. Most of the
reports are addressing the forecasting of Australian rainfall or southern and/or eastern
and/or northern and/or western Australian rainfalls in large scales, but no significant focus
has afforded to a catchment like the MC, which means attention needs to be considered
regarding scale effect. Furthermore, indirect models that relate to water allocation also
have problematic bases. GCMs also have certain issues as most of them are not good for
non-linear situations and conflict issues such as the double ITCZ (DI) problem (Page 64-67).
This leads to the raising of questions pertaining to MC rainfall forecasting: 1) How to tackle
the PO climate variability on MC catchment? To answer this question, key features of PO
surface such as SST, sea surface height (SSH), sea surface air temperature and vector wind,
which could be the governing energy sources that could drive the climate variability
simultaneously generating processes like ENSO, IPO and SAM/NAM etc., have been taken
into consideration. 2) How these processes can be delivered to MC? The simple answer for
this is via the atmosphere. 3) How does the atmosphere do it? This leads to the
consideration of the sources of rainfalls as such water vapour and clouds. 4) What are the
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conditions that transfer water vapour into raindrops? Ocean surface and atmosphere are
exchanging energies between each other; pressure, temperature and volume of a (perfect)
gas are connected according to the Boyles, Charles and Dalton’s laws. Therefore cloud top
air temperature and pressure would be linked with atmospheric water vaporisation and
condensation states. In particular, the PO’s stored energy and its atmospheric conditions
drive water vapour to the atmosphere, via the PO surface. Similarly, atmosphere over ENA’s
coastal region (ENA-SCR) has been considered to be the interface between the atmosphere
over PO and ENA, because the atmospheric variability over the PO region should pass
through ENA-SCR in order to deliver rainfall to ENA. Australian rainfalls seem to be
influenced by surrounding oceans such as the Indian, Southern and Pacific Oceans, and
there are discussions about PO influenced Australian rainfalls specific to eastern and
northern parts of Australia. Hence the MC, which is relatively smaller portion of ENA, could
be treated as a subset of ENA in terms of rainfall variation from the PO surface climate
variability.
In brief, the PO surface climate variability evaporates ocean water to the atmosphere over
the PO and atmospheric variability delivers rainfalls to the PO’s surrounding countries. In
particular, the ENA-SC region delivers rainfall to ENA and the MC receives a portion of
rainfalls that fall on ENA. It takes time to deliver the PO surface variability to the ENA and
MC, hence, this research timeline has been predominantly concerned with two stages:
evaporation from the PO surface to the atmosphere, and condensation from the
atmosphere over the PO to make rainfalls in the ENA.
Therefore, this research is aimed to study the teleconnection of the Pacific Ocean surface
variability, moisture advection in the lower atmosphere, its distribution through wind and
its circulation in the atmosphere, with the specific aim of improving forecasts of rainfall
variability in the Murrumbidgee region, by using two lagged connective models and the
downscale model. In this context, artificial intelligence is used to develop models using the
satellite based PO surface and atmospheric data, and rainfalls supplied by BOM’s weather
stations. The downscale model formulates the MC rainfalls from ground measured ENA
rainfalls, which are the forecasts from the second model based on atmospheric data over
the PO. The models are as follows:
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1. Connective 1: Development of a model to forecast two-months lagged atmospheric
variability over the PO from the PO surface climate variability - POS2ATMOS.
2. Connective 2: Development of a model to predict one month lagged ENA rainfall from the
atmospheric variability over western PO/eastern coast of Australia - ATMOS2ENA .
3. Downscale: Development of a model to downscale the MC rainfall from ENA rainfall -

ENA2MC
Above three models are combined together to deliver the effect of PO surface climate
variability on MC in the form of rainfall in three month advance. It conceptualized in Figure
1.1.

Figure 1. 1: Relationship between models used to forecast MC rainfall variability. Arrows indicate flow of
inputs and outputs to and from each stage.

The total delay to deliver POS climate variability on the MC would be the sum of individual
lagged durations of the above models. Based on the assumptions, such that two-months is
required for delivering POS climate on the atmosphere making precipitable water (PW), and
one month to transport atmosphere variability on ENA rainfalls, the models in Chapters 5
and 6, and Appendices II and III, indicate successful scenarios proving that POS2ATMOS,
ATMOS2ENA and ENA2MC in sequence can, not only forecast MC total rainfall variability,
but also predict levels of rainfall distributions, drought, moderate and flood conditions in
the MC, three months in advance throughout the year, using artificial neural network (ANN)
9

technology. A single neural network was trained to receive the set of final outputs.
Consideration of more than three months' lagging to deliver POS climate variability on
neighbouring ENA (and the MC), is assumed to be too long.
Justifying the models:
One can raise another question; why cannot the MC rainfall be predicted directly from the
PO surface variability? This question itself raises two other questions: Which is directly
facing the PO; ENA or MC? And, is it possible to pinpoint the effect of the PO climate
variability directly on the MC compared to ENA? These, two final questions are considered
first, in order to draw attention to the first one.
Answering the second and third questions: ENA is directly facing the west side of the PO,
and the PO is directly facing the atmosphere. The medium that carries the Effect of PO
Surface Climate Variability (EPOSCV) to ENA is atmosphere. With regards to rainfall,
atmosphere over the PO receives moisture in the form of clouds and water vapour. Delivery
of EPOSCV on ENA is direct but on the MC is indirect, as the MC, which is about 2.2% of ENA
in size, is situated within ENA as a small proportion of it. Therefore EPOSCV, which cannot
directly effect the MC, is interfacing and influencing the ENA. In other words, according to
the geographic location of ENA and the MC, and due to the size effect, it is more accurate
and appropriate to consider EPOSCV on the MC via atmosphere and ENA, for better results.
Answer to the first question: It is more appropriate to follow the path of the teleconnection
without bypassing the atmosphere and its specific effect. Open-ended atmosphere may
have changed the influence of EPOSCV before the delivery of rainfalls in ENA. Therefore, PO
surface to atmosphere, atmosphere to ENA, and ENA to MC are the proper links as
suggested in the above three models.
Integration of these models into one would be ideal, and is suggested as a future project.
However, the above three models can fulfil the requirement of the main objective for all the
months of the year.
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1.4

Outline of the thesis

This thesis has been organised into three broad sections: organisation, modelling and
discussion. Organisation contains the first four chapters, modelling consists of Chapters 5
and 6, and the final chapter, Chapter 7, is the discussion.
The organisation chapters describe: the research data in the context of the overall objective
of the thesis, the input and output regions, data acquisition, analysis, modelling and delivery
of results. The modelling section describes the three main models (POS2ATMOS,
ATMOS2ENA and ENA2MC), which as a whole constitute POS2MC, i.e. forecasting the MC
rainfall variability from POS climate variability. The discussion section explores the results in
terms of model performance and places the main findings in a wider context.
The research involved extensive data collection, utilised many gigabytes of data, and
employed several complex data analysis tools. In order to simplify the construction of the
thesis, Figure 1.2 has been arranged to illustrate the categorisation and links between
chapters.
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Figure 1. 2: Structure of the thesis, which has been categorised into three parts: Organisation, Modelling and
Discussion. Organisation consists of four chapters 1, 2, 3 and 4. The objective formulated Chapter 1 and also
includes why this research is important compared with available models and research, providing evidence
appropriate to establish the objective from the small volume of past research relevant for the research
regions selected in Chapter 2, leaving elaborative literature review furnished in Chapter 3, Chapter 2
provides detail about the regions, from which input and output data have been collated and analysed for
modelling described in Chapter 4. The Modelling section comprises Chapters 5 and 6 and demonstrates all
the models and results required for this research. Chapter 6 provides POS2ATMOS and ATMOS2ENA models,
whilst Chapter 5 elaborates the ENA2MC model. Chapter 7 provides discussion and conclusion arranged in
the Discussion section.
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Chapter 1 introduces general climate variability relationships with PO and the interaction of
global and local water demand with rainfall variability. Issues and limitations with existing
rainfall forecasting models are also discussed in this Chapter1, which lead to the research
question.
Chapter 2 explains the geographical and other features of the Murrumbidgee Catchment
(MC), eastern and northern parts of Australia (ENA), Pacific Ocean (PO) and atmosphere.
Details of the Murrumbidgee River, and its related environment, land use and climate are
described, with a focus on the nature and implications of the region’s rainfall variability.
Geography, climate and rainfall variability of Eastern and Northern Australia (ENA), which is
comprised of the NT, QLD, NSW/ACT and VIC states/territories and accounted for eastern
half of Australia related to PO climate links, are explained. Atmospheric oscillations mostly
related to PO climate and IOD, are briefly mentioned.
Chapter 3 comprises the literature review, including the formulation and justification of the
research hypothesis, which is that MC rainfall variability is related to PO climate variability
through specific atmospheric feature over the PO. Since the PO climate is connected to the
atmosphere, it exerts a climate effect on much of the world. Therefore, some global
characteristics, related to water availability, common in small to large scales are explained in
chapter 3 together with past research. It emphasises information related to Australian
rainfall such as rainfall drivers from the PO surface variability and atmospheric circulations
and models at global and local scales. Artificial Neural Network (ANN) suitability as a
modelling technology and atmospheric carrier variables are also discussed here.
Chapter 4 elaborates on the methodology, providing the way for the modelling objectives to
be established in Chapters 5 and 6, which completes the necessary model specification
sufficiently for accomplishing all the aspects of the objectives. Input variables, processes,
outputs, methods of data analysis and related technologies, and modelling technologies
have been discussed in Chapter 4. In brief, data assimilation and analysis that were carried
out using a combination of numerical methods and technologies, in the context of numerical
analysis, bit of PO energy, Microsoft Visual Studio, C#.NET, Windows Communication
Foundation web-service, Microsoft Scientific Dataset, SQL Server 2008 R2, T-SQL and SQL
scripts, ArcGIS 10.1 and Excel, are explained.
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While, the model ENA2MC is elaborated on in Chapter 5, the two other models,
POS2ATMOS and ATMOS2ENA, are explained in Chapter 6. In Chapter 6, the POS2ATMOS
forecasts two-months lagged January atmospheric variability from November POS climate
variability. ATMOS2ENA forecasts one month lagged February ENA rainfall distribution from
January atmospheric variability of the ENA coastal region, which specifically employs a
subset of data describing the atmosphere over the PO. Therefore, both POS2ATMOS and
ATMOS2ENA collaboratively deliver the effect of November month’s (three months lagged)
PO surface climate variability to February ENA rainfalls. As the result of the downscaling
model ENA2MC, MC rainfall distribution, which has been considered to be a portion of ENA
distribution, has no lagging. Hence, November’s POS effect is finally delivering MC rainfall
distribution for February. This accomplishes the thesis objective of completing the virtual
model POS2MC, combining POS2ATMOS, ATMOS2ENA and ENA2MC (the sequential set of
models specified in sections 6.4, 6.6 and 5.3.4 is an example of a chain model that fulfils this
combination).
Similarly, another set of POS2ATMOS, ATMOS2ENA and ENA2MC models have been
developed to deliver December month’s POS effect on MC rainfall distribution for the
March. In the same manner, PO surface climate effect for all other months from December
through to October that deliver on MC’s rainfall variability for March through to January, are
shown in the grey highlighted area of the Table 1.1.
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Table 1. 1: Structure of the models’ temporal distribution. The Model # row 1 is elaborated in Chapters 5 and
6, and the models 2 to 12, as shown in Table 1.1 for all other months, have been summarised in Appendix II
and III.

In brief, the Model # row 1 is elaborated in Chapters 5 and 6, and rest of the models (2 to
12), as shown in Table 1.1 for all other months, have been summarised in Appendix II and III,
completing all the models that are connected to each month. Therefore, the models
POS2ATMOS, ATMOS2ENA and ENA2MC demonstrate similar polymorphic delivery patterns
(in terms of software engineering aspect) from three months' lagged POS climate variability
on MC rainfall variability, for all the months of the year.
Chapter 7 discusses the models employed in Chapter 5 and 6, the key findings, the results
and a way forward for future research.
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Chapter 2 – Study Area
The Murrumbidgee Catchment (MC) rainfall availability is the main focus in this project. As
the MC has been hypothesised to be a portion of the ENA rainfall, MC rainfall has been
downscaled from ENA. ENA is a combination of the Northern Territory (NT), Queensland
(QLD), New South Wales (NSW) and Victoria (VIC) states/territories of Australia, as depicted
in Figure 2.11. Therefore, details about ENA, PO, atmosphere and MC regions are discussed
in this chapter.

2.1

Murrumbidgee Catchment

Providing shelter to more than 500,000 people, the Murrumbidgee Catchment covers about
84,000 km² in New South Wales, Australia, bordered by the Great Dividing Range in the
east, the Lachlan Catchment in the north and the Murray Catchment in the south. It is
situated in southern NSW close to the Victorian border (Figure 2.1). It is former Wiradjuri
country, where the majority of Indigenous people lived.

Figure 2. 1: The Murrumbidgee Catchment is located in the southern New South Wales (Source: AustraliaNew Zealand Datum 1984).
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The MC ranges from the over 2,200 m elevated alpine areas of Kosciuszko National Park and
the Monaro plains, through to the rich grazing and grain belts of the South West Slopes and
Plains, and the shrublands and grasslands of the semi-arid, less than 50 m elevated, western
Riverina. The regional cities and towns of the MC are Balranald, Cooma, Cootamundra,
Griffith, Gundagai, Hay, Junee, Leeton, Narrandera, Queanbeyan, Tumut, Yass, Canberra
(the capital of Australia), and the largest inland city Wagga Wagga (Murrumbidgee CMA
2008).
The Burrinjuck and Blowering are the major storage dams located within the catchment.
Burrunjuck Dam, near Yass, has a total catchment area of 13,100 km². The catchment area
for the Blowering Dam is about 1,630 km2 and the dam receives additional water from the
Snowy Mountains Hydro-power Scheme via a 22 km tunnel from Lake Eucumbene.
The Murrumbidgee River (MR) flows westward from the upper catchment of the Monaro
Plains near Cooma in the east, until it meets the Murray River in Balranald in the west. In
between the catchment, Colleambally and Murrumbidgee major irrigation areas are located
surrounding Leeton and Griffith (Figure 2.2). Lowerbidgee, the western part of the MR is a
broad floodplain (Green et al., 2011).
Surface water quality, wetland health, river regulation, stream-bank erosion, dryland
salinity, water logging, irrigation salinity, soil erosion, soil acidity and urban salinity are some
of the issues that the catchment management authorities are facing (Green et al., 2011).
The MC’s economy has been primarily established by the dryland agricultural industries of
livestock and cropping: AU$110 million of sheep meat sales, AU$240 million of wool,
AU$273 million of beef, AU$790 million of cropping and AU$550 million of softwood
plantations have been the economic benefits of these dryland agricultural industries
(Murrumbidgee Catchment Action Plan, 2008).
Economically important irrigated crops cover over 5% of MC area. Water for irrigated
agriculture has been supplied through more than 10,000 km long irrigation channels.
Irrigated agriculture of the catchment produces 25% of NSW’s fruit and vegetables, 42% of
the NSW’s grapes and 50% of Australia’s rice (Murrumbidgee CMA, 2008), with the annual
production of approximately $80 million worth of grapes, $150 million worth of fruit, $60
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million worth of vegetables, $200 million worth of rice and $10 million worth of dairy
products (Green et al., 2011).

Figure 2. 2: Murrumbidgee Catchment: Irrigation areas, Blowering and Burrinjuck dams, Lowerbidgee
floodplain, Murrumbidgee, Yass and Tumut rivers, and Colombo, Yanco and Billabong creaks (Office of Water,
NSW government),

2.1.1

River flow

Several tributaries carry water to the MR, while eight weirs and fourteen dams on the MR
supply water to the major irrigation areas. The major tributaries of the MR are the Cotter,
Molonglo, Yass, Goodradigbee and Tumut Rivers. The Blowering dam has been built on the
Tumut River, which is the largest tributary of the MR. The other major reservoir that stores
water for the MR is the Burrinjuck dam located near Yass (Figure 2.2). The MR is delivers its
precious water to the farming community on its journey of approximately 1,600 km, from
east to west in the MC, until it reaches the Murray River. Its mean channel capacity at
Wagga Wagga is about 10,000 ML/day but drops to about 3,900 at Hay and 2,350 at
Balranald. Figure 2.3 shows the historical annual flow of the MR at Wagga Wagga, at which
almost all major tributaries have already met the MR.
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Figure 2. 3: Historical annual flow of the MR at Wagga Wagga (Office of Water, NSW government).

2.1.2

Environment and land use

The MR contains wetland habitats such as the Lowbidgee wetlands, and the Tuckerbill and
Fivebough Swamps, which are ecologically important as enlisted under the Ramsar
Convention.5 The red gum community along the river provides valuable riparian habitat for
waterbirds and other fauna species. There are also eucalypt forests, grassland and
shrublands distributed where there is no irrigation. Former eucalypt forests have been
cleared for cropping and grazing.
Biodiversity exists in the MC (Figure 2.4), the catchment has been divided into six
bioregions: Australian Alps, NSW South Western Slopes, the South Eastern Highlands, the
Cobar Peneplain, the Murray-Darling Depression and the Riverina. Native vegetation in the
catchment provides natural habitat for its native flora and fauna, but more than half of the
native vegetation in MC seems to have been cleared (Green et al., 2011).

5

Ramsar Convention (Ramsar, Iran, 1971) is an intergovernmental treaty that embodies the commitments of its member
countries to maintain the ecological character of their Wetlands of International Importance and to plan for the "wise use",
or sustainable use, of all of the wetlands in their territories (http://www.ramsar.org).
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Extensive agriculture dominates land use in the Murrumbidgee catchment. The largest
industry, which fills 64% of the catchment, is grazing; the balance of the catchment is used
for dryland cropping and horticulture. About 13% of the land is used for the combination of
forests, conservation areas and other native vegetation. Land use in the MC is illustrated in
Table 2.1 and Figure 2.4 (Green D, et al., 2011).
Table 2. 1: Biodiversity in Murrumbidgee Catchment (Bureau of Rural Sciences - 2001/02 and Green D et al.,
2011)

Figure 2. 4: Interim Bio-geographical Regionalisation for Australia (IBRA) bioregions
(murrumbidgee.cma.nsw.gov.au/).
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The declining condition of native vegetation is a threat to native fauna sustainability, control
of environmental pest animals and control of environmental weeds (Green et al., 2011). This
would have affected the climatic conditions of the catchment. Land use of the MC is
illustrated in Figure 2.5.

Figure 2. 5: Murrumbidgee Catchment Land Use (Bureau of Rural Services and Green D, et al., 2011)

2.1.3

Climate

Although the MC is a major provider of food in NSW, its spatial climatic variations are
associated with elevation (Ye Nan, 2010). In particular, the MC’s spatial rainfall distribution
is highly correlated with its landscape in terms of elevation (Dassanayake and Hafeez, 2013).
The mean annual precipitation is about 300 mm in the west and about 1,900 mm in the
Snowy Mountains of the west, and the total averaged annual rainfall across the entire MC
has been accounted to be approximately 530 mm (Ye Nan, 2010). Its spatial distribution of
rainfall is illustrated in Figure 2.6 (Green D, et al., 2011) but temporal variation of the rainfall
during the year seems to not vary much and is slightly higher in the winter than the
summer. Its evapotranspiration experiences less than the precipitation during May to
August (during the winter) and the winter precipitation above 1,200 m typically falls as
snow. Evapotranspiration and precipitation in the west are almost equal to each other,
21

while each of them is about half the precipitation of the east. The monthly potential
evapotranspiration drops from 200 mm during the summer to 25 mm during the winter (Ye
Nan, 2010).

Figure 2. 6: Mean rainfall distribution of the Murrumbidgee Catchment ( Hutchinson and Kesteven 1998).

MC’s evaporation is strongly seasonal; long-term analysis shows that the mean evaporation
data demonstrates a strong east-west gradient. Annual average evaporation is less than
1,000mm in the south-east and over 1,800 mm per year in the west. Distribution of mean
evaporation is depicted in Figure 2.7 (Green D, et al., 2011).
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Figure 2. 7: Mean evaporation distribution in the Murrumbidgee Catchment ( Hutchinson and Kesteven, 1998)

Murrumbidgee Catchment’s monthly average rainfall variation for the period 2002 – 2012 is
illustrated in Figure 2.8.
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Figure 2. 8: Murrumbidgee Catchment monthly mean rainfall variation during 2002 – 2012 (Data Source:
BOM)
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Figure 2.8 indicates the highest rainfall occurred in February; the lowest in April during the
aforementioned period.

2.2

Eastern and Northern Parts of Australia (ENA)

The Climate Change Fourth Assessment Report (IPCC, 2007) has confirmed that it is
uncertain in rainfall predictions for the Australian region for the coming century. ENA, as
shown in Figure 2.1, is a combination of VIC, NSW, QLD and NT states/territories that covers
about 4,087,316 km², and is about 54% of the total land size of Australia (Geoscience
Australia, 2010). ENA’s average rainfall of each month for the period of 2002 – 2012 is
illustrated in Figure 2.9. This figure indicates that ENA has higher rainfall variation than the
MC in terms of temporal variability.

120
100
80
60
40
20
0
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Figure 2. 9: ENA monthly mean rainfall variation during 2002 – 2012 (Data Source: BOM)

2.2.1

Northern Territory (NT)

Bordering South Australia, Western Australia and the Pacific Ocean, the NT covers
1,335,742km² spanning 17.5% of the size of Australia (Geoscience Australia, 2010). The NT’s
climate varies greatly, ranging from tropical through to semi-arid and desert conditions
between its northern and southern parts. The sub-tropical ridge and the monsoon trough
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are mainly responsible for the rainfall of the NT. Its northern part experiences wet and dry
seasons, which fall during October to April and May to September, respectively, whilst its
southern parts undergo all four seasons (http://www.climatekelpie.com.au/). Figures 2.10
and 2.11 show the Darwin and Alice Springs historic mean climate summary indicating high
rainfall in the north and low rainfall in the south (Darwin, Northern Territory, Climate,
http://www.auinfo.com).

Figure 2. 10:, Historical average temperature and rainfall (Climate, http://www.auinfo.com) of Darwin in
Northern Territory (Latitude 12° 25'S - Longitude 130° 50' E)
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Figure 2. 11: Historical average temperature and rainfall (Climate, http://www.auinfo.com) of Alice Springs
in Northern Territory (Latitude 23° 40'S – Longitude 133° 50' E)

Figure 2.12 shows the trade wind flow during the sub-tropical ridge, which is an extensive
area of high pressure that lays across southern Australia in winter, and further south in
summer. It is the driving force behind the southeast trade winds that dominate much of the
NT’s weather, especially in the winter months (Climate Kelpie, 2008–2013). The dry and wet
seasons are characterised by southeast trade winds and northwest monsoonal winds,
respectively.

Figure 2. 12: Trade winds flow in a south-easterly direction toward the equator from high-pressure systems
within the sub-tropical ridge (Climate Kelpie, 2008–2013).

According to the Indigenous weather categorisation in Jawoyn calendar, there are 6 seasons
as shown in the Table 2.2 (BOM, 2010).
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Table 2. 2: Jawoyn calendar for the Katherine Region showing six seasons (BOM, 2010)

Jiorrk

Bungarung Jungalk

Main part of
wet rains

Last rains

Early hot
dry

Drying out

Malaparr

Worrwopmi

Wakaringding

Middle dry

Early build-up

The build-up

Cooler

Hot and sticky

First rains

Burning
time
January
February

March April May

2.2.2

June July
August

September
October

November
December

Queensland (QLD)

Bordering the NT, NSW, South Australia and the Pacific Ocean, QLD covers 1,723,936 km²
spanning about 22.5% of Australia (Geoscience Australia, 2010). Pacific Ocean climate
variability affects the state climate. Historic mean rainfall patterns of Brisbane and Cairns in
QLD are shown in Figure 2.13 and 2.14. Both cities show high rainfall in January, February
and March. Rainfall of each month in Cairns during the winter season (Jun-Oct) has been
below 50 mm and it is above 400 mm during summer (Jan, Feb and Mar). Brisbane rainfall
has similar patterns, but in summer months is lower than (about half of) Cairns' rainfalls and
only Aug and September months receive below 50 mm rainfalls.

Figure 2. 13:Historical average temperature and rainfall (Climate, http://www.auinfo.com) of Brisbane in
Queensland South East. (Latitude 27°25'S - Longitude 153° 9' E)
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Figure 2. 14: Historical average temperature and rainfall (Climate, http://www.auinfo.com) of Cairns in
Queensland Tropical North. (Latitude 16° 60'S – Longitude 145° 45' E).

The sub-tropical ridge varies with the seasons and shifts north in winter resulting drier
conditions over Queensland. The trade wind belt of south-easterly winds, which blow
towards the monsoon trough, lies north of the sub-tropical ridge, towards the equator
(Climate Kelpie, 2008–2013). Queensland’s rainfall experiences effects of inter-annual and
decadal variability, and rainfall will be changing in the forthcoming decades due to global
warming. Thus it is critical to establish which global and regional climate phenomena are
driving this variability (Klingaman, 2012).

2.2.3

New South Wales (NSW) and ACT

Bordering South Australia, Victoria and the Pacific Ocean, NSW covers 800,628 km² spanning
about 10.4% of Australia (Geoscience Australia, 2010). It is less than half of the size of
Queensland. Pacific Ocean climate variability may affect the state’s climate. Historic mean
rainfall patterns of Sydney in NSW and Canberra in the ACT are shown in Figures 2.15 and
2.16. Sydney rainfall variability is slightly higher than Canberra; Canberra indicates a
somewhat uniform rainfall pattern.
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Figure 2. 15: Historical average temperature and rainfall of Sydney (Latitude 33° 50'S - Longitude 151° 10' E),
in New South Wales South East (Climate, http://www.auinfo.com).

However, Sydney's monthly rainfall has been between 140 mm and 60 mm and Canberra
falls occur between 70 mm and 30 mm, which is half of each end of Sydney's spectrum.

Figure 2. 16: historical average temperature and rainfall in Canberra, ACT. (Latitude 35° 18'S Longitude 148° 10' E) (Climate, http://www.auinfo.com).
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2.2.4

Victoria (VIC)

Bordering South Australia, NSW and the Tasman Sea in the Pacific Ocean, Victoria covers
227,010 km² spanning about 3% of Australia (Geoscience Australia, 2010). Historical mean
rainfall pattern of Melbourne in VIC is shown in Figure 2.17. VIC receives between 70 mm
and 40 mm monthly rainfall pattern in all months.

Figure 2. 17: historical average temperature and rainfall (Climate, http://www.auinfo.com) of Melbourne in
VIC. (Latitude 37° 50'S - Longitude 145° 0' E).

2.3

Atmosphere

The sub-tropical ridge, an extensive area of high pressure, is a major feature of the general
circulation of Australian atmosphere. Atmospheric processes such as ENSO, MJO, South
Pacific Convergence Zone, Inter-tropical Convergence Zone, IPO, SAM/NAM, IOD etc., occur
in the atmosphere due weather changes in the troposphere, in the region surrounding
Australia. Figure 2.18 displays the SST and outgoing (net) longwave radiation (OLR) in the
top layer of the troposphere. The OLR indicates the cloud top temperature and its low
values are associated with deep atmospheric convection (Vialard et al., 2009).
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Figure 2. 18: Ocean SST and atmospheric variability during 1998 – 2008 (Vialard et al., 2009)

2.4

Pacific Ocean

The Pacific Ocean, which is the largest ocean on Earth, covers one-third of the planet's
surface. The equator has divided the PO into North Pacific and South Pacific. Wind and
ocean currents in the Pacific make clockwise and anti-clockwise movements in the northern
and southern hemispheres, respectively. It borders Asia and Australia in the west, and
America in the east (Figure 2.19). Around 75% of the volcanos in the world occur in the
Pacific Region, which is called the ‘Ring of Fire’6.

6

http://worldinfozone.com/oceans.php?country=Pacific (12 Jan 2014)
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Figure 2. 19: Pacific Ocean (http://www.worldfactsandfigures.com/bodiesofwater/pacific_ocean.php)

Since the land area in the North Pacific (NP) is higher than the South Pacific (SP), and the
deep Antarctic currents arise in the SP bringing intensely cold waters, the cumulative
amount of cold deep water is less in the NP than SP7.
Many climate drivers are being generated based on the PO, as it holds half of the Earth’s
water. The Earth’s rotation causes surface currents in the ocean to deflect to the right in the
Northern Hemisphere and to the left in the Southern Hemisphere. Climate drivers, such as
ENSO, SAM/NAM, IPO etc., which influence the global climate, are generated in the PO.
The displacement of so much warm water in the eastern PO affects the amount of
evaporation. Increased evaporation that occurs due to warm water in the eastern Pacific
Ocean, supplies more water vapour to the atmosphere and, consequently, results in greater
precipitation on the neighbouring land. The formation of tropical storms and hurricanes
arise due to the influence from ENSO that take place in the Pacific Ocean, becoming more
frequent and intense over the Pacific Ocean. Researchers seem to have found the strongest
connections between ENSO and intense drought in Australia, India, Indonesia, the
Philippines, Brazil, parts of Africa, western Pacific islands, Central America, and various parts
7

http://www.eoearth.org/view/article/155111/
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of the United States. A major drought, which occurred during the 1982–1983 El Nino period,
has affected large portions of Australia, Indonesia, China, India, Africa, and Central America,
while Peru experienced extreme damage from flooding and landslides. Positive and negative
ENSO leads to the occurrence of extreme climate events. During El Nino events, South
America and Africa have been known to experience severe flooding and storms, while
Australia and Indonesia have been devastated from droughts and wild fires (Woods Hole
Oceanographic

Institution,

http://www.whoi.edu/main/topic/el-nino-other-oscillations).

Thus, the Pacific Ocean is an important region in relation to the world’s climate variability,
especially to Australia as it is one of its bordering countries.
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Chapter 3: Literature review
In this research, climate variations of the PO and atmosphere over the PO are discussed
because the delivery of PO surface climate variability on the MC via atmosphere and ENA is
the theme. Covering almost half of the oceanic area, the PO holds about 50% Earth’s total
volume of water (http://ngdc.noaa.gov/mgg/global/etopo1_ocean_volumes.html). Once
the surface climate interacts with the atmosphere, especially to the size of ⅓ the globe,
coupled Pacific and atmospheric climate is open to the entire world. This means a
considerable amount of the global level climate effect has been set to be involved in this
study. Hence and due to the fact that PO influences global climate variability, it is vital to
review global climate variability, water availability, precipitation, water allocation and
related topics that affect the Australian continent scaling down of ENA and MC, which is a
leading food producer in Australia.
Therefore the following discussed in relation to Australian, ENA and MC rainfall variations.


Water cycle on the global scale that includes water availability, demand, population
growth, water measurement/valuation, climate effect and precipitation.



Declining trend in Australian water availability, rainfall, evapotranspiration and local
specific water cycle etc.



MC’s geographic location (for its economical contribution from its water availability),
projected climate, water allocation and its historical information, and related models
such as standard precipitation index and seasonal allocation forecasting that related
to rainfall variability etc.



Walker circulation, Hadley cells, ENSO, IOD, trade winds, IPO, NAM and SAM



Vaporisation and Condensation, and atmospheric variability



Cloud-based information: consideration of TPW, CLWC, CTAT and CTAP



Effect of ITCZ on GCMS and the Double ITCZ problem



Rainfall forecasting models specific to Australia and BoM developed tools



Suitability of BoM’s rainfall data compared to TRMM based data
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Global water access
The human accessible water mass on the planet is small and limited but it is a primary
requirement to establish for life. The global accessible surface fresh water amount is only
about 0.3% of the total water available, in spite of 70% of Earth being covered by oceans.
This 0.3% global surface water availably is in different forms: 87% in lakes, 11% in swamps
and

2%

in

rivers

(Palaniappan

and

Gleick

2008,

Scott

et

al.

and

2013http://water.usgs.gov/edu/earthwherewater.html). While this amount does not vary
by much, the use of renewable water resources in the world has grown six-fold in parallel
with growth of world population, which has tripled during the 20th century and will increase
by 40 to 50% within the next 50 years, demanding more water. Thus, the increasing per
capita water usage—water consumption for food production, industrial use and all other
requirements—drive spatially and temporally varying water availability to crisis levels
(http://www.worldwatercouncil.org/library/archives/water-crisis/).
In 2000, Gleick indicated that population growth, living standards and expansion of
irrigation have dramatically increased the freshwater withdrawal (Figure 3.1).

Figure 3. 1: World’s human population, water withdrawals (use), and irrigated land area from 1900 to
2000(Jackson et al, 2001 and Gleick, 2000).

Water availability and use highly depends on rainfall, which plays a major role in the water
cycle. Global precipitation is about 505,000 kmᶟ and oceans receive about 80 % of it, while
land area gets about 20%. Studies have revealed that evaporation provides nearly 90% of
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the moisture in our atmosphere, while the remaining 10% is from plants through
transpiration and a very small amount of water vapour is released to the atmosphere
through sublimation. Sublimation is a process of snow and ice releasing water vapour
without first melting into water8. Evaporation, transpiration, precipitation etc., are the
components of the water cycle (Figure 3.2).

Figure 3. 2: The renewable freshwater cycle in units of 10ᶟ kmᶟ and 10ᶟ kmᶟ/year for pools (white numbers) and
fluxes (black numbers). Total precipitation over land is about 110,000 kmᶟ/year. Approximately two-thirds of this
precipitation is water recycled from plants and the soil (evapotranspiration = 70,000 kmᶟ/year) while one-third is
water evaporated from the oceans that is then transported over land (40,000 kmᶟ/year). Ground water holds about
15,000,000 kmᶟ of fresh water, much of it “fossil water” that is not in active exchange with the earth’s surface (Jackson
et al.).

About 97.5% of the earth’s water is salty and 2.5% is fresh. Only about 0.007% of the
available fresh water, which is found in lakes, rivers, reservoirs and shallow ground water, is
available for direct human use (Fresh Water Supply, 2000). Freshwater that lakes and rivers
hold, is about 100,000 kmᶟ globally (Jackson et. al, 2001 and Gleick, 2000).

8

http://earthobservatory.nasa.gov/Features/Water/page2.php - (15 Jan 2014)
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Figure 3. 3: Water withdrawal by region and by sector (Connor, UNESCO Report, 2012). Total global agricultural sector is about 70%
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Out of this rainfall, about 40,000 kmᶟ, which flows to the oceans via rivers and aquifers, is
the quantity of water also being utilised for human use (Jackson et al., 2001). The total
ground water is about 15,000,000 kmᶟ of fresh water, this includes ‘fossil water’ that cannot
be utilised for human use. Evaporated ocean water due to solar energy is about 425,000 kmᶟ
per year. The second largest recycled water source from land is evapotranspiration, which is
the vapour that escapes from plants and soils, creates a direct interaction between the land
surface and local climate. Those two recycled water sources, from oceans and
evapotranspiration, account for about 110,000 kmᶟ fresh water for ecosystems (Figure 3.2).
Total amount of water withdrawn from a source is referred to the term ‘water use’ and the
portion of water that is not returned to its source is ‘water consumption’. Figure 3.3
(Connor, 2012) displays the global water withdrawals for the agricultural sector, which tends
to decrease in parallel to industrial and infrastructure development. Global irrigated
agricultural water consumptions, according to the report published by Connor (2012), is
20% and the balance is rain-fed farming, whereas irrigation based crop yield accounts for
more than 40% of the world’s agricultural production (FAO, 2011) and is about 2.7 times
rain-fed agriculture.
Bruinsma (2009) indicated the key factor for food demand is water and it is going to
increase by 50% in 2030 and 70% in 2050.

Water availability/scarcity and stress measures
There are several indices that have been defined to measure water scarcity. The Falkenmark
Indicator is the widely used index for measuring the water stress. This index is based on per
capita water usage, categorising into four groups: annual water usage per person (per capita
water usage) above 1700 mᶟ, between 1000 mᶟ and 1700 mᶟ, 500 mᶟ and 1000 mᶟ and below
500 mᶟ, representing ‘no stress’, ‘stress’, ‘scarcity’ and ‘absolute scarcity’, respectively. This
indicates the level of water availability to each person (Brown and Matlock, 2011, and
Gleick, 1996). The International Water Management Institute (IWMI) has devised another
method, which includes each country’s water infrastructure, including desalination plants,
recycled water and measure of the adaptive capacity of a country by assessing its potential
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for infrastructure development and efficiency improvements9 . Another measure is ‘water
poverty index’, which considers the level of access to water; water quantity, quality and
variability; water used for domestic, food, and productive purposes; capacity for water
management; and environmental aspects (White, 2012, and Seckler et al., 1998).
Connor (2012) emphasised that there are four major factors that affect water stresses or
the increasing pressures on water resources: population growth; increased demand for food
and energy; economic growth; and highly variable climate, leading to a shortage of water to
satisfy all needs. Adaptation to climate variability, which seems to be one of the greatest
uncertainties, needs to be addressed in water stress, particularly in the agriculture sector
water is the predominant requirement (Connor, 2012).
In the near-equatorial regions, which tend to be wet in the present climate, precipitation
has been projected to increase. In subtropical land areas where it is already relatively dry,
precipitation seems to be decreasing during this first part of the 21st century. Mid-latitude
storm track and the pole-ward edge of the subtropical dry zones have been projected to
move pole-ward. This means wet/dry areas are getting more wet/dry (Held and Vecchi,
2008).

3.1

Global precipitation and ENSO

During the past century, land precipitation has increased in the middle and high latitudes of
the Northern Hemisphere, with the exception of eastern Asia. In sub-tropic and tropical
regions, rainfall seems to have increased whereas there was no significant latitudinal
precipitation changes found in the southern hemisphere (Mohammed, 2005).
El-Nino-Southern Oscillation appears to play a major role in East Africa, Australia, New
Zealand, Papua New Guinea, the Marshall Islands, the Federated States of Micronesia,
American Samoa, Samoa and Fiji (http://www.cid.org.nz/news/asia-pacific-analysis-preparefor-el-nino-now/). Many regions' wet and drought conditions have been linked with
interdecadal and multidecadal climate variability and ENSO. It is a known fact that ENSO
9

http://www.globalwaterforum.org/2012/05/07/understanding-water-scarcity-definitionsand-measurements/
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seems to be occurring due to the SST variations along the tropical equator of the PO and the
rotation Earth. Figure 3.4 illustrates global mean sea surface temperature (Nichols, 1998).

Figure 3. 4: Annual global mean sea surface temperatures. (Nichols, 1998)

3.2

Water demand/use, availability, management and
Rainfall

Regional context – Australian continent
The Australian situation is worse worlwide because it is the driest continent on the globe.
Figure 3.5 (BOM) depicts dryness in most of the area, and shows the territorial separation of
eight states/territories. Water consumptions (accounted for 65% of the total water) by the
Australian agricultural industry for the 2000-2001, 2004-2005 and 2007-2008 periods were
14,989, 12,191 and 6,989 GL, respectively, showing a declining trend due to the affected
water availability from inclining unfavourable climatic conditions (Primary Industries
Standing Committee, 2011). This has also affected the Murrumbidgee irrigation area, which
is one of the major agricultural regions in Australia.
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Figure 3. 5: Australian territorial map (BOM). Eight state/territories are depicted.

Australia’s water availability is represented in terms of water scarcity as well as temporal
and spatial variability (Kollmorgen et al., 2007). Its large dam storage levels between 2002
and 2005 declined 33% in NSW and 22% in Victoria, and a total of 18% across the entire
continent. Water availability and water use, which are limited to source data, are key
features in the water assessment. Sinclair Knight Merz (SKM) (2006) has recommended the
water balance, which encapsulates the supply, use and discharge, to be the important entity
of this assessment. A combination of surface and ground water cycle, which relates to the
water cycle depicted in Figure 3.6, has been suggested by SKM in 2007 for water accounting
in Australia. The CSIRO and BoM have jointly developed the Australian Water Resources
Assessment (AWRA) Modelling System to report water assessment in Australia (Vaze et al.,
2013 and CSIRO, 2013).
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Figure 3. 6: Water balance example for the Barron water management area, which is centred on the Atherton
Tableland in North Queensland, where the catchment of the Barron River flows into the Coral Sea near
Cairns, illustrating the linkage between groundwater, unsaturated zone and surface water.

Rainfall plays the most significant role in this water cycle. Figure 3.7 shows the spatial
variability of rainfall for the duration from 1 August 2012 to 31 July 2014, illustrating
variability between (approximately) 200 mm to above 3000 mm (BOM, 2013). Rainfall
distribution is high along the coast facing the PO and reduces as it moves zonally toward the
mid country, and also away from the equator.
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Figure 3. 7: Rainfall distribution for the 12-month period between 1 July 2011 and 30 June 2012. It indicates
the spatial rainfall variability ranging from 200 mm to 3200 mm (BOM, 2013).

Evapotranspiration is another important component of the water cycle. Monthly
evapotranspiration distribution is shown in Figure 3.8 (BOM, 2013). It seems to be lower in
winter and higher in summer months.

Figure 3. 8: Monthly distribution of evapotranspiration of Australia for the period between 1 July 2011 and
30 June 2012 (BOM, 2013).
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Local context - Murrumbidgee Catchment
The Murrumbidgee Catchment ranges from Kosciuszko National Park and Monaro plains, to
the rich grazing and grain belts of the southwest slopes and plains, and shrub and grasslands
of the semi-arid western Riverina. The catchment is inclusive of Australian apital city,
Canberra (Figure 3.9).

Figure 3. 9: Murrumbidgee Catchment location, irrigation areas, dams and Murrumbidgee River. Location of
the catchment is shaded in blue in the Australian map (Khan et al., 2004)

The Murrumbidgee Catchment incorporates major agricultural industries with annual
production in excess of $1.9 billion, including irrigated and dryland farming, which produces
rice, fruit, vegetables, beef, poultry, sheep, various crops and softwood. The catchment
experiences relatively hot summers, with January's average of 30°C, including 5–20 days
above 35°C and 1–3 days above 40°C. During winter, the maximum average temperature is
approximately 12°C. In the higher altitudes, such as Mt. Kosciuszko, January temperatures
generally remain below 20°C; the avergae being about 4°C. Average annual rainfall is about
400–600 mm at low latitudes and about 1300 mm at high altitudes. Since 1950, the
catchment has experienced about 0.8°C warming and a declining rainfall of about 30 mm
per decade in the east and 5 mm per decade in the west. It has been estimated that future
climate of the catchment is likely to be warmer and drier. Due to this increased evaporation,
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fire risks, high wind and extreme heat will increase in the future, resulting in extreme rainfall
events in the region.
Table 3.1 shows the predicted temperature and rainfall information of the likely climate
variability in the catchment.
Table 3. 1: Projected Murrumbidgee Catchment climate variability focussed in Canberra and Wagga Wagga as
at 2006 (CSIRO, 2006).

These projections suggest that there will be more hot days, wildfires, droughts and intense
storms, which could increase the risk of detrimental effects to human life, property and
natural ecosystems. There will be less water in the future due to rainfall changes and higher
evaporation rates. As at August 2006, the Blowering Dam on the Tumut River was at 54% of
capacity and the Burrinjuck Dam on the Murrumbidgee River was at only 34%. There are
predictions for river flows to decrease by 9–14% by 2050 and 16–24% by 2100, where the
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Murrumbidgee meets the Murray (Beare and Heaney, 2002 and CSIRO, 2006). Reduced
rainfall and increased temperatures may create a favourable environment for microbes and
algal blooms and reduce water quality by increasing soil salinity in irrigated areas. Significant
irrigated agriculture in the catchment, including rice, horticulture and water for livestock,
are likely to be affected by reductions in water availability and warmer temperatures. The
increased heat stress on dairy cattle will reduce milk production (Jones and Hennessy, 2000
and CSIRO, 2006). The current 60 or more days of snow cover per year in the high altitude
areas are likely to reduce by 18–60% by 2020, and 38–96% by 2050 (Hennessy et al., 2003
and CSIRO, 2006) significantly impacting the native plants and animals in the region. The
CSIRO (2006) report suggested that climate adaption would reduce some of the
environmental, economic and social costs of climate change.
There is research being conducted to forecast MC rainfall variability. Shahrban et al., 2011
studied rainfall estimates using the Australian Community Climate Earth-System Simulator
(ACCESS) related NWP using Yarrawonga weather radar data. Ground-truth rain gauge
measurements between January and August 2010 have been compared with NWP output
and weather radar nowcasts in the MC. Shahrban and colleagues (2011) reported the daily
radar rainfall estimates had a probability of detection (POD) of 0.75 and a false alarm rate
(FAR) of 0.09, while values for the ACCESS model were 0.90 and 0.32, respectively. This
result was obtained from Equations 3.1 and 3.2.
POD = H / (H+M)

Equation 3.1

FAR = F / (H+F)

Equation 3.2

Where H is the number of the actual rain events predicted by radar or NWP model, M is the
actual rainfall events missed by them and F (false alarm) is the non-observed rain predicted
by the radar or model.
Coverage limited weather radar underestimated rainfall with a -0.65 mm/day bias and a
4.17 mm/day RMSE, and had 13% number of missing data over the 8 months. In contrast,
ACCESS did not have missing values, but had a bias of 0.64-0.89 mm/day and RMSE of 3.395.38 mm/day. Therefore, they recommended further studies on rainfall forecasting in the
MC.
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Rainfall, runoff, inflows, water availability and allocation:
Water availability and allocation, inflows to dams, rainfall, and climate variability are
interconnected. Due the high variability in rainfall received by the catchment, initial water
allocation, which is conservative at the beginning of a water year, is based on the prevailing
water storages. Strategic methodologies that are needed to overcome high demand of
water for irrigated cropping patterns during summer months can be achieved by improving
existing tools to cope up with the extreme events (Khan, 2006).
Dassanayake and Hafeez (2013) published a downscaling model at the AWRA 2013
conference, demonstrating how to establish links, which will be further reviewed later in
this Chapter, between the rainfall distributions of ENA and MC for all the months. So far,
small (catchment) scale MC and large scale ENA (half of Australia) have been considered in
rainfall distributions.
Dassanayake and Hafeez (2014) presented at the Applied Statistics and Public Policy Analysis
Conference, 2014, the valuable information about the rainfall distribution in the
Murrumbidgee Catchment. The paper discussed the importance of a distribution of water
allocation within the MC from the understanding of spatial distribution of water valuation
and rainfall.

Standardised Precipitation Index (SPI)
SPI could quantify the level of wetness by comparing totals of rainfalls for a given number of
months in a selected range of historical rainfall data. For example, SPI for 3, 6, 12 or 24monthly rainfall totals, starting from a given month, can be used to compare in a 100-year
rainfalls. Six monthly SPI for August 1999 compares the March-August 1999 rainfall totals
with all other March-August historic totals of a given period (say 100 years). SPI that lies
between 0.9 and 0.9 indicates normal climate condition (Khan, 2006). In Figure 3.10, Khan
(2006) illustrated 24-monthly March SPI for Griffith, located in the lower part of the MC,
using a comparison for the 115 years from 1890 to 2005. SPI below -1, showed drought for
1895–1903, 1911–16, 1918–20, 1939–45, 1957–58, 1965–68, 1979–83 and 2003/06. Above
+1 indicated wet conditions. The SPI of –2 and +2 are extreme drought and wet patterns.

47

Figure 3. 10: 24-monthly SPI for Griffith between 1890 and 2005/06 (Khan, 2006).

48

Figure 3. 11: Monthly rainfall comparison with long-term quartiles 2011-12 (Burrell et al., 2012)
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In 2011-2012, the catchment received more annual rainfalls than historic average,
distributed from Alps to western plain around Hay, between 2000 mm – 400 mm (Burrell et
al., 2012). Figure 3.11 illustrates monthly rainfall compared with long-term quartiles.

Climate-based water allocation
The other modelling tool for managing and understanding climate has been clearly
illustrated in the Khan et al. (2010, 2005 and 2004) papers that relate to SST, SOI and riskbased modelling of seasonal water allocations. In that context water allocation for the
Murrumbidgee Catchment was modelled.
Figure 3.12 illustartes water availability, which is a sum of carryover and determined
quantities, for the duration from 2004 through to 2012. The highest water availability is
shown in the 2010-2011 and 2011-2012 periods. Lowest general security water availability
was shown in 2007-2008 (Burrell et al., 2012).

Figure 3. 12: Murrumbidgee water availability eight years. 2010-2011 and 2011-2012 periods show highest
availability (Burrell et al., 2012).
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Figure 3. 13: Historic annual average water allocations, announced from 1980/81 until 2012/2013. 2013/14
data, as at 16 Dec 2013 (Determining water allocations in the regulated Murrumbidgee Valley, Sep 2013,
Department of Primary Industries, NSW Office of Water).

The water allocation year starts on 1 July and ends on 30 June. Historic general security
water allocations, which are determined upon water availability in the Burrinjuck and
Blowering dams in the upper part of catchment, between 1980/81 and 2012/13 periods, has
been depicted in Figure 3.13. The water availability in the dams depends on inflows to the
dams. A declining trend started in 2002/03 until 2009/2010 as shown in Figure 3.13, before
an increasing trend appeared in the 2010/11, 2011/12 and 2012/13 periods. Average water
allocation for the 2013/14, as at 16 Dec 2013, seems to be declining from then onwards.
Determination of water allocation is based on the water availability, which in turn is based
on the rainfall, followed by runoff and inflows to dams. Therefore water allocation is an
indication of water availability and rainfall, if properly estimated. The Commonwealth of
Australia (2013) indicated that forecasting inflows is not accurate in the catchment as it is
difficult to calculate runoff accurately.
Khan et al. (2010 and 2005) reported a possibility of allocating a forecasting tool for the
catchment using an artificial intelligence approach. In August, during winter (the beginning
of the irrigation season), water allocations are usually high due to winter rainfalls, and low
at the end of season January/February due to no or low rainfalls. Figure 3.14 shows nonlinear distribution of allocations – beginning and end of seasons, from about 100 years of
historical water allocation records until 1999.
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Figure 3. 14: Non Linear Relationship - Jan Allocation vs Aug Allocation for about 100 years of data until 1999
(source: Murray Darling Basing Commission – former MDBA).

Farmers need to know the end of season water allocation for their crop water use. Khan et
al. (2004) showed a relationship between 2ᵒx2ᵒ grid global SST and May to October inflows
to Burrinjuck and Blowering dams, which are the water supplying reservoirs to the
Murrumbidgee River, in Figure 3.15. Figure 3.16 shows the (log Pearson) spatial correlations
between January SST and the May–October average inflows to the Burrinjuck Dam (top),
and February SST and the May–October average inflows to the Blowering Dam (bottom).

Figure 3. 15: Inflows to Burrinjuck and Blowering dams in the Murrumbidgee Catchment for 1993 and 1994
(Khan et al., 2004).
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Figure 3. 16- Top: Log Pearson spatial correlations between January SST and the May–October average
inflows to the Burrinjuck Dam; Bottom: February SST and May–October average inflows to the Blowering
Dam (Khan et al., 2004).

Highly correlated sea surface locations from the above outcome (Figures 3.15 and 3.16)
were extracted and reanalysed, and found two SST cluster locations in the mid Pacific Ocean
for January, and southern parts of Indian Ocean for February, correlating with May to
October inflows to Burrinjuck (after 6 months) and Blowering Dams (after 5 months)
respectively, as shown in Figure 3.17.
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Figure 3. 17: Highly correlated cluster points. Top: Correlated January SST clusters (shown in red) with 6
months lagged May to October inflows to Burrinjuck dam. Bottom: Correlated February SST clusters (shown
in blue) with 5 months lagged May to October inflows to Blowering dam (Source: Khan et al., 2010).

The set of cluster points (P) related to Burrinjuck dam are given below:
p

{(26,182), (26,184), (26,186), (26,188), (26,190), (26,192), (26,194), (26,196), (26,198),

(26,200), (26, 202), (26, 204), (26, 206), (26, 208), (26, 210), (28,202), (28,204), (28,206),
(28,208), (28,210), (30,208), (30,210), (30,212), (30,214)}
The set of cluster points (P) related to Blowering dam were found to be:
p

{(−52,64), (−52,66), (−52,68), (−52,70), (−52,72), (−54,62), (−54,64) }

Based on these findings, Khan et al. (2010) established four relationships from different
input variables, using artificial intelligence, as shown in Table 3.2.
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Table 3. 2: Input parameters used in ANN models; √ indicates inputs assigned for the relationship.

Khan et al. (2010) found that R1, R2, R3 and R4 relationships were capable of forecasting
end of season (summer) allocation based on the beginning of season (winter) allocation at
98% and 99% correlation coefficient with high performance measures. For example, Figure
3.18 illustrates the model output versus actual allocations in the R2 relationship with 99%
correlation coefficient.
The models were validated against actual data for 5 years from 2000 to 2004, claiming the
SOI incorporated R3 to be the best with the following conclusions.


All R1, R2, R3 and R4 relationships demonstrated ANN capability of forecasting end-ofseason water allocation, provided availability of historic water allocations.



The adaptive nature of ANN architecture can be adaptive to new SST based climate
environment and water allocations.



ANN clearly showed it is capability of handling nonlinearity in water allocations.
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Figure 3. 18: Historic Water Allocation Actual and Forecast - SST incorporated (Khan et al., 2004).

At present, the IQQM are being used to determine Murrumbidgee Catchment water
allocations (Murray–Darling Basin Authority, 2010, Burrell el al., 2012 and Burrell el al.,
2014). In the IPART (2010) report, the State Water Corporation (SWC) indicated that
determination of future water extractions (use) cannot be represented from historical water
availability. Instead, SWC suggested that a 15-year moving average is sufficient enough to
forecast water demand, even with changing climate conditions (IPART, 2010), since there is
an availability of 13 years (1996-2009) quality metered water extraction data to replace
IQQM data. In this way, SWC’s water extraction forecast for 2010/11 was likely to be lower
than the proposed estimate of 4367 GL, as there is a structural break, which is an
unexpected shift in a time series, in a climate change scenario. This was suggested as shown
in Figure 3.19, which indicates that the F-statistic was over 9 in the periods 1915 to 1928
and 1936 to 1949, and was increasing from 1998 until 2007 to a level above 40.
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Figure 3. 19: Predictions of structural breaks from the historical estimated extractions (IPART, 2010).

SWC assumed that a permanent climate change condition appeared in 2010. However, they
showed that actual water extractions were likely to be lower than water extraction
forecasts, predicted by IQQM from historical water extraction estimates . Due to this
inaccuracy, they suggested to no longer to use IQQM model and to replace 15-year moving
averaged forecast.
Nonetheless, the Independent Pricing and Regulatory Tribunal (IPART, 2010) suggested
maintaining a balanced approach of the existing long-run approach of historical IQQM and
20-year moving average forecasts, instead of abandoning IQQM approach, which was
proposed by SWC. Based on IPART’s forecast, high and general security entitlements were
forecasted to be 436,928 and 2,264,065, respectively, for each of the 2010/11 2011/12
2012/13 2013/14 periods.

3.3

Pacific Ocean climate variability and its effect on
northern and eastern Parts of Australia

Wind blows from east to west (so called easterlies or trade winds) across the central Pacific
Ocean, over warm water in the lower troposphere, while upwelling deep cold water in the
eastern Pacific. As a result, there is a rising motion of the warm wind over the western
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Pacific Ocean, carrying moisture to the upper troposphere forming clouds. Air that has risen
in the upper troposphere then returns (from west to east) and sinks in the eastern Pacific
Ocean over cold water. This circulation in the equatorial plane, introduced by Jacob Bjerknes
in 1969, has been named Walker Cell or Walker Circulation (WC), as this concept was
initially highlighted by Gilbert Walker in 1899/1900. The WC occurs due to the SST gradient
of the ocean surface along the equator, coupling with ocean and atmospheric processes. In
other words coupled processes occur in order to maintain the energy balance between
thermal, potential and kinetic energies. Consequences of the WC in strong easterlies are
higher ocean level, deeper thermocline, higher SST, lower pressure and increased
precipitation in the western PO relative to eastern the PO. With weaker easterlies
associated with weaker WC and eastern Pacific deep water upwelling, makes leveling the
thermocline, reducing SST gradient across the equatorial Pacific and enabling El-Nino
condition. During El-Nino, the eastern PO becomes warmer than normal, forcing
precipitation in the east while the west experiences drought. Conversely, duirng La-Nina this
process reverses; east experiences drought while the west receives more precipitation. Land
use changes in the west of POmay also affect land temperature, enabling changes in the
duration of the WC in same state. Figure 3.20 illustrates pressure gradients and WC (Lau et
al., 2002).

58

Figure 3. 20: Top: Schematic diagram for east–west atmospheric circulation along the Equator. The region in
the atmosphere over the Pacific Ocean is the Walker Circulation (shown along the altitude). Bottom: Mean
annual circulation along the equatorial plane. Streamlines were constructed from the divergent zonal and
vertical winds (Lau et al., 2002).

Substantial increases in tropical Atlantic Ocean and East Pacific Ocean vertical wind shear
are shown to be connected to a decrease in the Pacific Walker circulation via atmospheric
teleconnections (Vecchi and Soden, 2007). As per the GFDL Climate Modelling Highlights
(2007), the atmospheric sea level pressure changes indicated that the Walker Circulation
slowed by 3.5% during the past 150 years and it appears to be heading for further
weakening by another 10-15% during the next 100 years (GFDL, 2007), which will influence
El-Nino and La-Nina oscillations and precipitation patterns.
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While the Walker Circulation involves an east-west air movement in the tropical Pacific
region near the equator and changes sea surface temperatures in that region, the Hadley
Circulation is the northward and southward circulation due to different solar heating
variations between poles and the equator. These circulations (Hadley and Walker)
redistribute solar energy around the globe (Guido, 2008).
Water vapour transforms into liquid water droplets as the vapour condenses in the clouds.
This transformation releases latent heat, forming storms, and warms and moistures the
surrounding air thus providing energy to drive the Hagley cells (The University of North
Carolina, 2013). Figure 3.21 illustrates meridional Hadley, Mid-latitude and Polar Cells at
equator (0ᵒ), 30ᵒN and 30ᵒS, and 60ᵒN and 60ᵒS with circulation directions shown.

Figure 3. 21: Hadley Cells, three cells in a hemisphere (by Barbara Summey, NASA Goddard Visualization Lab).

Hu and Fu (2007) had mentioned that there has been a pole-ward expansion of the Hadley
circulation, ranging from 2ᵒ to 5ᵒ in latitude, since the late 1970s. From historical simulation
results received from Coupled Model Intercomparison Project Phase 5 (CMIP5, formed in a
2008 meeting), as well as CMIP3 and other previous GCMs, Hu et al., (2013) emphasised
that the width of the Hadley circulation is six times weaker than that of observations. They
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further mentioned that it is not yet known why GCMs underestimate observed Hadley
Circulation’s pole-ward expansion.

El-Nino and Southern Oscillation (ENSO)
El Niño and La Niña are distinguished by above and below average ocean temperatures in
the Equatorial PO, respectively. They are connected with the atmosphere experiencing an
oscillation of the ocean-atmosphere system in the tropical PO, playing an important role for
weather around the globe, increased rainfall in the southern parts of the US and Peru
causing floods, and drought in the West Pacific (http://www.noaa.gov/). El Nino, which
normally lasts for about 2-3 years on average in irregular 2-7 year intervals, is connected
with an inter-annual pressure level difference between the western and eastern PO. This
combination, which includes variation from average ocean temperature and atmospheric
oscillation, is ENSO, which will be further explained in the following sections. Figure 3.22
shows a typical SST distribution as recorded on 28 November 2013.

Figure 3. 22: Global SST on 28 Nov 2013 (http://www.elnino.noaa.gov/).

The National Oceanic and Atmospheric Administration (NOAA) News Online tool (2005) has
defined El Niño and La Nina to be a phenomenon in the equatorial Pacific Ocean
characterised by a positive/negative sea surface temperature departure from normal in the
Niño 3.4 region (Figure 3.23) greater than or equal in magnitude to 0.5⁰C/-0.5⁰C, averaged
over three consecutive months.
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Southeast trade winds cross the equator in the PO and changes its direction as it is
subjected to a Coriolis force in northern hemisphere, forcing deep cold water to upwell in
the eastern PO. As a result of the westward pressure gradient created between the cold
east and warm west, the easterlies push surface warm water towards the west, shoaling
water and tilting thermocline deeper in the west than east. In this mean state, warm air
rises in the west with more moisture creating rainy clouds, flowing towards east in the
upper atmosphere and sinking in the east, thus creating Walker circulation (Lau et al., 2002
and Wang et al. 2004).

Figure 3. 23: Nino regions. Nino 3.4, which climatologically important, is the region bounded by zonal 170W
and 120W, and ±5 latitudes. (NOAA News Online tool, 2005).

Southern Oscillation occurs between El-Nino and La-Nina episodes. During an El-Nino, the
ocean level pressure is lower in the eastern PO, while it is higher in the western PO. In the
event of La-Nina, the pressure levels in east and west Pacific reverse. Toggling sea level
pressures between east and west is termed southern oscillation (SO) and it is measured by
SOI, which is the pressure difference between Tahiti and Darwin, Australia. ENSO is the
combined phenomenon of El-Nino southern oscillation.
Calculation of SOI is given in Equation 3.3.
𝐏−𝐏𝐨
)
𝐒𝐃

𝐒𝐎𝐈 = 𝟏𝟎 (

Equation 3.3

Where p is the pressure difference between Tahiti and Darwin for the month, Pₒ is the longterm average pressure difference between Tahiti and Darwin for the month, and SD is the
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long-term standard deviation for the month. Figure 3.24 shows the monthly SOI values from
2008 until 2013.

Figure 3. 24: Southern Oscillation Index (SOI) from 2008-2013(BOM, 2013 and Brand et al., 2013).

SOI positive values above +8 typically demonstrate a La Niña episode, associated with strong
Pacific easterlies and warm SSTs to the north of Australia, while the central and eastern
tropical PO become cooler. This situation provides wetter conditions in eastern and
northern Australia than normal (BOM, Southern Oscillation Index).

Intertropical convergence zone
The intertropical convergence zone is a narrow zonal strip near the equator, which is
characterised by heavy cloudiness and rainfalls, but a low-level wind convergence region
(Figure 3.25). ITCZ, which is also called the equatorial convergence zone, is the belt of
converging trade winds and rising air that encircles the earth near the equator
(Encyclopaedia Britannica).
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Figure 3. 25: The ITCZ, an area of low pressure, experiences the band of trade wind convergence. These two
features support producing atmospheric circulation and formation of the Hadley cell. The starting point of
Hadley cells vary with the ITCZ shift. Top: ITCZ January shifted towards south; Bottom: ITCZ July relocated
towards north. Changes in precipitations also displayed with the ITCZ shift. July shows the maximum in
northwards, especially in the Pacific, and January ITCZ is shown high in southward, but both are experienced
close to equator. Notice that precipitation also shifts along with ITCZ shift (The British Geographer, 2008).

Different ITC Zones are demonstrated per seasonal variations. For example, July ITCZ and
January ITCZ are displayed in Figure 3.25 (The British Geographer, 2008).

Double ITCZ
The ITCZ over the Indian and western Pacific Oceans, demonstrates a broad latitudinal strip
of clouds nearly symmetric about the equator. In the central PO there are two peaks of
convection appearing at about 7⁰N and 9ᵒS, whilst east PO ITCZ is characterised with a
narrow and distinct band of clouds at 5ᵒN and 9ᵒN (Roswintiarti, Orbita, 1999). In the east
PO, ITCZ is always above the equator but it normally varies from January (minimum) to July
(maximum).
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South-bound ITCZ of the Equator, similar to the Western Pacific; the Northeast Trade Winds
develop a north-westerly direction as the result of the Corilis effect. It creates a Tropical
Depression form as shown in Figure 3.26. The converging winds at the low point resemble a
clockwise rotation in the Southern Hemisphere. Similar to the Eastern Pacific, north-bound
ITCZ of the equator is formed converging into low pressure while creating a tendency of
anticlockwise rotation due to the torque-like force applied by both trade winds
(http://thebritishgeographer.weebly.com/the-climate-of-tropical-regions.html - The British
Geographer, 2008).

Figure 3. 26: Left: ITCZ in the southern hemisphere. Right: ITCZ in the northern hemisphere (The British
Geographer, 2008)

Variation in the location of ITCZ seasonally affects changes in rainfall patterns in many
equatorial regions, as well as the wet and dry seasons of the tropics. A longer ITCZ term can
result in more severe droughts or flooding in the areas wihtin the vicinity of the ITCZ. Cloud
strips, as shown in Figure 3.27, have been formed in the ITCZ within the east Pacific (Earth
Observatory).

Figure 3. 27: Band of bright white clouds that appear across the centre of the picture in the ITCZ, captured by
(http://earthobservatory.nasa.gov/IOTD/view.php?id=703) NOAA’s GOES-11 (Geostationary Operational
Environmental Satellite).
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Infrared satellite observations indicated that a double ITCZ (DI) is not an bvious
characteristic over the whole globe; rather the DI is visible only over a limited zone and
limited time period. As double DI is not found frequently, it is not significant to characterise
DI as a tropical circulation feature. Longitudinal variation of ITCZ is more featured than that
of meridional variations, for extended investigation on tropical circulation (Hubert et al.,
1969).
Liu et al., 2002 mentioned that QuikSCAT, which can cover 93% with 25% resolution,
received data demonstrating DI with weaker wind convergence in the south of the equator
for all seasons, across the eastern Pacific and Atlantic, and an obviously stronger ITCZ. As
per two maxima, explained by sum (C – in Equation 3.4) of partial derivatives of u (zonal)
and v (meridional) components of the surface winds, which is given in Equation 3.4, caused
in 8N and 6S near the equator.
𝐂 = −(

𝛛𝐮
𝛛𝐱

+

𝛛𝐯
𝛛𝐱

)..

Equation 3.4
∂u

As the gradient of the zonal wind component − ∂x in the equator is much smaller
than−

∂v
∂x

, C is dominated by the latter, the gradient of zonal wind component. The stronger

DI occurs when northerly winds meet the southerly winds over warm water in the north of
the equator, while a weaker ITCZ is formed due to deceleration of the surface winds when
they approach the cold upwelling water in the south of the equator. QuikSCAT data revealed
both wind convergences in NITCZ and SITCZ. The rotation of Earth is the cause of formation
of both ITCZs (Liu et al., 2002, and Chao and Chen, 2004).
A chain of processes that include surface precipitation, surface wind convergence, surface
wind curl, Ekman pumping, thermocline ridging, eastward SST advection, warm SST, and
precipitation, may amplify the double ITCZ (Zhang et al., 2007).

Double ITCZ syndrome in Coupled General Circulation Models (CGCMs)
SST, which controls the upward vertical motions leading vertical moisture advection, is
responsible for the strength and the location of Double ITCZ (DI). High moisture advection is
a cause for initiation of deep convection in regions in which relative SST maxima last (Zhang
2001 and Bellucci et al., 2010). Bellucci et al. (2010) quantified the DI error on precipitation
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in the tropical Pacific in CGCMs. They also indicated that SST-deep convection coupling and
the amplitude of the SST bias in the eastern Pacific tend to control DI.
Cloud base buoyancy, moisture convergence and convective available potential energy etc.
may be the criteria to initiate convection. Furthermore, those CGCM models could be prone
to exhibit an invalid SITCZ. Error typologies associated with ITCZ representation in Fourth
Assessment Report (AR4) models of the IPCC, have been (1) a rain continuing too long in the
Southern Hemisphere (persistent double ITCZ error), and (2) alternating ITCZ error, as the
precipitation maxima crossing the equator with the season (Bellucci et al., 2010, and Szoeke
and Xie, 2008). Both of these errors could provide unacceptable high annual mean
precipitation in the south-eastern Pacific. Based on those investigations, Bellucci et al., 2010
suggested revisiting the relationship of SST to deep convection in order to mitigate the DI
syndrome in CGCMs.
Tularam (2010) showed that although a relationship between SOI and QLD rainfall exists, it
may not be strong enough to forecast longer term rainfall forecasting using statistical
methodology based on SOI term. Additionally, topography and seasonal shift of ITCZ may
also influence southeast QLD rainfall. Chiew et al. (1998) have shown that a link between
Australian rainfall and ENSO is not a sufficient condition to predict hydro-climate variables
accurately.
Hwang and Frierson (2013) say that the tropical precipitation asymmetry problem may not
be sufficient enough to eliminate all tropical precipitation biases. Most global climate
models do not simulate the correct tilt of the South Pacific convergence zone. They argued
that CGCMs could not estimate cloud formation wiht a reasonable level of accuracy over the
Southern Ocean. The DI problem has occurred due to lack of proper cloud results over the
Southern Hemisphere and a southward shift in tropical precipitation. Modifying a
parameterisation or local process in GCMs has a global effect, and tropical precipitation
biases could be reduced through unexpected processes outside the tropics.
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Indian Ocean Dipole (IOD)
The IOD is measured by the Dipole Mode Index (DMI), which is the difference between SST
anomalies in the western (50°E to 70°E and 10°S to 10°N) and eastern (90°E to 110°E and
10°S to 0°S) equatorial Indian Ocean. Figure 3.28 shows the east and west poles of the IOD
for November 1997, a positive IOD year. In general terms, IOD is symbolised to be positive
when ocean water is cooler and conversely negative when ocean water is warmer than
normal in the tropical eastern Indian Ocean, and warmer (cooler) than normal water in the
tropical western Indian Ocean. Positive (negative) IOD-SST episode has been shown to be
related with a decrease (increase) in rainfall over parts of central and southern Australia
(Saji et al., 1999, BoM and Geoscience Australia).

Figure 3. 28: Top: Indian Ocean Dipole – Positive and negative phases, showing equatorial warm (cool) west
and cool (warm) east patterns bring rainfall in Western (Eastern) Indian ocean (UN Atlas of the oceans,
Geoscience Australia and http://www.jamstec.go.jp/frsgc/research/d1/iod/iod/about_iod.html). Bottom:
IOD 1997 - displays in western and eastern parts of equatorial Indian Ocean. Here the Dipole Mode Index is
positive indicating decrease rainfall in central and southern Australia (Bureau of Meteorology, 1999).

Interdecadal Pacific Oscillation (IPO)
IPO demonstrated similar to ENSO, which related to SST and sea-level pressure SLP patterns,
but with a longer cycle of about 15–30 years. In the tropical PO, maximum SST anomalies
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are found away from the equator in the southerly and northerly directions, of it with only
secondary characteristic seen in the tropics, as opposite to ENSO. However, it is unclear to
what extent IPO is separate from ENSO. Understanding of IPO, by studying long-term
projection of ENSO episodes, could be useful to predict Australian rainfall patterns (Folland,
2008 and Geoscience Australia).
Decadal precipitation variations over much of the West and Central US have been found to
be closely associated with IPO, with about 85% correlation coefficient from the data
received for the Southwest US during 1923 – 2010. The Canadian Centre for Climate
Modelling

and

Analysis

(CanAM4:

http://www.ec.gc.ca/ccmac-

cccma/default.asp?lang=En&n=8A6F8F67-1) model simulates the observed variations
(global SSTs from 1950–2009) in Southwest US precipitation remarkably well on both multiyear (r = 0.70) and decadal (r = 0.95) time scales (Aiguo Dai, 2012).

Southern/Northern Annular Mode
While ENSO dominates climate variability in the tropics, the annular modes are important
patterns of climate variability in the middle and high latitudes of the Northern and Southern
Hemispheres. As usual, the high index polarity of the annular modes is defined to be lower
than normal atmospheric pressures over the Polar Regions and westerly wind anomalies
along ~55-60 degrees latitude. The SAM is linked to variations in temperatures over
Antarctica, SSTs throughout the Southern Ocean, rainfall variations in southern Australia
and the distribution of sea-ice around the perimeter of Antarctica, whilst NAM is connected
with surface temperatures and precipitation in North America and Eurasia regions
(Thompson, 2007).
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3.4

Pacific Oceanic and Atmospheric Connection with
Australian Rainfall

Power et al. (1999) showed that the IPO modulated ENSO climate teleconnections to
Australia. The IPO is a multi-decadal sea surface temperature pattern similar to ENSO, but
differing in the symmetry about the equator and much less variance in the eastern-most
Pacific (Folland, 2008). Murphy and Ribbe (2004) showed that there was a weaker
relationship between northeast Australian rainfall and ENSO, during the periods of 1930-45
and 1980-2000, due to IPO effect.
Positive IPO seems to be suppressing the ENSO effect, causing a weaker relationship
between northeast Australian rainfall and SOI during this period. Similar suppression of
ENSO has occurred during the second positive IPO between 1980 and 2000 in the 20th
century. Apart from that, the aforementioned rainfalls that occurred during the rest of the
20th century was highly correlated with SOI. The NINO4 (5S-5N: 160E-150W) index and the
SOI showed the strongest correlations with Australian rainfall over the second half of the
20th century (after 1946), with the exception of Victorian and Tasmanian rainfalls, which
were relatively constant prior to and after 1946. These data have evidenced that Qld rainfall
experienced the most disruptive relationships with tropical Pacific SSTs and atmospheric
pressure fluctuations. Therefore, they suggest that more work is needed to improve
forecasting models.
The BoM (2006) indicated that there has been a declining rainfall trend during the last half
century and this has worsened since 1970 in almost all eastern states, South Australia and
much of the Northern Territory (Figure 3.29), while rainfall in the other parts of Australia
(west) remains, positive. Overall, the decreased rainfall has been found to be greater than
the increased (Rainfall Outlook, Bureau of Meteorology - BOM, 2011).
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Figure 3. 29: Rainfall trend for 1970 through to 2012 (BOM, 2013 and Brand et al., 2013).

For example, the moderate to strongly negative SOI that characterises an El Nino event (in
the tropical Pacific Ocean), is linked with below-average rainfall over eastern Australia. In
reverse, moderate to strongly positive SOI, which causes La Nina, is linked with aboveaverage rainfall over tropical and eastern parts. This rainfall is best specified with combined
SOI and SST (Rainfall outlook, BOM, 2011).
The rainfall decline in southeastern Australia can be linked to changes in large-scale
atmospheric circulation. Nicholls et al. (2009) indicated that Australian rainfall decline does
not appear to be affected by either ENSO or the IOD, or tropical oceanic temperature
around the northern Australia; rather year-to-year changes in SAM are highly responsible
(about 70%) for year-to-year rainfall decline.
Ashok et al. (2007) mentioned that anomalous warming events called El Niño Modoki, have
been appearing on both sides of the central equatorial Niño 3.4 region (longitude 170°W –
120°W and latitude 50°S – 50°N) of the Pacific Ocean. The authors further showed that El
Niño Modoki is associated with a tripolar pattern of sea level pressure anomalies during its
evolution in the Pacific Ocean, resulting in two anomalous Walker circulation cells in the
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troposphere instead of single cell linked with a conventional Eastern Pacific (EP) El Niño
event. Nevertheless, IPCC Climate Coupled Models did not simulate the Modoki signature to
resemble monsoon rainfalls over Australia (Taschetto et al., 2008, Taschetto and England,
2009).
Murphy and Ribbe (2004) showed that southeast Queensland was more subjected to the
breakdown of correlations between the SOI and rainfall than any other part of Australia.
Warmer global SST, weaker SST of tropical Pacific Ocean (TPO) anomalies, stronger midlatitude Pacific Ocean SST anomalies and positive Interdecadal Pacific Oscillation (IPO/PDO)
appeared during 1930-45 than that of the surrounding periods. Positive IPO seems to be
suppressing the ENSO effect, creating a weaker relationship between northeast Australian
rainfall and SOI during this period. Similar suppression of ENSO has occurred during the
second positive IPO between 1980 and 2000 in the 20th century. Apart from that, the
aforementioned rainfalls that occurred during the rest of the 20th century were highly
correlated with SOI..
England et al., (2006) have demonstrated how inter-annual rainfall extremes over southwestern West Australia (SWWA) are linked to large scale ocean-atmospheric variability over
the Indian Ocean using 34-year reanalyses and 1000-year modelled data. Wind field over
the eastern and south-eastern Indian Ocean alters SST via anomalous Ekman transport and
air-sea heat fluxes in the sub tropics, changing the large scale advection of moisture onto
SWWA coast, making changes in SST based IOD.
Not all, but some positive and negative IOD events reinforce dry and wet years in SWWA,
which indicates that there are other low frequency processes that contribute to rainfall in
SWWA. Indonesian through-flow (ITF) also impacts SST variability, related to one of the SST
poles found in close proximity of the Indonesian Archipelago. Starting from this pole, polarward Leeuwin currents (to the south) along the west coast of SWWA offshore, affect the
local wind and moisture advection anomalies in the SWWA region. However, England et al.,
(2006) indicate that it is not easy to access variability of sparse ITF and Leeuwin currents and
their effects on SWWA rainfall due to the coupled climate model being inadequate to
resolve the structure and the speed of the currents. The anomalous wind that alters SST via
Ekman transport and air-sea fluxes also changes the large-scale moisture advection onto the
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SWWA coast. Southward shift of the sub-polar westerlies seen during dry years, carry rainbearing fronts linked with sub-polar fronts, reducing moisture transport to SWWA.
Cool SST anomalies exhibit the highest magnitude adjacent to the west Australian coast
creating one pole (P1), and dry years coinciding with an anomalous southward air stream
over the eastern subtropical Indian Ocean leading to warmer air anomalies, air-sea fluxes
and warmer SST centred near 300S and 1000E create the second pole (P2) of the IOD.
Although only a weak IOD signal is noted in the composite analyses, the dry year climate
dynamics are more or less reversed during wet years.
In both the model and observed ocean temperature, anomalies could start to develop a SST
dipole in early summertime followed by development of wind anomalies in the ensuing
months. Amplification to large-scale acceleration (deceleration) of the Indian Ocean can
mean anticyclone at the time when wintertime is approached during dry years and
conversely, deceleration of the Indian Ocean could mean anticyclone, at the time when
wintertime is approached during wet years. Other observed and modelled processes
followed similarly. There is a decrease in post-1970s wintertime rainfall from the pre-1970s
wintertime rainfall in SWWA with trends of dry year scenarios.
England et al. (2006) further says that there could be indirect variability links between
Indian Ocean wind and SST, and ENSO. Although there are coincidences of several dry years
in SWWA with ENSO years, the influence of ENSO on SWWA is not much more significant
than that of the Indian Ocean connection. In their study, England and colleagues (2006)
determined that Antarctic Circumpolar Wave (ACW) propagation anomalies were not clearly
seen for the anomalous SWWA rainfall either from modelled or observed analyses.
Nevertheless, any possible association between pressure fields across the Indian Ocean and
ACW or SAM influence cannot be ignored. Large-scale changes in extra-tropical air pressure
that affect spatial intensity of sub-polar westerlies, which control SST and moisture
advection in SWWA, cannot be separated from tropical and subtropical signals because they
are linked with anti-cyclonic pressure. In brief, England et al., (2006) have shown how interannual rainfall extremes over SWWA are linked with large-scale ocean-atmosphere
composite processes and their variability over the Indian Ocean, and discussed a
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requirement of rainfall extreme forecasts. This interesting article closely matches the
Murrumbidgee Catchment water availability and Pacific Ocean processes.
ENSO, IOD, MJO, SAM, and atmospheric blocking (AB) are some of the processes that affect
Australian rainfall and its variability (Risbey et al., .2009). Although it is not difficult to
understand the effect of individual processes on rainfall, assessing the composite effect of
processes on rainfall is difficult. The MJO effect is significant only in events of short time
periods influencing different parts in different seasons. AB is important in the southeastern
part Australia and Tasmania during all the seasons. ENSO is leading overall spatial coverage
through seasons, and is particularly stronger in winter and spring on the eastern part of
Australia, and in off-winter seasons on the northern regions. But there is little correlation
along the coastal side of the Great Dividing Range of southern Australia (GDRSA) during offsummer seasons. Instead, composites of AB and SAM are responsible for the rainfall in
GDRSA. SAM is probably the leading driver with other effects for the southwest of Australia
and is important for western Tasmanian rainfall for all seasons too. Westerly flow is also
highly correlated with the latter region but AB and SAM could alter the effect of the flow
effect. IOD affects southern and western Australian rainfall (highest effect of it is during
June-October), whilst ENSO is mostly responsible for northern and eastern parts. SST could
also influence subtropical jet stream and moisture entrainment, developing synoptic
systems over Australia. Climate drivers may correlate with each other, and in particular
correlation between ENSO and IOD demonstrates strongest among them. On the other
hand, different drivers affect different geographical regions in different timeframes but they
have explored interactions between drivers and related processes that affect rainfall.
Ultimately, Risbey et al. (2009) further mentioned that studies about mechanistic links
between the drivers and rainfall would improve rainfall forecast over Australia.

Atmospheric Role
NASA Goddard Earth Sciences (GES) Data and Information Services Center (DISC) 10 denotes
that “Accurate information on cloud top temperature is needed in order to retrieve properly
many atmospheric and surface properties. It also plays an important role in the net earth
radiation budget studies”.
10

http://disc.sci.gsfc.nasa.gov/data-holdings/PIP/cloud_top_temperature.shtml
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Precipitable water is defined as the depth of water that would result if all the water vapour
in a unit column of air were condensed to precipitation. Precipitation water is the actual
amount of water vapour in the atmosphere that has condensed to rain. Therefore, total
precipitable water (TPW) seems to be closely related to precipitation (Battan and Kassander,
1960 and Jaiswal et al., 2013). Stratiform or convective rain, over surface rainfall, is
characterised by a very high or an intermediate TPW value (respectively), at the peak cloud
water of the day (Jaiswal et al., 2013).
Sieron et al. evaluated the potential use of horizontal-planar satellite-measured cloud top
temperatures and pressures of tropical cyclone eyewalls, together with analyses of the peak
cloud liquid water surrounding environment, to estimate tropical cyclone intensity. Their
results, which the simulation conducted for Hurricane Katrina in the Gulf of Mexico, seem to
indicate that use of cloud top pressure measurements from a scanning radiometer would
not only provide more samplings than cloud-profiling radar but may also be more accurate.
Liu (2003) indicated that cloud top temperature has shown no accuracy to reflect surface
rainfall rates for stratiform rains, but colder cloud top temperatures tend to correspond to
higher rainfall rates for convective clouds.
Therefore, TPW, CLWC, CTAT and CTAP are considered to be the carrier variables of the PO
surface effect to ENA from the above evidence links between these variables, which are also
teleconnected from POS climate, and rainfall variations in the different parts of the world,
Australia, ENA and the MC.
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3.5

Modelling technology

Many recent researchers have found that artificial neural network (ANN) is a promising
technology for estimating rainfall and hydrological modelling. For example, Abbot and
Marohasy (2013) compared ANN and POAMA-2 (the latest version of POAMA series) and
found that the ANN model for rainfall forecasting in Queensland can give a more skilled
prediction than the best available general circulation model, POAMA-2.
Mekanik, et al. (2013) investigated using combined lagged ENSO and IOD as potential
predictors for spring rainfall and compared forecasting from Multiple Regression and ANN
approaches. They have found that there is a potential of ANN over MR models for rainfall
forecasting, applied for the three regions in Victoria using SOI and DMI that represent ENSO
and IOD, respectively.
Terzi and Çevik (2012) used ANN Multiple linear regression (MLR) to forecast rainfall
estimation in Turkey. The comparisons showed that there was good agreement between
the ANN estimations and measured rainfall values over MLR.
Aires et al. (2001) have received encouraging results from a neural method that retrieved
the surface skin temperature, the integrated water vapour content, the cloud liquid water
path and the microwave surface emissivities between 19 and 85GHz over land from Special
Sensor Microwave Imager observations. They indicated that the neural network approach
also requires much less computation than the variational assimilation approach, despite the
neural network approach being on the same theoretical foundation as the better-studied
variational assimilation methods. Also the fact that a simple neural network has been shown
to provide a statistical fit to any function suggests that what a trained network is doing is
simulating (statistically) the equations of the physical model.
Similarly there are many examples about the success of using ANN. In particular, there were
certain ANN models that have been successfully deployed for different requirements in the
Murrumbidgee Catchment itself (Khan et al. 2004, 2005, 2008, 2009, 2010 and Khan 2006).
Therefore, the ANN approach was applied to establish required relationships pertaining to
this project.
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Interpolation
ArcGIS 10.1 has been used to analyse spatial data related to the ENA, MC, PO and
atmosphere. Inverse Distance Weighted (IDW), Spline and Kriging techniques were
compared in order to find a suitable interpolation method. The EPA-454/R-04-004 (2004)
report denotes that Spline and IDW are deterministic interpolation techniques, of which
IDW is an example of a gradual, exact, mathematical interpolator in which points closer to
the measured data points receive more weight in the averaging formula, whilst Spline uses
RBF algorithms, which will not perform well when there are large changes in the surface
within short distances. Although the Spatial Analyst software provides a five-semivariogram
procedure (circular, exponential, Gaussian, linear and spherical) in Kriging interpolation, the
software itself does not perform the variogram analysis, which is required by Kriging
stochastic interpolation technique. Thus, Kriging needs different software to carry out
variogram analysis. Nevertheless, Kriging also calculates weights for measured points in
deriving predicted values for unmeasured locations similar to the IDW method, although
autocorrelation occurs among the points considered in Kriging.
Podobnikar (2015) indicated that the production of high quality DEM could consume even
100 times more time than that with using basic algorithms like IDW, or spline. The solution
proposed in his paper was confirmed, through applied experimentation, that it enables costeffective, high quality production and assumes higher collaboration between producers and
users.
IDW is simple and provides the requirements of the purpose of this research because
interpolation was only to interpolate (not to correlate), and modelling and correlation were
carried out separately in this context. Therefore, the spatial interpolation technology chosen
for this research is IDW.
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Chapter 4: Methodology

4.1

Introduction:

This study investigates the effect of Pacific Ocean climate variability on the Murrumbidgee
Catchment rainfall and to develop possible models for predicting rainfall distribution in the
MC region that provides prior knowledge to farmers to help them make decisions on crop
production and farm arrangements, thereby improving productivity.

Figure 4. 1: Research concept - Effect of PO climate variability in terms of SST, SST and SSWV on MC rainfall,
via atmospheric total precipitable water (TPW) and ENA rainfall. Arrow:, blue from PO to atmospheric TPW,
green from TPW to ENA regional rainfall and red from ENA to MC rainfall distribution.

As shown in Figure 4.1, there have been three models incorporated in this study as specified
below:


POS2ATMOS: Relationship between Pacific Ocean surface properties and selected
atmospheric variables TPW, CLWC, CTAT and CTAP of the atmosphere in the vicinity
of west coast of Pacific Ocean.



ATMOS2ENA: Relationship between atmospheric variables over the PO and ENA
Australian rainfall.



ENA2MC: Downscaling rainfall from the ENA to forecast Murrumbidgee Catchment
rainfall.
78

Fleming et al., (2011) reported that Tropical Rainfall Measuring Mission (TRMM)’s
3B43 monthly product is appropriate, but rain gauged BoM data were more
accurate. They further mentioned that TRMM data during other Austral summers
highly correlate with BoM produced data, whereas in other seasons it is not so. Chen
et al., (2013) mentioned how BoM’s ‘best track’ data related to rainfall to compare.
Chen and Fleming compared TRMM rainfall data to evaluate TRMM data based on
BoM rainfall data. Further review not required here because TRMM is not going to
be used.
For Murrumbidgee Catchment rainfall forecasting, rainfall data should be accurate.
Therefore rainfall datasets captured by the Bureau of Meteorology (BoM) through its
automatic weather stations spread all over Australia, are most reliable than that of
satellite downloaded raw data (Ceccato and Dinku, 2010). Therefore BOM’s rainfall
data have been used in this model.


Integration of above three models.

This chapter elaborates the systems analysis and design carried out to develop
aforementioned models. This includes the details of the geographic location of the MC and
ENA, possible atmospheric conditions such as precipitable water over PO, and PO surface
climate variables that are involved in formation of rainy water vapour and clouds. Care was
taken during the data acquisition process and all of its processes in order to receive accurate
and reliable data.

4.2

Data capture

The major variables were northern and eastern Australian rainfall, TPW, CLWC, CTAT, and
CTAP over PO, SST, Sea Surface Wind Vector (SSWV) and Sea Surface Height/Topography.
Automated data components have been developed and deployed using C#.Net in order to
download and process data in bulk, minimising errors borne by manual data handling
processes, and accelerating all processes including downloads. Data have been stored in MS
SQL Server 2008 databases for each data category: rainfall, atmospheric data and PO surface
data. Data were extensively processed using Structured Query Language (SQL) scripts in
order to acquire a clean and ready-to-model dataset.
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Rainfall:
Rainfall data was received from BoM weather stations across Australia.
TPW and SSH:

The Atmospheric Infrared Sounder (AIRS) instrument suite (daily, 8-day - half of the 16 -dayAqua orbit repeat cycle), which is one of the several instruments onboard the Earth
Observing System (EOS) Aqua spacecraft launched in 2002, has been designed to measure
the Earth’s atmospheric water vapour and temperature profiles on a global scale. It
comprises a space-based hyperspectral infrared instrument and two multichannel
microwave instruments: the Advanced Microwave Sounding Unit (AMSU-A) and the
Humidity Sounder for Brazil (HSB), which ceased operation in 2003. AMSU-A, which
primarily provides temperature soundings, has two independently operated modules.
Module 1 (AMSU-A1) has 12 channels in the 50-58 GHz oxygen absorption band, which
provide the primary temperature sounding capabilities, and 1 channel at 89 GHz which
provides surface and moisture information. Module 2 (AMSU-A2) has 2 channels: one at
23.8 GHz and the other at 31.4 GHz which provide surface and moisture information (total
precipitable water and cloud liquid water content etc.). Three receiving antennas, two for
AMSU-A1 and one for AMSU-A2, are parabolic focussing reflectors that are mounted on a
scan axis at a 45ᵒ tilt angle, in such a way for radiation to be reflected from a direction along
the scan axis at a 90ᵒ reflection (Won. and Britzolakis, 2008).
TPW Level311 data was downloaded from NASA’s http://acdisc.sci.gsfc.nasa.gov/daacbin/OTF/HTTP_services.cgi site. A list of downloaded data files is available in Appendix I. A
written and tested set of C# components in an automated system was deployed in order to
download data. Similarly, an automated system was deployed to read and re-arrange
downloaded data, which were in Network Common Data Form12 (NetCDF). Four-hundred
and twenty-nine downloaded data files were available in 8-day intervals during 2002 to
2012. Atmospheric and PO surface air temperature at 10 m above sea level) data have been
captured by AIRS sounding instrument and AMSU-A2 microwave sounding unit, each by
ascending and descending modes receiving 4 sets of data all together. Therefore the

11
12

The Level3 data means averaged global gridded products, screened for bad data points.

http://www.unidata.ucar.edu/software/netcdf/ (15 Jan 2014)

80

positional data were averaged from two infrared and two microwave data values. The
dataset was rearranged to receive monthly averages using workflows and dataflow of the
processes, written in C#. Level3 SSH data was also downloaded from the same AIRS of the
Aqua satellite and followed the same processes to rearrange them. However, SSH data were
taken off the dataset as they were found to be not geographically compatible with other PO
data.
SST:

Sea

surface

temperature

from

Level3

data

was

downloaded

from

NASA’s

http://opendap.jpl.nasa.gov/opendap/OceanTemperature/amsre site of Jet propulsion
Laboratory of California Institute of Technology, which has been transmitted by on-board
Advanced Microwave Scanning Radiometer—Earth Observing System (AMSR-E) equipment
on the satellite AQUA. Aqua is the second satellite in the Earth Observing System (EOS), a
major international scientific research mission. The AMSR-E measures precipitation rate,
water vapour, surface moisture content, land and sea ice to surface temperatures, and
snow extent. OpenDap, which is an Open Source Project for a Network data Access Protocol,
is a software protocol that supplies all aspects of scientific data network allowing simple
access to remote data.
SSWV:
Sea surface wind vector, which consists of meridional and zonal wind components were
downloaded from the http://www.ncdc.noaa.gov/oa/rsad/blendedseawinds.html site of
NOAA’s NESDIS National Climatic Data Centre. The gridded SSWV data were generated from
the observations from multiple satellites.
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4.3

System Design, Analysis and Data pre-process

Without the comprehensive uses of technologies described here, millions of climate data
variables could not have been downloaded, analysed and developed into the models.
Therefore, several tools were developed from technologies for rapid development
processes and research tasks, avoiding manual process errors. Those technologies were
ArcGIS 10.1, MS Office software, MS Visual Studio, MS SQL Server, MS Visio, Neurosolutions
and Scientific Dataset (SDS) that has been developed by MSR Computational Science lab in
Cambridge, UK and the MST lab of Computer Science department of Moscow State
University.
Of these tools, ArcGIS was used for geo-processing, SDS incorporated with MS Visual Studio
for data download, and MS Excel (of MS Office) and SQL Server were applied in numeric
data processing and analysis. MS Visio was used to formulate system-engineering concepts,
while MS Visual Studio was applied for numerical data processing, analysis and process
automation. The major modelling technologies utilised were spatial statistics of geographic
information system from ArcGIS, and artificial intelligence using Neurosolutions.
Data acquiring and process, investigation and model development were categorised into
several layers in order to ease the methodology, as depicted in Figure 4.2.
Some documentation related to system and data analysis is provided in Appendix I.
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Figure 4. 2: Data process layers and technology used: Downloaded satellite data from web and ftp sites in the
Data Acquiring layer; data analysis was carried out in the Data Analysis layer; performed store and query
analysis in Database layer; and developed models in Model Development layer.

4.3.1

Data Acquiring Layer (DAQL)

This layer in Figure 4.2 consists of a set of data downloading methodologies. Coded in
C#.NET, this set has been developed in accordance with the specification of the satellites
described in section 4.2. Some of the downloading processes such as for SST, which
consumed a lot of time, were handled manually, but there was no other option. MS web
services embedded in the applications, were deployed in automated downloading processes
for some of the oceanic data and all atmospheric data, which had ftp sites. Another set of
software was developed and implemented using C#.NET and SDS to read NetCDF files and to
store them in SQL Server databases. BOM acquired rainfall data, which were in text format,
was been modelled and stored in another SQL Server database.
Data validity and quality
Daily rainfall data, which were in text format, received from 158,547 weather stations of the
Bureau of Meteorology for the duration between 2000 and 2012 needed attention for data
quality, applying abnormality, integrity and validity using schema and database
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development. Some of the data, which were not available due to non-functioning weather
stations, needed to be removed programmatically and manually by looking at data patterns.
For example, any weather station that had zero rainfall for all months of the year, may have
not been functioning and those data have been removed by a written C# program.
Categorised rainfall patterns were arranged and validated for data abnormality by looking at
the top range of the dataset, comparing against historical records of each region. The
rainfall data received from the BoM in text format were arranged and inserted into data
tables of an ‘SQL Server 2008 R2’ (rainfall) database using a written program reading from
the abovementioned text files. Manual data transfer was not used in order to avoid possible
manual handling errors. But in this case, outliers were manually reviewed and arranged, but
not removed because there could be extreme rainfalls and droughts for which ANN can
handle and assuming that BoM provided reliable dataset.

4.3.2

Data Analysis Layer (DANL)

Raw data received and stored in DAQL were re-organised using SQL scripts and C#.NET.
Then datasets were rearranged using ArcGIS to receive intermediate dataset. They were
readjusted to establish ANN input ready dataset. Sections starting from 4.4 describe designs
for data reorganisation and analysis.

4.3.3

Database Layer (DBL)

DBL stores raw and processed data in this project. It consists of several databases in SQL
Server as described below (database: description).
1. Rainfall: ENA and MC rainfall data
2. TPWData: Atmospheric data
3. POSurface: Pacific Ocean surface data
Processed data were created from the reorganised raw data before and after processing
through ArcGIS. DBL provided a powerful SQL script facility for data analysis. MS Excel
cannot handle those large databases, but Excel could manage the final datasets, ready for
ANN inputs.
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4.3.4

Model Development Layer (MDL)

This layer received the final datasets ready for ANN inputs. There have been models
developed for all the months for POS2ATMOS, ATMOS2ENA and ENA2MC. This means there
have been at least 36 models developed in order to cover the predictions for all months.
Due to the complexity in climate variables, there was a need to use many parameters than
expected. For example, for ENA2MC, there have been 5 outputs: total rainfall and four
partial rainfalls, since ENA and MC total rainfalls did not show a direct relationship, which
forced to look for partial rainfalls. In this case there were two sets of models developed for
each month: one for total rainfall and another for all five outputs. Table 4.1 shows the
number of models and details about the forecasts from each model.
Table 4. 1: Number of models developed to acomplish the project. POS2ATMOS has two model networks to
forecast two sets of outputs per month: 1) CLWC and TPW 2) CLWC, TPW, CTAT and CTAP; ATMOS2ENA has
single network forecasting ENA total rainfall, per month; Two model networks from ENA2MC forecasts MC
total rainfall, and four partial rainfalls. All together there were 60 models developed: 24 from POS2ATMOS,
12 from ATMOS2ENA and 24 from ENA2MC.

There are ten forecastable variables in total from all the models and this set is as follows:
fCastSet = {CLWC, TPW, CTAT, CTAP, ENA Total Rain, MC Total Rain, MC Partial Low, MC
Partial Medium Low, MC Partial Medium High, MC Partial High}.
If each model predicts only a single output, there is a requirement of ten models per month
and 120 models in total for all months. Since one model can forecast more than one
variable, the number of output models is lower than ten per month. Hence only three
models per month were adequate to forecast all the variables and the total number of
models required has been reduced to 36 in total from POS2ATMOS, ATMOS2ENA and
ENA2MC. In Table 4.1 there are additional networks have been developed for the important
variables CLW and TPW from Network 1 of POS2ATMOS and MC Total Rainfall from Network
1 of ENA2MC. Those models provided more understanding about their outputs. This way
the number of total models required has been reduced in half (Table 4.1).
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4.4

Downscaling MC rainfall from ENA: ENA2MC

4.4.1 Study area and rainfall data: Murrumbidgee Catchment
Water availability in Australia mostly depends on its rainfall. BOM weather stations are
distributed throughout Australia capturing weather data, including rainfall, more accurately
than remote sensing such as the Tropical Rainfall Measuring Mission (TRMM http://pmm.nasa.gov/TRMM).
Pacific Ocean climate condition and variability has been assumed to be highly influencing
the rainfall of the ENA as discussed in Chapter 3. The Murrumbidgee Catchment, which is
geographically located in the eastern part of Australia (southern NSW), has the same
influence from the Pacific Ocean because it is a portion of the ENA (Figure 4.3).
The BOM provided temporal rainfall data for ENA, that consists of VIC, NSW, Australian
Capital Territory (ACT), QLD and NT, have been used to downscale the Murrumbidgee
Catchment rainfall. ACT data had been included in the NSW dataset (thus, NSW rainfall
means a combination of NSW and ACT rainfall data when mentioned elsewhere). Figure 4.3
displays the scattered distribution of BOM’s weather stations and rainfall distributions. This
indicates that the weather stations are not uniformly distributed.
Rainfall data received in text format has been reorganised in SQL Server 2008 Relational
Database Management System (RDBMS) for better data analysis and organisation (Figure
4.4 and 4.5). Figure 4.4 summarises the enite process and Figure 4.5 provides further details
of the process in pictorial form.
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Figure 4. 3: Climate influence from Pacific Ocean on ENA rainfall. Top Right: Ocean background shown is
March 2011 Sea Surface Temperature layer. Top Left and Bottom: Geographic location of Australia, ENA and
MC ( ) situated in Southern New South Wales (Source: BoM).

Figure 4. 4.0-4: Rainfall data for Eastern and Northern Parts of Australia for the 11 years from 2002 to 2012.
For example, year 2004 monthly rainfalls of the geo point (143.911,-30.483) are shown in the table displayed
(Source: BoM).
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4.4.2 Data flow and processes
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Figure 4. 5: Conceptual design of Process and Data Flow for downscaling rainfall from Eastern and Northern
Parts to Murrumbidgee Catchment. Regions have been coloured to identify different technologies - Blue: SQL
Server and Visual Studio, Yellow: ArcGIS, Purple: ANN development.

The entire process is summarised in Figure 4.5. Here, the daily rainfalls for the 11 years
between 2002 and 2012, have been extracted from the BoM-provided whole dataset. Daily
rainfalls for the projected geo-coordinates were grouped by months of each year, unifying
to a unique set of coordinates using SQL Server database and Visual Studio.NET 2010. The
datasets were then shown spatially using ArcGIS 10 (Figure 4.4). Subsequently, datasets
were separated for ENA and MC regions, and rainfalls were interpolated separately for
those regions, using IDW technique.
This dataset was reprocessed to provide suitable input variables for artificial neural network
models. Broad design related to (forward) data flow and interactions are elaborated in
Figure 4.6.
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Conceptual Design: Data Flow and Interaction between Models
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Figure 4. 6: Conceptual Design (details extended to Figure 4.3): Data Flow and Interaction between Models –
From SQL Server tables to ArcGIS 10, converted back to SQL Server, reprocessed data to suit ANN inputs
(using Visual Studio and SQL Server), use of artificial neural network (ANN) to develop downscaling models.
Light purple background: SQL Server database. White: Processes using ArcGIS 10. Brown: Downscaling
models using ANN. Purple Arrows indicate transition of one system/model to the next.

The following explains the conceptual design and order of data flow shown in Figure 4.6.
The spatial analysis section of it is explained in section 4.4.3.
(1). Depicts metadata of the table and its important fields prior to spatial analysis.
(2). Raw rainfall data received (as elaborated in Figure 4.4 as well) from BoM weather
stations
(3). Geo-database for boundaries of NT, QLD, NSW and VIC specified by Australia New
Zealand Datum 1984
(4). Separate rainfalls cut for ENA
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(5). Separate rainfalls
(5.1)

ENA rainfall

(5.2)

MC rainfall (from 4)

(6). Interpolation
(5.3)

Interpolated ENA rainfall from (5.1) to receive uniform distribution

(5.4)

Interpolated MC rainfall from (5.2) to receive uniform distribution

(7). Export spatial database to attribute tables
(5.5)

Attribute table exported from (6.1) interpolated ENA rainfall distribution

(5.6)

Attribute table exported from (6.2) interpolated MC rainfall distribution

(8). Merged attribute tables for each month of each year pointing each location of MC
interpolated geo-points with all of ENA points
(9). Reprocessed merged data tables to set inputs required for ANN. This process has
been explained in 4.4.4 and development of ANN models elaborated in 4.2.5.
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4.4.3 Spatial Analysis
As mentioned above, eleven years' rainfall data for each month have been interpolated
using ArcGIS 10 in order to distribute it in a gridded rainfall throughout Eastern and
Northern parts of Australia. Figure 4.7 displays the concept of the sub-process that converts
from randomly distributed rainfalls to a uniform distribution.

Figure 4. 7: Design diagram for making ENA rainfalls to be uniformly distributed – ENA and MC blocks in top
and bottom rows display transferring processes of raw data of a month of an year, Interpolation (Raster),
Filtering (for ENA or MC) and converting g Raster to point. Bottom cycle indicates the said processes
repeating for all the months from January through to December of the particular year. Top cycle indicates the
iteration to be applied for all the years from 2002 through to 2012.

Geo-databases were created for original raw rainfall data to interpolate using IDW. After
interpolation, spatial rasters were transferred to gridded data. The order of the spatial
analysis carried out is as follows (and Figures 4.8 and 4.9).
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ENA automated spatial analysis with model builder of ArcGIS 10 (Figure 4.8)


Apply IDW interpolation on monthly data in order to create raster image.



Set boundary layers for the union of VIC, NSW, ACT, QLD and NT (ENA).



Use MASK tool to cut for the appropriate boundary (ENA).

After running the toolset model,


data was exported to text/csv file in order to receive gridded data.
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Figure 4. 8: Whole model - Automated model that interpolated rainfall from original dataset for Eastern and Northern Parts of Australia to create raster maps for spatial
analysis. The grid’s cell size was set to 3. This particular dataset chosen in the model is for December 2011. Yellow boxes indicate processes; blue elliptical blocks are
inputs to the processes; and green blocks are outputs from the processes.
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MC automated spatial analysis with model builder of ArcGIS 10 (Figure 4.9)
The same process indicated under ENA automated spatial analysis with the model builder of
ArcGIS 10 in this section has been applied here as well, but the mask has been replaced by
Murrumbidgee Boundary.


Apply IDW interpolation to monthly table data in order to create raster image.



Set boundary layers for Murrumbidgee Catchment.



Use MASK tool to cut for the appropriate boundary (Murrumbidgee).

After running the toolset model,


data was exported to text/csv file in order to receive gridded data.
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Figure 4. 9: Automated model that interpolated rainfall from original dataset for Murrumbidgee Catchment of Australia to create raster maps for spatial analysis. The
grid’s cell size was set to 0.87. This particular dataset is for December 2008.

95

Introducing partial rainfall patterns:
Rainfall data for each month were arranged in four categories: low, medium low, medium
high and high, calculating the chances of receiving rainfalls (probabilities) that falls into each
category. Partial rainfalls can be better explained in an example. Suppose a region receives
300 mm rainfall during a month, with 10 mm at the lowest and 110 mm on the highest days,
and these are grouped into 3, 4 or 5 categories. If 4 categories are taken, they are 10–
35mm, 35–60mm, 60– 85mm and 85–110mm. Accumulating rainfalls of the days into these
categories gives partial rainfalls. What happens if partial rainfalls are divided by total
rainfall? They produce Partial Rainfall Patterns (PRP) or Chances of Receiving Rainfalls (CRR)
or probability of receiving rainfalls within those categories. Since it is dynamic due to the
spatial and temporal nature for a given number of years, in this case 11 years from 2002 to
2012, they are claiming to be DPRP or DCRR, in which D stands for dynamic. Tables 4.2 and
4.3 show the categories in terms of boundaries (0–4), partial rainfall probabilities or DPRP
(DCRR) and the total showing the validation of the calculation as displayed under ‘TotalProb’
column obtained from an SQL Query.
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Table 4. 2: Rows in the table are rainfall data with boundaries (0, 1, 2, 3 and 4) for the partial categories (1, 2, 3 and 4) for
the month of January. In the bottom pane, partial rainfall calculations in MC are shown within SQL Server. Domain 2
represents MC. Left pane shows tables of the ‘GISProcessedRainfall’ database. Right top shows the query to display rows
and columns.

Table 4. 3: Calculated partial rainfalls of ENA, which is domain 1, are shown within SQL Server. Only rows for January
received from the query applied are displayed.

In Tables 4.2 and 4.3 (as well as Tables 4.5 and 4.6), there are boundaries for partial rainfalls
1, 2, 3 and 4. Table 4.4 displays the details of the boundaries and their meanings. Partial
rainfall 1 is in the boundary between Boundary_0 and Boundary_1, Partial rainfall 2 is
between Boundary_1 and Boundary_2, Partial rainfall 3 is between Boundary_2 and
Boundary_3, and Partial rainfall 4 is between Boundary_3 and Boundary_4. This applies for
both ENA and MC.
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Table 4. 4: Dynamic partial rainfall patterns (DPRP)/Dynamic chances of receiving partial rainfalls (DCRR) in
ENA and MC regions.

4.4.4 ANN inputs and topologies
Rainfall of each interpolated geo-point in the MC was merged with all geo-points of
interpolated rainfall of ENA and tabulated. The merging process provided the interaction
between data patterns of two regions followed by randomisation, in order to arrange data
for artificial intelligence inputs. Based on a trial and error process, different neural network
topologies and structures were trialed, until receiving the final network appropriate for each
relationship between ENA and MC rainfall distributions. Different sets of inputs and outputs
were also attempted, to optimise the final output. Many of the input combinations were
attempted in the modelling. For example, the final version of inputs is shown in blue
background, and output variables in green background out of all other parameters are
shown in Figure 4.5 and Table 4.5.
Table 4.5 indicates possible inputs, out of which inverse square of distance between MC and
ENA points (distInverseSqr), digital elevation of ENA points (EastNTElev), ENA total rainfall,
MC digital elevation multiplied by ENA partial rainfalls are inputs used in ANN networks.
Similar metadata of possible inputs and outputs are displayed in Table 4.6.
The ANN topologies attempted have been Multi-Layer Perceptron, Generalised Feedforward
networks, Jordan Elman networks, Radial Basis Function and Self-Organising Feature Maps.
The ANN final networks discussed in Chapter 5 and 6 were attempted from these network
topologies, network variables, and transfer functions using different processing elements.
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Table 4. 5: Randomly selected ANN ready ten inputs are displayed for the month of February (2). Raw headings (or the
metadata) in the most left column are explained in Table 4.6. Variables in blue background were the final input set whilst
variables in green background were the final output set.
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Table 4. 6: Metadata and its descriptions for inputs and outputs of ANN related to data shown in Table 4.5. Blue and green
backgrounds indicate the final sets of input and output variable respectively.
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4.5

POS and Atmospheric Relationship: POS2ATMOS

Data download and arrangement were carried out in the same way as the abovementioned
procedures explained in sections 4.3 and 4.4. Relationships between PO surface parameter
set; POSetOrg = {SST, SSWV, SAT} and atmospheric variable set AtmosSet = {CLWC, TPW,
CTAT, CTAP} needed to be established. Dealing with a massive area like the PO region
required usage of the Universal Transverse Mercator (UTM) of the projected coordinate
system to establish parameters accurately. These data have been arranged in a similar
manner to that processed for ENA and MC rainfall data (Figures 4.5, 4.6, 4.7, 4.8 and 4.9).
POSetOrg was added with the following parameters to provide the final ANN input
parameter set.


Longitude and Latitude (SSTLon, SSTLat): to provide the geographic feature of the
variables on POS and atmosphere over PO.



Difference between SST and surface air temperature at 10 m high (dSST_SAT): to
give the effect of the temperature difference.



Square of the wind speed (KE): This provides the variability term of the kinetic
energy (½mv² in usual notation) of an air parcel, assuming mass of the air does not
vary much in the open space.



Energy that makes water vapour by turbulence of the sea surface (TurbE).

The revised POSetOrg has become POSet = {SST, SSWV, SAT, SSTLon, SSTLat, dSST_SAT, KE,
TurbE}, which is the input set of this model. Data sets have been arranged in such a way to
have AtmosSet after two-months from the POSet in the time scale.
Link between POS2ATMOS and ATMOS2ENA
Although this relationship has been built between surface climate variability and
atmospheric variability of the entire PO region, PO region has to be filtered to receive ENASCR requirement for the model specified in 4.5. This filtering process was trivial, as data for
the ENA-SCR region needed to be selected from the POS2ATMOS model forecasts for the
entire PO region. However, partial variability (similar to partial rainfalls) calculated for
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atmospheric TPW and PO surface SST (which are important Variables) did not give
reasonable contributions for inputs of the attempted initial models. Hence, partial variability
of SST and TPW was not used and was also not used in considering the partial variability of
other variables in the POS2ATMOS and ATMOS2ENA models.

4.6

ENA-SCR and ENA rainfall Relationship: ATMOS2ENA

Whatever the climate variability in the PO or the atmospheric variability over the PO,
temporal variability in the west of the PO is assumed to be most effective on ENA rainfall.
Hence atmospheric parameters in the region within {(lon, lat), (lon, lat)} = {(130, 10), (170,50)} were used as inputs in this model. The atmospheric parameters considered have been
TPW, CLWC, CTAT, CTAP and surface air temperature (SAT). These data have been arranged
in the similar manner to that processed for ENA and MC rainfall data (Figures 4.5, 4.6, 4.7,
4.8 and 4.9). Dynamic chances of receiving TPW were calculated, in the same manner as the
calculation for rainfall. Additionally, the previous month’s (lagged) atmospheric parameters
were also added to the dataset because rainfall may have been assumed to be received
from the last month’s atmospheric parameters.
Further to the procedure explained in Chapter 4, there has been an additional procedure
need to be explained in the processing of data prior to the model development.
Selection of the ENA coastal region
The models in Part 1 of this chapter were successfully developed and each of them could
forecast atmospheric variables two-months in advance. Since ENA rainfall forecast needs to
be focussed from the atmospheric cloudiness and water vapour in the coastal region of ENA,
atmospheric data over the PO were filtered to receive only near coastal region atmospheric
data.
Criterion 1: Selected ENA coastal regions are northern and eastern parts outside Australia as
follows:


Eastern Coastal region: ECR = {Pi; i ∈ [(150,10), [(170,-50)}



Northern Coastal region: NCR = {Pi; i ∈ [(130,10), [(150,-10)}
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The combination of ECR and NCR (ECR ∪ NCR), which is depicted (area blue in colour) in
Figure 4.10, is the ENA proximity coastal region selected for atmospheric inputs filtered as a
sub set of atmosphere over PO (ENA-CR = ECR ∪ NCR ⊂ {ATMOS over PO}).

Figure 4. 10: Flipped L-shape ENA-SCR boundaries (longitude, latitude) of Selected ENA Coastal Region in
blue. Encircled points in yellow are nearest 20 points ( ) to its centre Xᵢ (Xᵢ ∈ X ⊂ ENA-SCR; {i = 1,2,3…n})
located in ENA-SCR to the selected ENA point Pᵣ, separated from non-nearest points ( ). There can be n points
(X₁, X₂, X₃,…Xᵢ....Xn) related to each ENA (selected) point Pᵣ (Pᵣ ∈ P ⊂ ENA; r = 1,2 3, m).

Criterion 2: Each ENA point has different distances to points in the ENA coastal region (ENACR). Ten far distance points for each ENA point from ENA-CR were selected by calculating
the distance between an ENA and ENA-CR points. The ENA-SCR is a subset of ENA-CR, which
is described in Equation 4.1.
ENA-SCR ⊂ ENA-CR = ECR ∪ NCR

Equation 4.1

An SQL script was deployed for the ENA-SCR dataset to be clustered on nearest location
clusters of the ENA-SCR to each ENA position as shown in Figure 4.10. Subsequently, there
are clusters points in ENA-SCR that related to each point of ENA. Parameters of each cluster
were averaged including the geographic location so that each cluster has been mapped as
appropriate representing mean values of parameters.
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4.7

Technology Used

4.7.1 Choosing the modelling method
Spatial Statistical Tool of ArcGIS 10.0 and 10.1 was applied to develop statistical
relationships between dependent and independent variables. It did not establish a good
relationship, as its correlation coefficients were shown very low close to 0.01. With this
evidence and as explained in Chapter 3, artificial intelligence was applied in model
relationships between input and output variables.

4.7.2 Modelling technology: ANN in Artificial Intelligence (AI):
Real-world application and systems are not always linear. A single biological neuron is not
intelligent because a single neuron can only do simple linear relationship between input and
output, whereas a collection of neurons together does show intelligence features. A
network may receive a pattern of inputs that can be processed to give result as a pattern.
The artificial neuron, which is known to be a processing element (PE), has been a mimicking
model of a biological neuron. Artificial neural networks (ANN), is a mathematical model
developed based on the phenomenon of error minimisation in high-degree vector space.
ANN, which is an abstract simulation of a real nervous system, can be applied in systems,
which are non-linear, need adaptability and are distributive (Alvarez, 2006). ANN has special
characteristics: hidden layers assigned in ANN can handle non-linearity, re-training reestablishes the past relationship, and multiple branches in the input vector (in the input
layer) can be distributed injecting parameters in parallel. Since ANN is purely working with
mathematics, it is robust. A major disadvantage of it is lack of visibility due to the advanced
mathematical theory behind it.
Error minimisation
ANN model applications are established mainly by iteratively minimising error or the cost of
a pattern between inputs and outputs. Suppose an input vector of a system (pattern) at a
time is X = [x0, x1, x2,....., xn]T, its desired response is d = [d0, d1, d2,....., dn]T, the error
signal or the difference is δ and ANN produces the output signal (pattern) y=[y0, y1, y2,.....,
yn]T. δ.is formulated from those vectors and given by Equation 4.2.
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 i  di  yi

Equation 4.2

Assuming that components of the input pattern are weighted by a weight vector W = [w₀,
w₁, w₂,.....,wn]T producing the linear output signal by the inner product S = XWT. Equation
4.3 gives the output y.
 n

y  F   w j x j   
j

0



Equation 4.3

Where, θ is the offset and F is an activation (shape) function.
If for every given pattern dᵖ there is an existence of a pattern yᵖ, then using the least means
square (LMS) error function, the total error E for all patterns can be expressed in Equation
4.4,
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Equation 4.4

Where, Eᵖ represents the error on pattern p.
In order to minimise the error, jᵗʱ weight vector is changed in Equation 4.5, followed by
Equation 4.6.
 p w j  

E p
w j

Equation 4.5

Where, ɤ is a constant called gradient descent.

 p w j   p x j

Equation 4.6

, which is the important delta learning rule applied in a PE.
Where



p

d

p

 yp

A typical ANN structure is depicted in Figure 4.11. There are input layers that have n
processing elements (PEs); four hidden layers and the output layer. In each hidden layer
there can be desired number of PEs. In this case there is one PE in the output layer (most
left), whereas there can be more than one PE in it.
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Figure 4. 11: Neural network architecture with input, four hidden and output layers. Input layer is an input
vector with n number of PEs. Each hidden layer can have its own number of PEs. Output layer has one output.
BP indicates back propagation.

Generalised Delta Rule and Back propagation

In the back propagation learning paradigm, error is back propagated in order to enhance
error minimisation. The application of the generalised delta rule involves two phases. In the
forward phase, input χ is presented and propagated forward through the network to
compute the output values
error signal

yop . These values, compared with its desired value, result in an

 op for each output unit in the second phase. The error signal is then passed

backward to each unit in the network calculating appropriate weight changes. Figure 4.12
demonstrates adjacent layers iᵗʱ and (i+1)ᵗʱ of a network.

Figure 4. 12: iᵗʱ and (i+1) ᵗʱ layers of an artificial neural network. It indicates inputs and outputs of the layers,
especially shown here is how outputs of iᵗʱ layer become inputs to the (i+1) ᵗʱ layer.

Equation 4.8 provides the error component
pattern p, calculated from the error

 hp of the h hidden layer component of the

 op , the output of that hidden layer and the weight who ,

component of the hidden layer to the next output layer. Equation 4.7 then gives the weight
change, incorporating the back propagation, similar to the delta rule specified in Equations
4.5 and 4.6. This is the generalised delta rule with back propagation.
106

 p w jk   kp y jp
 hp  F ' S hp   op wh

Equation 4.7

No

o 1

Equation 4.8

o

The most fundamental part of ANN mathematics has been furnished above and is not
intended to compose further theory.
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Chapter 5
Downscaling rainfall distribution from ENA to MC
General Circulation Models (GCMs) could be run at high resolutions for continent/global
scale, whereas GCMs may not be used for local precipitation forecasts accurately as
mentioned in Chapter 3 (pages: 60, 64, 65, 66 and 67). Therefore, the results, received from
GCMs or other models that are capable of predicting large-scale rainfall scenarios still need
to be downscaled to local sites to identify local precipitation patterns in advance (M.
Karamouz, et al., 2009).
This chapter presents the results of the developed relationship between ENA and MC
rainfall distributions in order to downscale MC rainfall from ENA rainfall. Daily rainfall data
received from BoM has been arranged to provide inputs to the modelling environment. At
the beginning of this study, multitudes of input variables related to ENA had been tested
and many of them failed to relate those rainfall distributions. Eventually, a strong
relationship was established to downscale ENA’s partial rainfall distributions to the MC
rainfall distribution. In this context, the MC elevation distribution was found to be the
weight matrix for the ENA partial rainfall distributions that narrated the MC rainfall
distribution.
As indicated in Chapter 4, different technologies were used to organise monthly rainfall
from daily rainfall data. Then, the geographically dispersed rainfall data was arranged to
distribute in a uniform pattern using ArcGIS. After extended data pre-processing, the
aforementioned input patterns associated with ENA rainfall and output MC rainfall patterns
were formed. Data was initially tested with statistics in order to develop relationships;
however, the non-linearity that appeared in datasets prevented building such relationships.
Therefore, the artificial neural network technology was selected as the modelling tool to
explore the possibility of developing relationships.
Historic and spatial input and output variables, categorisation of datasets, finding suitable
network topologies and layers, network trainings, failing variables, testing of trained
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networks, performance analysis, parameter contributions and results are illustrated and
discussed in this chapter. One model of which a set of models going to be discussed,
demonstrates the relationship between MC rainfall and its elevation, and two models,
primary and multi-focus networks, represent each month. Twenty-four final downscaling
ANN models for twelve months were found in total. The primary network is used to forecast
or downscale MC total rainfall and the multi-secondary (multi-focus) network is to predict
the combination of MC total and partial rainfalls. Therefore, January primary and February
multi-focus networks are discussed in this chapter.
The model explained in Section 5.2 is a base model that illustrates the relationship between
MC rainfall and its elevation, which is a key finding required for all the downscaling models
as a base. This particular result is for the relationship of input parameters with MC January
rainfall, in which MC elevation became the only highlighted parameter out of all diminished
contributions. This relationship, between MC rainfall and its elevation, has been found to be
true for all months from January through to December. The model results (of the primary
network) that have been explained in section 5.33 demonstrate that only four input
variables were influential and all other variables were discarded. Based on these two
results, the following multi-focus model, in which many unwanted inputs have been
removed, has been explained in 5.3.4.
The February multi-focus model has been used in the corporate chain model (POS2MC) that
consists of forecasting January atmospheric variability from two-months lagged November
POS climate variability, February ENA rainfall distribution from one month lagged January
atmospheric variability, and February MC rainfall distributions (total and partial) from
February ENA rainfall distributions. There is no lagging involved in the latter (downscaling)
model, thus formulation of February MC rainfall distribution from February ENA rainfall
distribution is included in this chapter, while the former two models are included in Chapter
6. All other downscaling models have been summarised in Appendix – II. The downscaling
model set has been referenced to be ENA2MC.
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5.1

Geographical value of the study area

As per past research studies, climate variability in the Pacific Ocean influences variability in
climate conditions of eastern and northern parts of Australia. The major study area, the
Murrumbidgee Catchment, is also situated in the eastern part of Australia. ENA has been
defined here to be the eastern and northern parts of Australia, comprising the Northern
Territory, Queensland, New South Wales and Victoria, as shown in Figure 2.1 in Chapter 2.

5.1.1.

Rainfall Stations and Patterns

Daily measurements of ENA rainfall were received from the arbitrarily distributed BOM
owned weather (rainfall) stations as shown in Figure 4.3 of Chapter 4.
Figure 5.1 shows rainfall distributions rearranged using ArcGIS to display their spatial
distribution showing ENA rainfall for all the months.

Figure 5. 1: ENA monthly mean rainfall distributions during 2002-2012.
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These patterns appear to be highlight that there is a rainfall variation along the coastal
region of Northern and Eastern Parts of Australia. They indicate that January, February and
March experience a high rainfall pattern on the northern coast than eastern coast, which
means there are more referenced rainfall patterns in northern parts than that of eastern
parts during this period. Rainfall pattern varies from April through to October, and moves
from northern parts through to southeastern parts, followed by a reverse trend towards the
north from November through to January.
The Murrumbidgee Catchment rainfall distribution has been extracted from the ENA
distribution and illustrated in Figure 5.2.
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Figure 5. 2: Top: Murrumbidgee Catchment monthly mean rainfall distributions during 2002–2012 (Source –
BOM data); Bottom: Murrumbidgee Catchment elevation map (NSW Office of Water, Sydney – 2011).

5.1.2.

Interpolation

These rainfalls have been initially arranged into monthly rainfalls using MS Visual Studio and
SQL server database. Subsequently, the monthly rainfall dataset was organised into a
uniform spatial distribution using the ArcGIS interpolation technique, inverse distance
weight (IDW). Eleven years' data collated in this way have been used to investigate the
relationships between ENA and the catchment rainfalls.

Figure 5. 3: Left: Raw ENA Rainfall data; Right: Interpolated ENA rainfalls in uniformly distributed positions.
The interpolation technique used here was Inverse Distance Weight (IDW).
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Figure 5. 4: Top - Raw MC rainfall data distribution; Bottom - Interpolated MC rainfalls in uniformly
distributed positions. The interpolation technique used here was IDW.

The procedure used to interpolate the ENA and MC regions rainfalls has been explained in
Chapter 4 (Methodology), particularly as illustrated in Figure 4.7. Finally, manageable and
uniformly distributed rainfall datasets were received in this method (Figures 5.3 and 5.4).

5.1.3.

Variables

Interpolated ENA and MC rainfalls have been averaged for each month. For example, final
January rainfall is the average of January rainfalls for the years between 2002 through to
2012 at an interpolated geo-point. In this manner, final rainfalls for all the months and for
all the geographic points of ENA and MC have been calculated using MS SQL Server
database.
Per the objective of this model, ENA rainfall distribution is to be downscaled to quantify the
MC rainfall distribution. Therefore, ENA rainfall has been tagged as the major input variable
to the output variable MC rainfall. It is obvious that the distance distribution between the
positions (longitude and latitude) of ENA geographic distribution and the MC geographic
distribution should be an input variable. Furthermore, the ENA elevation distribution above
sea level could have been another possible input variable to the intended relationship
between ENA and MC rainfall distributions. Hence the initial model inputs and output were:
Inputs:
1. ENA rainfall distribution
2. ENA elevation distribution
3. Distance distribution between ENA and MC rainfall positions
Output:
MC rainfall distribution
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5.2

Initial models

A statistical model developed using ArcGIS statistical analysis tools, did not provide any
relationship. Due to non-linearity matters involved in the above datasets, Artificial Neural
Network (ANN) technology was attempted to obtain a relationship; this was also
unsuccessful. In the attempted models the distance variable was replaced by inverse
distance and inverse square distance variables (statistical and ANN), and it did not perform
any better. In ANN, the total dataset was categorised into 3 groups: training, cross validation
and testing. The training dataset was used to train a network and the cross-validation
dataset has been assigned to look after any over-training. The test dataset was neither
engaged in the learning phase nor in the training control phase. Network validation was
carried out using the test dataset, which was not engaged in the training. ENA elevation
failed to relate with MC rainfall. Therefore these unlearnt network results are not presented
here, but included in Appendix II.
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5.2.1.

Relationship between elevation and rainfall patterns

Training
An attempt was made to investigate the existence of possible relationships between
rainfalls and elevations. An ANN was trained to find the relationship, and the training was
successful in providing result,s as depicted in Figure 5.5 and Table 5.1.

Figure 5. 5: Training results of a neural network: Inputs were ENA elevation, ENA rainfall and distance factors
between ENA and MC. Target variable is MC rainfall.

Table 5.1 shows the numerical results of MSE related to the chart in Figure 5.6.
Table 5. 1: MSE of the neural network that was trained for the Inputs were ENA elevation, ENA rainfall and
distance factors between ENA and MC.

Datasets were normalised, the inputs (see below section) for the networks were
established, then training continued until the best network was found. The structure of the
best network found was as shown in Table 5.2.

Topology and Inputs
ENA Elevation, MC Elevation, Distance between MC and ENA, Inverse distance and Inverse
distance squared (Table 5.2). Trying with different topologies of the ANN, self-organising
feature maps (SOFM) was revealed as the best network out of the topologies described in
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section 4.4.4. In this training not much effort was needed as it immediately provided
promising results.
Table 5. 2: ANN found for MC Elevation and MC Rainfall. The left pane shows the inputs to the network. The
first row indicates the best topology of the network, self-organising feature maps (SOFM). SOFM has
unsupervised and supervised training modes. The top row of the left pane provides the rows and columns of
the unsupervised layer used and the bottom row shows the number of processing elements of the supervised
layer, which has three hidden layers.

Per the explanation provided in section 4.4.4, the filtered input variables for this trained
network were ENA rainall, ENA elevation, inverse distance squared, Muurumbidgee
elevation, inverse distance and, distance between ENA and MC distributions (EastNTRain,
EastNTElev,

InverseDistanceSquare,

MurrumElev,

InverseDistance,

distToMurrum,

respectively). The Murrumbidgee elevation contributed 86%, becoming the dominating
variable and suppressing rest of the variables as shown in Figure 5.6.

Parameter Contribution
Figure 5.6 shows the effect of each Input parameter on the output. MC rainfall distribution
is solely dependent on its elevation. This means that the portion of rainfall received in the
MC is always distribution according to its elevation.
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Figure 5. 6: Parameter contribution shown in the network included MC elevation. MC elevation contributed
86%, whilst other inputs were shown not to be appropriate.

The relationship found between MC rainfall distribution and the MC elevation distribution
has been very strong with a correlation coefficient above 99% as depicted in Figure 5.7.
Therefore, Figures 5.6 and 5.7 indicate an almost linear relationship between MC elevation
and MC rainfall. Comparative MC rainfall distributions and digital elevation maps are
displayed in Figure 5.2.

Figure 5. 7: Validation of the relationship between MC Rainfall distribution and its elevation.
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Figure 5.8 shows the same relationship for the whole dataset on a scatterplot. Although the
equation was built within MS Excel, the figure shows that it can be approximated using a
polynomial trend line to be forecast from the actual. The ANN output is highly pronounced
because the rainfall is a function of multiple input variables; in this case four ENA partial
rainfalls have been major.

Figure 5. 8: Relationship between MC Rainfall distribution and its elevation for the whole dataset

It was possible to show this relationship (between MC rainfall and MC elevation) statistically
in a linear relationship (Appendix II). Surprisingly, a similar relationship between ENA rainfall
and ENA elevation could not be established.
Based on the highly correlated MC rainfall and MC elevation, an attempt was made to
establish a link between ENA rainfall distribution weighted by MC elevation distribution and
MC rainfall distribution, which did not provide an acceptable relationship.

5.3

Dynamic partial rainfall patterns (DPRP) / Dynamic
Chances of Receiving Rainfalls (DCRR)

As explained in the sub-section ‘Introducing partial rainfall patterns’ of section 4.4.3 Spatial
Analysis in Chapter 4, ‘dynamic partial rainfall patterns’ or ‘chances of receiving partial
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rainfalls’ have been denoted to be the DPRP or DCRR in four categories [Low], [Medium
Low], [Medium High] and [High], referring to the regions ENA and MC.

5.3.1.

Rainfall categories and boundaries

As specified above, the objective of this investigation has been to find a relationship
between ENA rainfall and MC rainfall distributions, but this was unable to be established
thus far. The combination of distance, inverse distance and inverse distance squared
between ENA and MC distribution, ENA elevation and ENA rainfall did not did not provide an
acceptable relationship with MC rainfall distribution. Therefore, this research was extended
to find dynamic rainfall patterns. It was hypothesised that some rains received in ENA may
not affect MC rainfall. This concept highlighted a way to categorise the ENA rainfall into a
few groups. In this case, ENA rainfall distribution was dynamically arranged into four groups:
low, medium low, medium high and high. This has been explained using Equations 5.1
through to 5.
𝒓=

𝒊,𝒋
(𝑹𝒊,𝒋
𝒎𝒂𝒙 −𝑹𝒎𝒊𝒏 )

Equation 5.5

𝒏

Where Rmax and Rmin denotes the maximum and minimum rainfalls of a point i, and month
j. n is the number of categories and in this case n was equal to 4. r is the fixed-range
increment of each category. Here j relates to a set of rainfalls for the years considered; in
this case, it has been from year 2002 through to 2012 (i: i={2002, 2003, 2004, 2005, 2005,
2007, 2008, 2009, 2010, 2011, 2012}) for the month of j: j = { 1,2,3,4,5,6,7,8,9,10,11,12}.
Therefore, r in Equation 5.1 shows the rate of increment from a lower category to the next.
i,j

i,j

i,j

i,j

The four categories cat1 , cat 2 , cat 3 , cat 4 at a geographical point i of the month j have
been defined in Equations 5.2 through to 5.5.
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𝒄𝒂𝒕𝟏 = [𝑹𝒎𝒊𝒏 , 𝑹𝒎𝒊𝒏 + 𝒓]

Equation 5.6

𝒊,𝒋

𝒄𝒂𝒕𝟐 = (𝑹𝒎𝒊𝒏 + 𝒓, 𝑹𝒎𝒊𝒏 + 𝟐𝒓]

Equation 5.7

𝒄𝒂𝒕𝟑 = (𝑹𝒎𝒊𝒏 + 𝟐𝒓, 𝑹𝒎𝒊𝒏 + 𝟑𝒓 ]

Equation 5.8

𝒄𝒂𝒕𝟒 = (𝑹𝒎𝒊𝒏 + 𝟑𝒓, 𝑹𝒎𝒂𝒙 ]

Equation 5.9
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Hence, the boundaries of each category can be formulated as specified in Equations 6
through to 10, respectively, from lowest through to highest.
𝒊,𝒋

𝒊,𝒋

𝒊,𝒋

𝒊,𝒋

𝒊,𝒋

𝒊,𝒋

𝒊,𝒋

𝒊,𝒋

𝒊,𝒋

𝒊,𝒋

𝒃𝟎 = 𝑹𝒎𝒊𝒏

Equation 5.10

𝒃𝟏 = 𝑹𝒎𝒊𝒏 + 𝒓

Equation 5.11

𝒃𝟎𝟐 = 𝑹𝒎𝒊𝒏 + 𝟐𝒓

Equation 5.12

𝒃𝟑 = 𝑹𝒎𝒊𝒏 + 𝟑𝒓

Equation 5.13

𝒃𝟎 = 𝑹𝒎𝒂𝒙

5.3.2.

Equation 5.14

Partial rainfalls

Each of rainfalls that jth month carries (in this case 2002 through to 2012) has been arranged
to fall in the category appropriate to its value at the ith geographic point. In the end, all the
rainfalls in each category have been summed up to receive partial rainfalls of the jth month
of the ith geo point. Once this calculation was dynamically applied to all the points of i th
month, dynamic partial rainfall patterns/distributions (DPRP) or dynamic chances of
receiving rainfalls (DCRR) have been received for this month. In this case, there were four
DPRPs (DCRRs) received for four categories. Two additional entities, although it was not
thought so, have been identified. Those were the extreme rainfall events for ENA and MC
regions at each end of cat1 and Cat4 according to this categorisation. The process to receive
DPRP was carryout using MS Visual Studio 2010 and MS SQL Server 2008 R2 database
management system (DBMS). Modelling was attempted with statistical and ANN tools using
ArgGIS and Neurosolutions Version 5.

5.3.3.

MC total rainfall model

Partial rainfall distributions for ENA and MC were denoted here to be ENA-DPRP (or ENADCRR) and MC-DPRP (or MC-DCRR), respectively. DPRP was divided by the total rainfall to
receive dynamic partial rainfall probabilities and denoted to be ENA-DPRPob and MCDPRPob. Thus, ENA-DPRPob and MC-DPRPob became the chances of receiving partial
rainfalls in all, in this case four, categories. Finally, ENA-DPRPPob weighted by
Murrumbidgee elevation distribution was found to be highly correlated with MC total
rainfall (MCTR) distribution, whereas MC Rainfall distribution was found to be neither
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correlated with ENA total rainfall (ENATR) distribution weighted by Murrumbidgee elevation
distribution, nor ENA-DPRP.
The structure of the best network found, for the relationship between MCTR and ENADPRPPob weighted by Murrumbidgee elevation distribution, is illustrated in Table 5.3 and
the training results are shown in Figure 5.9.
Table 5. 3: ANN found for MC Elevation and MC Rainfall. The left pane shows the inputs to the network. The
first row indicates the best topology of the network, radial basis function (RBF). The top row of the left pane
provides the number of processing elements of the unsupervised layer and the middle rows shows the
structure of the five hidden layers. The very bottom layer of the left pane indicates the output variable.

Figure 5. 9: Validation of the (model) relationship between ENA properties and MCTR using a test dataset
that was not engaged in training at all. Training number of iterations was 40,000. The potential inputs ENADPRP or ENA-DPRProbs, highlighted at the training are displayed in red. The MSE was 0.018.
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Figure 5.10 illustrates the validation results after applying a test dataset in a network trained
for the month of January.

Figure 5. 10: Validation of the trained network from the January normalised test dataset. Actual and network
output are shown with 96% correlation coefficient. The major input variables were ENA partial rainfalls or
chances of receiving partial rainfalls.

Table 5.4 shows the performance measures for the test dataset that relates to Figure 5.11.
Table 5. 4: Performance measures, that relate to Figure 5.8, shown on application of test dataset into the
trained network.

Figure 5.11 shows the parameter contribution of the input variables towards the MC rainfall
distribution. Distance inverse square distribution between ENA and MC points, ENA
Elevation, ENA rainfall ENA partial rainfalls (EastNTProb1, EastNTProb2, EastNTProb3 and
EastNTProb4) and ENA partial rainfalls weighted by ENATR did not show signicant
contribution. But ENA partial rainfalls (EastNTProb1, EastNTProb2, EastNTProb3,
EastNTProb4} weighted by MC elevation – MurrumElev have contributed fairly high amount
at the training of the network.
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Figure 5. 11: Amount the input variables contributed to the network at its training. Partial rainfall
probabilities weighted by Murrumbidgee Catchment elevation are the prominent variables that seem to
control the MC Total Rainfall.

Table 5.5 depicts the numerical values of the contributions shown in Figure 5.11. These
results show that ENA partial rainfalls weighted by MC elevation are active participatory
input variables that can be used to downscale rainfall from ENA on to MC.
Table 5. 5: Shows numerical values of the contributions, as displayed in Figure 5.11.

Parameter

Contribution %

MurrumElev * EastNTProb4
MurrumElev * EastNTProb2
MurrumElev * EastNTProb1
MurrumElev * EastNTProb3
EastNTToalRain
EastNTProb2
EastNTProb1
EastNTToalRain * EastNTProb4
EastNTToalRain * EastNTProb2
EastNTToalRain * EastNTProb3
EastNTProb4
EastNTToalRain * EastNTProb1
EastNTProb3
EastNTElev
distInverseSqr
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25
24
20
19
3
3
1
1
1
1
1
1
0
0
0

The inputs of the whole data set were used to receive the output from the trained network.
This also indicates that there is a strong relationship between MC total rainfall forecast and
its inputs, as shown in Figure 5.12.

Figure 5. 12: Scatterplot from actual and output of trained network for MCTR distribution. Inputs for the
network are shown in Table 5.5.

Therefore a network exists to forecast or downscale MCTR from ‘MC elevation weighted
ENA partial rainfalls’.

5.3.4.

MC Partial Rainfall models

Thus far, it has been identified that there are relationships between MCTR and MC
elevation, and MCTR and ENA weighted partial rainfalls. It was assumed that ENATR does
not relate with MC partial rainfalls, as the former did not relate with MCTR. An attempt
made to identify relationships that could forecast MC partial rainfalls was very successful.
In this case a Radial Basis Function (RBF) neural network trained for February data is
illustrated (just to be different from the MCTR model, for which January data was
illustrated). The network used is depicted in Table 5.6.
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Table 5. 6: shows the ANN structure for the model between ENA-DPRP, and MCTR rainfall and MC-DPRP. The
left pane shows the inputs to the network. The first row indicates the best topology of the network, radial
basis function (RBF). The top row of the left pane provides the number of processing elements of the
unsupervised layer and the middle rows shows the structure of the five hidden layers. The very bottom layer
of the left pane indicates the output variable. Prob indicates the DPRP in different term – chances of receiving
partial rainfall.

Figure 5.13 and the table embedded in it show the training performance of the network
found.

Figure 5. 13: Average MSE with standard deviation boundaries for two runs (each at 30,000 iterations) from
a trained RBF neural network. 100 iterations were used for the RBF unsupervised portion of the network,
whilst 29,900 iterations were made for the supervised portion. The best network was found at the run # 1,
with minimum MSE of 0.027 and 0.025 for normalised cross validation and training datasets, respectively.

The network has been trained well with low mean squared error (MSE). Therefore, this
network is further investigated for its suitability. It is so advanced that it can forecast 5
output: MCTR and four partial rainfalls.
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Table 5.7 shows the validation and performance results of this model.
Table 5. 7: Performance of the network from test data set used for validation.

Performance

MurrumTotalRain

MurrumProb1

MurrumProb2

MurrumProb3

MurrumProb4

MSE

0.0061

0.027

0.011

0.019

0.014

NMSE

0.0559

0.432

0.128

0.275

0.148

MAE

0.0650

0.120

0.073

0.104

0.094

Min Abs Error

0.0005

0.001

0.004

0.000

0.001

Max Abs Error

0.1557

0.429

0.228

0.347

0.299

R

0.973

0.766

0.954

0.871

0.931

Figure 5.14 shows the validation result from the test dataset, which was never seen by the
trained network that links the performance shown in the second column of Table 5.7.

Figure 5. 14: Model validation for MCTR from the multiple output network for the month of February. Actual
and network output MCTR are illustrated here. Notice that the correlation coefficient between the actual and
predicted is above 97%.
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Partial rainfall model 1
Figure 5.15 is the chart showing the validation for column three of Table 5.7, MC probability
1 or the partial rainfall in low category rainfall. This relationship between actual and
network output is at 77% correlation coefficient.

Figure 5. 15: Model validation for MC probability 1 (partial rainfall category 1) from the multiple output
network for the month of February. Actual and network output MC probability 1 are depicted here. Notice
that the correlation coefficient between the actual and predicted is about 77%.

Partial rainfall model 2
Similarly Figure 5.16, the validation for the column four of Table 5.7, is the chart showing
MC probability 2 for the partial rainfall in the medium low category rainfall. This relationship
between actual and network output is at 95% correlation coefficient.
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Figure 5. 16: Model validation for MC probability 2 (partial rainfall category 2) from the multiple output
network for the month of February. Actual and network output MC probability 2 are depicted here. Notice
that the correlation coefficient between the actual and predicted is above 95%.

Partial rainfall model 3
Figure 5.17, the validation for column five of Table 5.7, displays MC probability 3 for the
partial rainfall in the medium low category rainfall. This relationship between actual and
network output is at 87% correlation coefficient.

Figure 5. 17: Model validation for MC probability 3 (partial rainfall category 3) from the multiple output
network for the month of February. Actual and network output MC probability 3 are depicted here. The
correlation coefficient between the actual and predicted is above 87%.
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Partial rainfall model 4
Figure 5.18, the validation for column six of Table 5.7, is depicting the MC probability 4 for
the partial rainfall in the medium low category rainfall. This relationship between actual and
network output is at 93% correlation coefficient.

Figure 5. 18: Model validation for MC probability 4 (partial rainfall category 4) from the multiple output
network for the month of February, showing actual and network output MC probability 4. The correlation
coefficient between the actual and predicted is above 93%.

Input parameter contributions for this multi-output network are illustrated in Figure 5.19.
Here the bands in blue, dark brown, yellow, light blue and black represent contribution
amounts

of

MurrumElev*EastNTProb1,

MurrumElev*EastNTProb2,

MurrumElev*EastNTProb3 and MurrumElev*EastNTProb4 for MC’s total rain, partial rainfall
categories of low, medium low, medium high and high. Distance measure inverse distance
square, ENA elevation and ENATR contribute less than 5%.
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Figure 5. 19: Contribution of input parameters at the training of the network for February. EastNTProb1, 2, 3
and 4 (ENA-DPRPs) are the major inputs involved in the training. distInverseSqr (distance distribution
between ENA and MC points), EastNTElev (ENA elevation distribution) and EastNTTotalRain (ENATR
distribution) are negligible input variables in this model.

Numerical values of the parameter contributions, shown in Figure 5.19, are explained in
Table 5.8.
Table 5. 8: Contributions, which have been illustrated in Figure 5.19, in values of the input variables in the
multi-output network at its training.

ENA-DPRPs weighted by MC elevation are prominent input variables for MCTR and MCDPRPs. The complexity, which is exhibited in this finding, is that although MC elevation is a
fixed distribution, ENA-DPRPs alone did not relate with MCTR, but weighted ENA-DPRPs did.
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However, it is now revealed that ENATR does not project on MCTR, whereas ENA-DPRPs are
responsible for MCTR and MC-DPRPs.
Figures 5.20, 5.22, 5.24, 5.26 and 5.28 are scatterplots that depict actual versus network
outputs of MCTR and MC-DPRPs from the multi-output network. Figures 5.21, 5.23, 5.25,
5.27 and 5.29 are the relevant amounts of input parameters contributed to downscale (or
estimate) MCTR and MC-DPRPs (DCRRs). Although the trend lines compare actual and
forecast rainfalls as shown in uncertainty section 5.4, analysis also provides comparison.

Figure 5. 20: Actual and network output for the total rainfall from the February month multi-output network.
Trend line shows the amount of validity between actual and forecast.

Figure 5.21 illustrates the weights of inputs as they contributed for the total rainfall at
network training relevant to the multi-output network for the month of February, relating
to Table 5.6, and Figures 5.13, 5.15 and 5.20. Figure 5.21 has been separated from the
contributions illustrated in Figure 5.19 for corporate outputs.
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Figure 5. 21: Weights of inputs contributed for the MC’s total rainfall output (MCTR) at February month
multi-output network training, which has been extracted for the output MCTR from Figure 5.19.

Figure 5. 22: Comparison between actual and network output for the partial rainfall 1 in the Low category of
the February month multi-output network.

Figure 5.23 illustrates the weights of inputs as they contributed to the partial rainfall in the
Low category (MC-DPRP-1) at network training relevant to the multi-output network for the
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month of February, relating to Table 5.6, and Figures 5.13, 5.15 and 5.20. Figure 5.21 has
been separated from the contributions illustrated in Figure 5.19 for corporate outputs.

Figure 5. 23: Weights of inputs contributed for the MC-DPRP-1 at February month multi-output network
training, which has been extracted for the output MC-DPRP-1 from Figure 5.19.

Figure 5. 24: Actual and network output for the whole dataset of partial rainfall in the Medium Low category.
Trend line shows the validity between actual and forecast, but the best forecast is from the trained network.

Figure 5.25 illustrates the weights of inputs as they contributed to the partial rainfall in the
Medium Low category (MC-DPRP-2) at network training relevant to the multi-output
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network for the month of February relating to Table 5.6, and Figures 5.13, 5.15 and 5.20.
Figure 5.21 has been separated from the contributions illustrated in Figure 5.19 for
corporate outputs.

Figure 5. 25: Weights of inputs contributed for the MC-DPRP-2 at February month multi-output network
training, which has been extracted for the output MC-DPRP-2 from Figure 5.19.

Figure 5. 26: Actual and network output for the whole dataset of partial rainfall in Medium High category.
Trend line shows the level of validity between actual and forecast, and forecast is only reconstructed from
the trained network.
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Figure 5.27 illustrates the weights of inputs as they contributed to the partial rainfall in the
Medium High category (MC-DPRP-3) at network training relevant to the multi-output
network for the month of February, relating to Table 5.6, and Figures 5.13, 5.15 and 5.20.
Figure 5.21 has been separated from the contributions illustrated in Figure 5.19 for
corporate outputs.

Figure 5. 27: Weights of inputs contributed for the MC-DPRP-3 at February month multi-output network
training, which has been extracted for the output MC-DPRP-3 from Figure 5.19.
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Figure 5. 28: Actual and network output for the whole dataset of partial rainfall in the High category. Trend
line shows the level of validity between actual and forecast for forecasting, but the best forecast is from the
trained network.

Figure 5.29 illustrates the weights of inputs as they contributed to the partial rainfall in the
High category (MC-DPRP-4) at network training relevant to the multi-output network for the
month of February, relating to Table 5.6, and Figures 5.13, 5.15 and 5.20. Figure 5.21 has
been separated from the contributions illustrated in Figure 5.19 for corporate outputs.

Figure 5. 29: Weights of inputs contributed for the MC-DPRP-4 at February month multi-output network
training, which has been extracted for the output MC-DPRP-4 from Figure 5.19.
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5.4

Analysis of Uncertainty

Uncertainty in nonlinear situations is calculated using the residual standard deviation rather
than the standard deviation for linear models that could demonstrate normal distributions.
The residual standard deviation SDᵣₑᵪ is calculated using the formulae given in Equation 5.15.
𝑺𝑫𝒓𝒆𝒙

𝒏

∑𝒊=𝟏(𝐲𝐢 −𝐝𝐢 )𝟐

=√

Equation 5. 15

𝐧−𝐩

Where dᵢ is the iᵗʰ desired signal and yᵢ is the output (predicted) signal for n number of data
rows, p is the number of prediction parameters, and (n-p) is the degrees of freedom.
Table 5. 9: Uncertainty levels against each model specified above – the upper part of each row indicates the
uncertainty range, whilst the lower part indicates the percentage or the level of uncertainty. In the last row of
ENA2MC_Feb (5.3.4), ‘Total of Partial Rainfalls’ is the uncertainty from the summation of all partial rainfall
forecasts (Partial Rainfall 1+ Partial Rainfall 2+ Partial Rainfall 3+ Partial Rainfall 4), which gives the best
lowest uncertainty.

Uncertainty
Relationship

Output Parameter

Range

Percentage

5.2.1

MC_Rain/Elevation

MC Total Rainfall

27.25 ± 1.15

4.2%

5.3.3

ENA2MC_Jan

MC Total Rainfall

334.15 ± 34.89

10.4%

5.3.4

ENA2MC_Feb

MC Total Rainfall

594.70 ± 57.8

9. 6%

MC Partial Rainfall 1

39.4 ± 15.2

38.6%

MC Partial Rainfall 2

101.5 ± 20.7

20.4%

MC Partial Rainfall 3

171.5 ± 74.5

43.4%

MC Partial Rainfall 4

292.02 ± 60.3

20.6%

MC Total of Partial Rainfalls

604.43 ± 8.8

1.5%

Considering the ENA2MC_Feb model, which incorporates into the chain model of POS2MC,
the best results are received from the ‘Total of Partial Rainfalls’ with the lowest uncertainty
level and 99.9% correlation coefficient (Table 5.9).
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5.5

Summary of findings

In this Chapter, results regarding the ENA2MC model are as follows:


A relationship has been shown to describe MC rainfall distribution and its elevation
(5.2.1).



The total rainfall model specified in 5.3.3 is to forecast January total rainfall
distribution from January ENA partial rainfall distributions weighted by MC elevation
(say, ENA2MC_Jan).



The partial rainfall model explained in 5.3.4 forecasts the February total and partial
rainfall distributions from February ENA partial rainfall distributions weighted by MC
elevation (say, ENA2MC_Feb).

The purpose of ENA2MC_Jan is to show and confirm that four inputs (ENA partial rainfalls
weighted by MC elevation) out of the total possible input parameters (in this case 15), are
the only inputs effectively participating in the model. Furthermore, the uncertainty level of
this also contains the similar values to the uncertainty level of the total rainfall component
of ENA2MC_Feb. Therefore, for the corporate model, which has the chain connection with
POS2ATMOS, ATMOS2ENA and ENA2MC, the model ENA2MC_Feb has been the illustrated
example for ENA2MC.
The findings from these models can be highlighted below.
1. Elevation Models
a. ENA elevation did not show relationship with ENATR.
b. MC elevation has an almost linear relationship with MCTR.
2. MC rainfalls from ENA rainfalls
a. MCTR did not show an acceptable relationship with ENATR.
b. MCTR showed a relationship with ENADPRP or ENADPRProb with a
correlation coefficient above 95%.
3. MC rainfalls from ENA weighted rainfalls
a. MCTR could not be predicted from ENA weighted total rainfall.
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b. A strong relationship between MC-DPRP/MC-DPRProb and ENADPRP/ENADPRProb exists and a single network has been trained and found to forecast
five variables: MCTR and MC-DPRP/MC-DPRProbs.
4. Effect of each ENA partial rainfalls on each MC partial rainfalls
This research is also considers
a. The impact that occurs from each of the ENA-DPRPs on the MCTR and each of
MC-DPRPs, and/or
b. How the chances of receiving ENA partial rainfalls influence chances of
receiving MC total and partial rainfalls.
c. The accuracy of the results received showing less than 2% uncertainty for
February between actual MC total rainfall and predicted total rainfall
obtained as a total from individual MC partial rainfall predictions.
5. There is a nature-produced and empirically-proven mathematical weight matrix,
which attracted MC total and partial rainfalls. The Weight Matrix is MC Elevation.
6. From Figures 5.11, 5. 21, 5.23, 5.25, 5.27 and 5.29 (and also from Figure 5.19) it is
noticed that that
a. ENA partial rainfalls are influential on MC total and partial rainfalls, whereas
ENA total rainfall, ENA elevation and distance variables are very limited
participating inputs.
b. Out of the participating ENA partial rainfalls, ENA High (ENA-DPRP-4) and
Medium Low (ENA-DPRP-2) partial rainfall categories have been the most
influential on MC total and partial rainfalls.
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Chapter 6
In this chapter two models that bring POS variability to ENA, which is an integration of
POS2ATMOS and ATMOS2ENA, denoting POS2ENA, have been demonstrated. The POS2ENA
has two parts: the effect of POS variability forecasting Atmospheric variability over the PO is
explained in Part I, whilst the effect of ENA-SCR variability extracted from Atmospheric
variability over the PO predicting ENA rainfall variability is described in Part II. POS2ENA is a
virtual combination of POS2ATMOS and ATMOS2ENA.

Part I – Atmospheric Cloud and Water Vapour from the Pacific
Ocean Surface Properties
Energies associated with heat content and the wind over the oceanic surface could drive to
make layers of water vapour and clouds in the atmosphere. The internal energy of the PO,
and other energies characterised on the PO surface such as SST, wind components, air
temperature, Coriolis force, solar radiation, Earth’s albedo and surface turbulence etc.,
result in water evaporation to the atmosphere. The net heat flux through the sea surface is
consisted of Qsw (shortwave flux), Qlw (longwave flux), Qs (sensible heat flux) and Ql (latent
heat flux). Qsw is the incoming solar radiation fall on the sea surface and penetrates the
surface, warming it down to few metres, Qlw is the heat occuring as blackbody radiation
going out of the surface, Qs is the heat flux through surface turbulence and Ql is the heat
carried by evaporated water. If a moist air parcel is lifted, it cools adiabatically, and if this
cooling is adequate enough to saturate the air parcel, part of water vapour condenses into
water droplets forming clouds and releasing the latent heat that was in the vapour, thus
warming up the air parcel to become instable and buoyant. This process, raising water
vapour mixed in air parcels, changing its conditions frequently in the stratosphere and,
creating clouds that will eventually make rainfalls, is moist convection. In this research,
moist convection is assumed to be taken as a period of two-months for simplicity and to
determine whether there is a relationship between POS and the atmospheric variables
considered here. Oceanic and atmospheric physics are not going to be discussed in further
detail as the methodology specified in this research is different.
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Water vapour, which has the precipitable water content in terms of TPW, and clouds that
relate to CLWC, are measured in metres or millimetres, similar to rainfall measurements.
Depending on the conditions of the clouds, rain could fall from the atmosphere. In this
chapter, factors related to some of these conditions have been considered to create a
relationship between ocean surface properties and atmospheric water vapour (TPW) and
clouds. Variables from satellite data have been organised as elaborated in the methodology
chapter (Chapter 4), where this model development commences.
Spatial and temporal atmospheric TPW, CLWC, and air temperature and air pressure at the
cloud top, were the major atmospheric variables considered, whilst longitude, latitude, SST,
sea surface air temperature (SAT) at 10m high, wind vector components (U and V), wind
speed squared and heat energy components were the ocean surface properties applied in
these models.
Once water vapour escapes from the ocean surface, it is subjected to environmental
changes that may affect the state of vapour. For example, temperature, sunlight, wind,
humidity, pressure etc. are some of the factors that may affect water vapour. These
conditions may change according to the varying geographical conditions, since water vapour
could be taken away by the wind. In brief, the water vapour is in chaotic conditions at
temporal and spatial coordinates. However, variability of water vapour alone was not
discussed and investigated in this study. Since there could be high uncertainties in the
atmospheric and PO surface variables, ANN technology, which is one of the superior models
for handling non-linearity and adaptability, was chosen to be applied to develop
aforementioned relationships. ANN was also successful in the rainfall downscaling models
discussed in chapter 5 in this project, as well as discussed in chapter 3.
Using the ANN technology, strong relationships were established between the atmospheric
properties of each month from the ocean surface properties, lagged by (behind) twomonths. For example, the January model, which has been developed from the January
ocean surface properties, could forecast March atmospheric data, and the February model
could predict April atmospheric data, and so on. In this context, the November model, based
on November ocean surface properties, has been demonstrated to forecast two-months
lagged January atmospheric data.
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The contribution of the amount of the ocean surface variables on each atmospheric variable
were also received from the November model at the training of the relationships. The same
results have also been obtained for the models of other months, which are included in
Appendix III. The model set has been referenced to be POS2ATMOS.

6.1

Input Region

As Australia is bordering the PO in the east and north, the PO’s climate influence is very high
especially on the northern and eastern parts of Australia. Being the largest ocean on our
planet, covering half of the world's ocean area (about 169,479,000 km²), occupying onethrid of Earth’s surface and extending from the Artic to Antarctic, the PO interacts with
hundreds of millions of people. This impact of these interactions threatens the future of life
within the Pacific, and hence the future of our global climate. The maximum length of the
PO is 14,500 km, and its greatest width 17,700 km is between the Isthmus of Panama and
the Malay Peninsula. The earth’s deepest ocean floor, the Mariana Trench, is also found in
the PO. Surrounded by a large number of active volcanoes—the Pacific Ring of Fire—the PO
contains about 25,000 islands. It has been considered to be the engine room of Earth’s
climate (http://www.centerforoceansolutions.org/). Therefore the climate variability of the
PO across its atmospheric variability were analysed in this study.
A region, which covers almost the whole PO between the geo-coordinates (115, 43) and
(290, -62) or encapsulated by the red rectangle shown in Figure 6.1, has been used here.
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Figure 6. 1: The PO region considered for this study is encircled by the red rectangle, between the geocoordinates (longitude, latitude) = [(115, 43) , (290, -62) ]. The PO is the largest water body which has about
50% of the world’s ocean water.

6.2

Variables used:

Since the PO surface properties could also vary spatially, the spatial variables longitude and
latitude were included as inputs. In addition to spatial variation there could be temporal
differences between the inputs and outputs. Therefore, the input and output variables were
temporally set apart to be lagged by two-months.
For each month there were two types of relationships attempted and hence two networks
were established. Moisture variables (TPW and CLWC) were forecasted correctly from a
single network, and another network trained for CTAT and CTAP. Eventually a good network
was created to be trained for forecasting all four atmospheric variables from this single
network.
In brief, one network was established to forecast TPW and CLWC, and another to forecast
TPW, CLWC, CTAT and CTAP. Nonetheless, both relationships are explained in this context.
These networks have been noted as POS2ATMOS-1 and POS2ATMOS-2, which have same
set of input variables. Inputs and outputs of the networks are shown in Table 6.1.
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Table 6. 1: Input and output variables for the ANN models established for each month, and meaningful
variable names given. Network 1 forecasts two output variables and Network 2 has four. Incredibly, a same
network structures with slight changes, can be used for forecasting all the months of the year.

Note: Two models, which stand for each month other than these models, predict TPW and

CLWC from one network and CTAT and CTAP from the other network. They are briefed in
Appendix III and sufficient to accomplish the objective. A single network can be found to
forecast all atmospheric parameters similar to the one explained above.
Inputs (PO ocean surface properties):
Longitude and latitude are used as spatial variables, as specified above. SST is ocean (sea)
surface temperature, whilst the ‘Surf Air Temp’ is the surface air temperature measured at
10 m above the ocean surface. Temperature variability between the ocean surface and
surface air temperature is the ‘Dif between SST and Surf Air Temp’. The wind vector
component at 10 m, U and V, are zonal and meridinal velocities, which are the horizontal
wind speed components or the wind vector azimuth.
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Variables ‘Square of Wind Speed’ (WindSpeedSquare) and ‘Energy required to develop TPW’
(WindAndEnergyForTPW) are energy related variables. The former is related to kinetic
energy (KE) due to wind given by the Equation 6.1.
𝑬=

𝟏
𝟐

𝒎𝒗𝟐𝟏𝟎

Equation 6. 1

Where v₁₀ is the velocity of the ocean surface wind at 10 m high and m is the mass of the air
parcel, which is given by Equation 6.2.
𝒗𝟏𝟎 = √(𝒘𝒗_𝑼𝒂𝒗𝒈)𝟐 + (𝒘𝒗_𝑽𝒂𝒗𝒈)𝟐

Equation 6. 2

The ‘Energy required to develop TPW’ is a component given by the multiplication of wind

velocity and the temperature difference between the surface and air of the sensible heat
flux (SHF) of the ocean surface. Since SST is separately used related to direct heat content,
SHF, which is the heat flux that is transferred to the atmosphere due to turbulent exchange
of heat on the ocean surface, is given in Equation 6.3.
𝑺𝑯𝑭 = 𝝆𝒂𝒊𝒓 𝑪𝒑 𝑪𝑺 𝒗𝟏𝟎 (𝑺𝑺𝑻 − 𝑻𝒂𝒊𝒓 )

Equation 6. 3

Where ρₐᵢᵣ = density of the air at the ocean surface, Cp is specific heat of air, Cs is stabilitydependent bulk transfer coefficient of air, SST is the sea surface temperature, Tₐᵢᵣ is the air
temperature at 10 km height of the surface. The partial component v10 (SST − Tair ) has
been taken from SHF, assuming the variability of ρₐᵢᵣ, Cp, Cs, Tₐᵢᵣ are relatively small
considering their affected variability is negligible. However, the long-wave radiation that
occurs by Flank’s black body radiation law has not been taken into consideration.
Outputs (atmospheric properties over PO):
As shown in the Table 6.1, output variables are TPW, atmospheric CLWC, CTAT and CTAP.
Variables were the averages of 11 years' data from 2002 to 2012. As mentioned above, the
two relationships established and two networks trained, which forecast January
atmospheric variables from November PO surface variables, are explained in this context
and the rest is illustrated in Appendix III.
Datasets:
The total dataset consisted of 17,084 rows, from which training, cross validation and testing
datasets were randomly selected in approximately a basis of 70%, 20% and 10%. Training
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and cross validation datasets were involved in training, and the latter was used to validate
the model.

6.3

Network 1/POS2ATMOS-1

The network structure of the ANN found is depicted in Table 6.2. The topology of the
network was multilayer perceptron and, input and output layers were mapped to be PO
surface and atmosphere over PO, respectively. There were 6 hidden layers and output of
the ‘Network 1’ has two variables.

6.3.1

Network structure

Table 6. 2: ANN architecture for the Network 1, showing input and out layers that mapped with PO surface
and atmosphere over the PO.
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6.3.2

Training Performance

Initial results revealed a single output network, but following several further trials, a
network was found to forecast TPW and CLWC. The training performance of this network is
depicted in Figure 6.2 and the embedded table in this figure is from 1,500 iterations.

Figure 6. 2: Training performance of a trained ANN, which could forecast two variable normalised outputs for
TPW and CLWC over the PO, from PO surface normalised inputs. MSE was very low and the network got well
trained from 1,500 iteration cycles.
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6.3.3

Validation:

Confirming the training performance shown above, for lagged TPW and CLWC, the test
dataset applied shows 97% and 99% with low MSE and MAE values, it has been a good
network that could forecast these variables from two-months lagged PO surface properties.
Table 6. 3: Performance measures of forecast demonstrated from the test dataset. This validates the
suitability of network 1 to forecast atmospheric TPW and CLWC two-months in advance, from the PO surface
properties.

Validation: CLWC
The network’s CLWC forecast from the test dataset, which has 1,500 rows and not involved
in network training, is shown in Figure 6.3. It is close fitting with the actual TPW,
demonstrating a 97% correlation and low MSEs as displayed in Table 6.3.

Figure 6. 3: Validation of the model component CLWC. This demonstrates the close fitting of actual versus
network output CLWC.
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Validation: TPW
Similarly, the network’s TPW forecast from the test dataset is shown in Figure 6.4. This
demonstrates a 99% correlation with actual TPW at low MSEs as displayed in Table 6.3.

Figure 6. 4: Validation of the model component TPW. This demonstrates the close fitting of actual versus
network output TPW.

6.3.4

Parameter Contribution

Overall Parameter Contribution - chart format
Input parameters have contributed in the training in accordance with the following chart.
This chart shows that the parameters were weighted for CLWC to TPW in about 14% and
86% at the training. Based on this, the absolute percentages contributed are shown in
Figure 6.5 and Table 6.4.
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Figure 6. 5: Absolute contributions shown at the training. Blue: CLWC and Red: TPW. Notice that TPW is
dominating in the model, which means inputs of the model are more attractive to TPW than CLWC. Values are
displayed in Table 6.4

Overall Parameter Contribution – Numeric
Numerical representation of input parameter contributions are depicted in Table 6.4.
Table 6. 4: Numerical representation of parameter contributions is displayed in Figure 6.5. Total
contributions of the network on CLWC and TPW were about 14:86 in percentages, which sums to 100%.
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6.3.5

Forecast from the whole dataset

CLWC whole dataset:
Scatterplot:

The CLWC whole dataset (17085 rows) has been plotted on a scatterplot as shown in Figure
6.6.

Figure 6. 6: Scatterplot between CLWC actual and network output. Degree of the equation of the trend line is
six, which is better compared with 0.93 of its R2 on forecast to actual.

A comparison line, which shows the TCLW forecast better fitting with actual, is shown in
Figure 6.6, derived from ANN oriented Network 1 from several input variables passing
through hidden layers to the output layer.
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Parameter Contribution for CLWC:

Figure 6. 7: Parameter contribution extracted separately for the CLWC from Figure 6.5

Figure 6.7 indicates the most effective variable for CLWC forecast of the POS2ATMOS-1
network is the difference between SST and surface air temperature, followed by the
longitude spatial coordinates, SST, zonal wind speed, surface air temperature, energy
component required to create CLWC, meridian wind speed, latitude of the spatial
coordinates and quantity of the wind speed. Wind speed can be neglected and removed as
it is the lowest and the zonal and meridional components represent the wind speed. It was
included in the input dataset to investigate which wind speed entity is more appropriate,
whether scalar wind speed or its vector (zonal and meridional) components.
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TPW from the whole dataset:
Scatterplot:

Similar to Figure 6.6, the TPW (in mm) whole dataset (17,085 rows) has been plotted using a
scatterplot, as shown in Figure 6.8.

Figure 6. 8: Scatterplot between TPW actual and network output. Degree of the equation of the trend line is
three fitting with R2 showing 0.98

This shows that PO surface properties forecast TPW is better fitting with actual, which is
even better when compared to CLWC forecast depicted in Figure 6.6.
Parameter Contribution:
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Figure 6. 9: Parameter contribution extracted separately for the TPW from Figure 6.5

Figure 6.9 indicates that the most effective variable for TPW of the multi-output
POS2ATMOS-1 network is the longitude of the spatial coordinates. The variables surface air
temperature, latitude of the spatial coordinates, SST, and zonal wind speed almost equally
contribute, while quantity of the wind speed and the difference between SST and surface air
temperature contribute the next highest percentage. The meridional wind speed and energy
component required to create TPW are the lowest contributors.

6.4

Network 2/POS2ATMOS-2

6.4.1 Network Structure
A multilayer perceptron neural network was found to be a better topology and its structure
is explained in Table 6.5. Longitude, latitude, SST, surface air temperature, difference
between SST and surface air temperature, wind vector U and V components, square of wind
speed, and partial component of wind and thermal energy combination required for TPW,
were the inputs to the network.
Table 6. 5: ANN found for 2 months' lagged atmospheric TPW, CLWC and cloud top air temperature, and
pressure from PO surface properties. The left pane shows the PO surface inputs to the network. The first row
indicates the best topology of the network, multilayer perceptron (MLP), which has supervised training
modes. The top right pane shows the number of processing elements of the supervised layer, which has six
hidden layers, and the bottom right pane indicates outputs.

6.4.2 Training Performance
Initial results showed that training of single output network could be possible, and after
several trials a network was found to exist for the outputs – TPW, CLWC, CTAT and CTAP.
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The training performance of this network is depicted in Figure 6.8 with the supporting
embedded table.
The training performance of the network in Table 6.5 is shown in Figure 6.10.

Figure 6. 10: Results of the trained neural network shown in Table 6.5: Low MSE for normalised inputs
displayed with 1,500 training iterations.

6.4.3 Validation:
The trained network has been validated using a test dataset that has never been engaged in
the training. The overall performance is depicted in the Table 6.6. Low MSE, MAE and high
correlation coefficients for each output variable indicate the validity and suitability of the
network for forecasting.
Table 6. 6: Overall Performance of Network 2, shown from test dataset, which has not been engaged in the
training.
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Validation: CLWC
Validation of the two-months lagged CLWC shown in column 2 of Table 6.6 is emphasised in
Figure 6.11. The close relationship with a 96% correlation coefficient between actual and
network output indicates a strong connection between the November PO surface properties
and the two-months delayed January CLWC.

Figure 6. 11: Strong relationship with a 96% correlation coefficient between the November PO surface
properties and two-months' lagged January CLWC.
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Validation: TPW
Similarly, Figure 6.12 reveals the actual TPW compared with network output with a 99%
correlation coefficient relevant to column 3 of Table 6.6, indicating a strong association
between the November PO surface properties and the two-months' delayed January TPW.

Figure 6. 12: Relationship between actual and network output of atmospheric TPW from the test dataset
which has never been used in the network training. The correlation coefficient is 99%.
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Validation: CTAT
For the cloud top air temperature, the link is shown in Figure 6.13, with an 82% correlation
coefficient.

Figure 6. 13: Relationship between actual and network output of atmospheric cloud top air temperature from
the test dataset which has never been used in the network training. The correlation coefficient is 82%.

Validation: CTAP
Performance of the air pressure from the test dataset is again very strong with a 95%
correlation coefficient, as indicated in Figure 6.14.

Figure 6. 14: Relationship between actual and network output of atmospheric cloud top air pressure from the
test dataset which has never been used in the network training. The correlation coefficient is 95%.
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6.4.4 Input Parameter Contribution
Input parameters, which were the November PO surface properties, have contributed to the
Network 2 training as shown in Figure 6.15. For example, the V component of the wind
vector was shown to be the highest contributor for atmospheric TPW, whilst SST was the
predominant variable for CLWC. This is verified in Table 6.7, which shows the numerical
values of the histogram.

Figure 6. 15: Chart shows the contribution amount of each input parameter towards each output. Sky-blue for
the output CLWC, purple for TPW, yellow for cloud top air temperature and light blue for cloud top air
pressure.

Table 6.8 indicates that the PO surface variables in the ‘Input Variable’ column favour 16%,
40%, 22% and 22% for the output variables, TPW, CLWC, CTAT and CTAP, respectively. Each
cell of each column gives the contributed percentage from each input.
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Table 6. 7: Numerical values related to input parameter contribution shown in Figure 6.15, for output
parameters. This is an overall distribution of the contributions. It is envisaged that each contribution is a
component of the grand total (100%), which is the summation of the column total of all columns.

6.4.5 Comparison between actual and forecast from the whole dataset:
Whole CLWC dataset:
Scatterplot:

When the whole dataset was applied in the network to forecast CLWC, its scatterplot
comparison indicates a good relationship between forecast rainfall from the model and its
inputs, as shown in Figure 6.16.
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Figure 6. 16: Scatterplot of CLWC in January - actual versus Network 2 output.

Parameter Contribution:

Figure 6.17 indicates that the most effective variable for CLWC of the multi-output
POS2ATMOS-2 network is the SST formation, extracted from the consolidated parameter
contribution shown in Figure 6.14, followed by the geographic location, longitude and
latitude. All the input variables seem to be important.

Figure 6. 17: Parameter contribution extracted separately for the CLWC from Figure 6.14.

Whole dataset for TPW:
Scatterplot:

When the whole dataset was applied in the network to forecast atmospheric TPW, its
scatterplot indicates a very good relationship between the forecast and its inputs to the
model, as shown in Figure 6.18.
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Figure 6. 18: Scatterplot of TPW in January - actual versus Network 2 output.

Parameter Contribution:

Figure 6.19 indicates that the most effective variable for TPW of the multi-output
POS2ATMOS-2 network is the meridional wind component, extracted from the consolidated
parameter contribution shown in Figure 6.15. In this case, of the geo-coordinates, latitude
has more weight than longitude. Nonetheless, all of the input variables seem to be
important.

Figure 6. 19: Parameter contribution extracted separately for the TPW from Figure 6.15
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Whole dataset for CTAT:
Scatterplot:

Similarly, the scatterplot for CTAT and the related comparison between actual and forecast
as is shown in Figure 6.20.

Figure 6. 20: Scatterplot of CTAT in January - actual versus Network 2 output.
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Parameter Contribution:

Figure 6.21 indicates that the most effective variable for CTAT of the multi-output
POS2ATMOS-2 network is SST as extracted from the consolidated parameter contribution,
followed by the temperature difference between POS and Pacific Ocean surface air
temperature, and the meridional wind component. All the input variables appear to be
important.

Figure 6. 21: Parameter contribution extracted separately for the CTAT from Figure 6.15
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Whole dataset for CTAP:
Scatterplot:

Figure 6.22 depicts good relationship between the model forecast and its model inputs.

Figure 6. 22: Scatterplot of CTAP in January - actual versus Network 2 output.

Parameter Contribution:

Figure 6.23 indicates that the most effective variable for CTAP of the multi-output
POS2ATMOS-2 network is longitude as extracted from the consolidated parameter
contribution shown in Figure 6.14, followed by latitude and SST. All the input variables are
important in this model.
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Figure 6. 23: Parameter contribution extracted separately for the CTAP from Figure 6.14

Part II – Determination of Pacific Ocean ENA rainfall from
atmospheric variables over the western Pacific Ocean
As explained in Chapter 3, solar energy is responsible for weather changes in the
atmosphere. Depending on the conditions of the clouds, rain could fall from the
atmosphere. Those reviews have indicated that cloud top temperatures and pressures seem
to influence TPW and CLWC to make surface rainfalls (page 74 in the section Atmospheric
Role). CTAT seem to correspond with higher rainfalls for convective clouds than stratiform
rains. Both stratiform and convective rains occur at maximum or close maximum CLWC and
intermediate TPW values, respectively. Whatever the cloud formation over the PO or any
other region such as Indian Ocean, clouds available in the coastal region may influence the
rainfall over the land area of Australia. Water vapour and clouds, which have their water
vapour in terms of TPW, and cloud conditions near the eastern and northern coastal regions
of Australia, have been assumed to be affecting ENA rainfall.
Spatial and temporal atmospheric TPW, CLWC, and air temperature and air pressure at the
cloud top were the major atmospheric variables closer to the coastal region of the ENA
boundary considered. Models established between ENA rainfall, and current and one month
lagged atmospheric variables, are explained in this Chapter.
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General Circulation Models appeared to have drawbacks as discussed in the literature
review, Chapter 3. On the other, hand less expensive ANN models have shown good
performance in climate and hydrological extents. Since there could be a massive number of
uncertainties in the atmospheric variables, ANN technology, which is one of the best for
handling non-linearity and adaptability, was chosen to be applied to develop the
aforementioned models. ANN was also successful in the rainfall downscaling models
discussed in Chapter 5, as well as in relationships between the PO Surface climate variables
and atmospheric parameters illustrated in this chapter.
The models described in this part of the chapter were intended to use one month lagged
atmospheric variables to forecast ENA rainfall. Atmospheric variable data were downloaded
from databases as explained in Chapter 4, and ENA rainfall data were received from the
BOM. They were pre-processed prior to developing ANN models, and coastal atmospheric
data were extracted from the entire dataset over the PO. The model set has been
referenced as ATMOS2ENA.

6.5 Area Focussed
The ENA and Coastal region of eastern and northern Australia (Figure 4.3 in Chapter 4) are
the study areas for this particular model. As climate variability in the Pacific Ocean
influences climate variability of ENA, ENA has been chosen to model its rainfall variability
from PO climate variability.
ENA is not the target region concerning the rainfall variability. Therefore not much
information is illustrated here about ENA other than its rainfall variability. All the necessary
information related to ENA rainfall has been depicted in chapter 5.
Atmospheric properties of the coastal region of ENA have been filtered from the clouds and
atmospheric properties of the entire PO region, since closer atmosphere is affecting rainfall
of the ENA. Each month’s average ENA rainfall variability was discussed in chapter 5 and
atmospheric data over PO have been arranged in Part 1 of this chapter (page: 145 in the
section Inputs (PO ocean surface properties)).
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6.5.1 Rainfall Stations and Patterns
Section 5.1.3 of chapter 5 described the average ENA rainfall patterns of all the months of
the year (Figure 5.6). Those patterns appear to observe that there is a rainfall variation
along the coastal region of the northern and eastern parts of Australia. They indicate that
January, February and March experience a high rainfall pattern on the northern coast than
the eastern coast, which means there are more referenced rainfall patterns in the northern
parts than that of eastern parts during this period. Rainfall pattern is in variation from April
through to October, moving from northern parts through to the southeastern parts,
followed by the reverse trend towards the north starting from November through to
January.
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Figure 6. 24: ENA monthly mean rainfall variation during 2002–2012 (Data Source: BOM)

Figure 6.24 illustrates the average ENA rainfalls of all the months per section 5.1.3. Rains
falling during December, January, February and March could have been very high in the
northern parts, while very low rains could have fallen in the eastern parts. In contrast,
winter rainfall received during May–October in the northern parts could have been lower
than that received in the eastern parts. But analysis in this regard was not carried out to
retrieve state-wise rainfall patterns as it is beyond the scope of this project (rainfall
distribution of the whole ENA is the only focus in Part II of this chapter).
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The same dataset that was interpolated as in chapter 4 and section 5.1.4 was used as the
target dataset in this model.

6.5.2 Modelling technology
ANN was also the technology used in this chapter to model the relationship between
atmospheric variables in the coastal region and the ENA rainfall, as discussed in chapter 3.

6.6

Models

Twelve models have been developed, representing each month to forecast the next month's
ENA rainfall. In this chapter the model developed to predict February rainfall of ENA, from
January atmospheric data, is illustrated here. The brief descriptions of the rest have been
included in Appendix III.

6.6.1. Variables
Interpolated and averaged ENA total rainfalls (Chapter 5) for each month have been the
target output. Input variables were arranged in a similar fashion to Part I of this chapter,
taking mean atmospheric variables over the PO during 2002–2012. Then a dataset of spatial
locations in the ENA coastal region has been extracted using MS SQL Server database.
This model is the intermediate or the bridging model that connects the downscaling model
specified in Chapter 5 and the model established to relate between surface properties of
the PO and atmospheric properties over the PO, explained in Part 1 of this chapter. This
connection delivers the PO surface properties into MC rainfall distribution. Inputs and
outputs inclusive of network topology of the model are shown in Table 6.8.
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6.6.2. ENA Rainfall Model for February (Total/Average Rainfall)
The final ANN topology found was Multi-Layer Perceptron (MLP) with 4 hidden layers, as
depicted in Table 6.8. Inputs to the network have been last (January) month’s atmospheric
datasets and the common dataset (distance and latitude), as shown in Table 6.8.
Table 6. 8: Optimal topology found for the February relationship between Feb ENA total rainfall and Jan ENA
coastal region atmospheric variables, including inputs hidden and output layers with respective Processing
Elements. Input and output variables are displayed in the left pane.

Training performance
Atraining performance chart of the network for the relationship between February ENA
average/total rainfall and the January ENA coastal region atmospheric variables together
with common variables, is illustrated in Figure 6.25. This chart also includes cross validation
(CV) performance and shows the results from two runs, each having 50,000 iterations. At
the final iteration, 50,000, the CV pattern demonstrates the lowest mean square error value
as well as the training MSE, which indicates the best network performance point.
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Figure 6. 25: Training and cross validation (CV) performance (MSEs). The chart shows the training and CV
patterns at run 1 and run 2 and each of both runs has 40,000 iterations. Training was considered completed
at the point where the MSE of cross validation starts increasing – at the 9,943th iteration in run #2.

Model Validation
A test or validation dataset, which was independent from training and cross validation
datasets (means test dataset was not involved in training), has been deployed in the model
to ascertain the validity of the model. Figure 6.26 demonstrates the validation results from
the test dataset.

Figure 6. 26: Validation - Total ENA Rain: Actual vs Network forecast for the Test Dataset. The model shows a
95% correlation coefficient between actual and forecast.

Performance measures of the validation are displayed in Table 6.9. MSE and minimum
absolute errors are shown to be very low. Mean absolute error (MAE) is fairly low
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suggesting that it is skewed towards minimum absolute error. All these and the 92%
correlation coefficient indicate the model’s ability of forecasting the February average/total
rainfall from the previous (January) month’s atmospheric variables in the coastal region of
ENA.
Table 6. 9: Performance measures of the model for the validation dataset.

Parameter contribution
Numerical presentation of input parameter contributions is shown in Table 6.10. A distance
scalar space has been defined to be the distance between ENA points, and the ENA coastal
points as distanceToTPWPoint. The variable distanceToTPWPoint has been the obvious
highest contribution, followed by last month’s CTAPCTAT. Latitude of the ENA-SCR, last
month’s surface air temperature, last month’s TPW and CLWC are the next levels of
influence in ENA rainfall. This indicates that although TPW and CLWC are necessary
parameters to bring rainfall into ENA, other parameters are more influential.
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Table 6. 10: Numerical representation of parameter contribution - highest to lowest of January ENA-SCR
input variables.

Graphical representation of parameter contribution is illustrated in Figure 6.27.

Figure 6. 27: Graphical representation of parameter contribution - highest to lowest of January ENA-SCR
input variables.

This presentation clearly shows that distanceToTPWPoint and Last month’s (January) CTAP
are the most influential parameters on ENA rainfall variability.
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Model application on the whole dataset
The validated model has been applied to the entire dataset as illustrated in Figure 6.28.

Figure 6. 28: Model application on total dataset - Total ENA rainfall indicates a good relationship between
forecast rainfall from the model and its inputs.

Figure 6.28 indicates that there is a good relationship between the model output (ENA
rainfall) and its inputs.

6.7

Analysis of Uncertainty

Relationship
6.3

6.4

6.6

POS2ATMOS-1

POS2ATMOS-2

ATMOS2ENA

Uncertainty

Output
Parameter

Range

Percentage

CLWC

0.018 ± 0.007

39.8%

TPW

23 ± 2.3

10%

CLWC

0.018 ± 0.008

41%

TPW

23 ± 2.6

11%

CTAT

255 ± 6

2%

CTAP

540 ± 27

5%

ENA Rainfall

83 ± 27

33.5%

174

Compared to POS2ATMOS-1, POS2ATMOS-2POS2ATMOS-2 is suitable as it forecasts all four
atmospheric variables from POS climate variability since there is not much difference in
uncertainties of CLWC and TPW. CTAT and CTAP have been forecasted with low uncertainty.

6.8

Summary

There were two neural networks found to be useful for forecasting atmospheric variables
two-months in advance from POS variability. The Network-1 or POS2ATMOS-1 could
forecast TPW and CLWC, whilst Network-2 or POS2ATMOS-2 could predict TPW, CLWC,
CTAT and CTAP, based on the PO surface properties. Both networks performed very well to
predict atmospheric variables.
A neural network model was found to forecast ENA February rainfall variability from the
January atmospheric variability of the coastal region of ENA. The POS2ATMOS model,
described in Part I of this Chapter, was able to forecast January atmospheric variables over
the PO from PO surface variability of November of the preceding year. The ENA2MC model
described in Chapter 5 was successful in forecasting MC rainfall variability from ENA rainfall.
This means the ATMOS2ENA model is the bridge between POS2ATMOS and ENA2MC
models, and all three models are comparative in delivering MC rainfall forecast from three
months' lagged PO surface variability. The model timeline in Table 6.11 displays the lagged
information of the models in Part I and Part II (including Appendix II and Appendix III).
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Table 6. 11: Forecasting timeline from POS through to MC Rainfall

Models in the model timeline (Table 6.11) can be placed together and viewed through a
user interface. All the models can be stored in a database and retrieved through three
interfaces as requested by the user interface. The ANN package used in the development of
ANN models can generate a software snippet (Layer 2 in Figure 6.29) that loads the
topological architecture of the final network. User interface (UI) can generate a request to
this interface to receive the results. This is depicted in Figure 6.29.
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Layer 1: User Interface
Request and View

User Interface

View

(Request and View)

Result
Red Arrow: making request

Layer 2: ANN generated interface
Interface
(POS2ATMOS)

Interface
(ATMOS2ENA)

Interface
(ENA2MC)

POS2ATMOS
(2 months)

ATMOS2ENA
(1 month)

ENA2MC
(0 month)

Layer 3: Model Store
Figure 6. 29: User interface that can be implemented to collate the models together. Three layers 1, 2 and 3
are shown; Layer 1 requests the intended model and the request gets sent to the interface in layer 2
acquiring appropriate models, which reads model data from Layer 3. Results are brought back to the user
interface in the return channel sequentially to display the result.

For example, if a request is made to forecast January rainfall in the MC, it is sent to Layer 2,
which is the interface to the model data in Layer 3. Interfaces in Layer 2 request three
models: POS2ATMOS (POS: October to ATMOS: December), ATMOS2ENA (ATMOS:
December to ENA: January) and ENA2MC (ENA: January to MC: January) in Layer 3 to
acquire the model data (Table 6.11). Finally, interfaces in Layer 2 send the combined results
to Layer 1 for view. This can be implemented using the software engineering concept
‘Model View Controller’.
Finally, artificial intelligence has been successfully delegated to deliver the POS effect on
ENA rainfall distribution three months in advance.
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Chapter 7

Discussion and Conclusion
There are different characteristics related to the PO, such as ENSO, ITCZ, Walker and Hadley
circulations etc., which may be the results of energy transformations in different forms.
There are different models that have been developed to predict Australian rainfalls (e.g.
pages: 70 – 74 in the section “3.4 Pacific Oceanic and Atmospheric Connection with
Australian Rainfall”). However, the customised and unique methodologies, in conjunction
with data analyses do not seem to have been used in these studies. In page 76 (3.5
Modelling Technology), ANN was found to be a cost effective technology. For example,
Mekanik, et al. (2013) have shown their successful rainfall forecasting applied in Victoria.
Therefor the neural networks employed in this research, which have successfully
accomplished the objective, could be retrained to suit future input situations. The literature
showed that there is an existing warming trend in the MC that could lead to frequent floods
and prolonged droughts, yet declining trends in overall rainfall. On top of those
complications, there could be biophysical reasons for non-straightforward relationships
between ENA and MC rainfalls, which were accomplished through ENA partial rainfalls and
MC’s landscape/elevation as a natural weight matrix. Investigation of these reasons is left
for future research.
Uncertainty analysis indicates the ability to forecast MC’s total rainfall is within 10%, which
is better than its partial rainfalls forecasts. Moreover, the MC’s total rainfall forecast has
been optimally found by totalling MC’s partial rainfalls predicted from the same network
because the level of uncertainty in this way is less than 2% and the correlation coefficient
has been close to 1, while the average between actual and forecast has been the same.
Therefore, uncertainty measures indicates that forecasting MC’s Total rainfall from ENA
partial rainfalls has been found to be highly significant than forecasting MC’s partial
rainfalls.
Should the natural weight matrix be subject to further experimentation along with rainfall
variability, flood, moderate and drought forecasts can be further enhanced reducing the
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uncertainty, providing a better way of forecasting rainfall distributions derived from POS.
Since the ultimate result concentrates on the MC’s rainfall distribution, more concern has
been focussed on this than POS and atmospheric climate transitions.
There have been many studies carried out to forecast Australian rainfall from climate
variability. Not many of them are specific to the economically important Murrumbidgee
Catchment. A recent attempt to foresact MC rainfall from the POAMA model did not show
significant forecasts (##refernce needed here##). For example, in reference to Queensland's
rainfall prediction (as indicated in Chapter 3), the ANN approach has been pronounced as
more progressive (##reference needed##) than POAMA-2, which has been one of the best
GCMs in rainfall forecasting. A less expensive ANN approach was successfully applied in this
project, ultimately developing three models to accomplish the main objective of this thesis:
investigating the role of POS climate variability on the MC rainfall variability. But the MC is
not directly adjacent to the PO, whereas the ENA is. Thus, this led to hypothesising the MC
to be considered as a part of ENA in terms of rainfall variability, hence raising a requirement
of downscalling the MC rainfall from ENA rainfall.
Although the ENA is adjacent to the western PO, the PO may not interact directly with ENA
but rather via the atmosphere. The atmosphere over the PO receives water vapour
evaporated from the most energised water body in the world, the PO, and delivers it to the
ENA. Variability in three stages: 1) POS to Atmosphere, 2) atmosphere to ENA, and 3) ENA to
MC, required heavy pre-data processing prior to developing the models. In particular, data
related to the rainfall downscaling model received from the BoM needed strategic
procedures to be followed, which consumed more time than expected. As a by-product of
this downscaling model, a relationship with an almost 100% correlation coefficient was
found between MC rainfall and its landscape in terms of elevation. Extended analysis
showed ENA rainfall patterns behaving differently in different strengths over different
months. This led to investigation and subsequent revelation of rainfall categories and partial
rainfalls. Combination of both MC elevation results and partial rainfalls predominantly
assisted in discovering a way to develop the abovementioned downscaling model. This also
revealed a way of forecasting extreme events (droughts and floods), which are very
important to the MC. These models were so strong and able to forecast multiple outputs
from each single ANN network.
179

Two-months' lagged POS climate variability has been correlated with atmospheric variability
and one month lagged atmospheric variability was shown to be related with ENA rainfall
straightaway. But, a direct relationship between ENA and rainfall distributions was not able
to be established at all, although numerous attempts were made even with the use of
powerful ANN modelling technology. Due to the fact that the latter relationship could not
be established similar to the former relationships, a bottleneck in the research was present
until the relationship was found between the distributions of rainfall and elevation of MC,
and the introduction of ENA partial rainfalls.
Features of the models are discussed separately in the forthcoming sections.

7.1.

ENA2MC

One model predicts MC total rainfall and another forecasts all 5 variables: MCTR, four of
MC’s Dynamic Chances of Receiving Rainfalls (MC-DCRR) or Dynamic Partial Rainfall Patterns
(MC-DPRP) from ENA’s Dynamic Chances of Receiving Rainfalls (ENA-DCRR) or Dynamic
Partial Rainfall Patterns (ENA-DPRP).
Referring to Chapter 5, the above seven findings have been summarised as follows.






Unsuccessful establishment of three relationships between:
o

ENATR and ENA elevation

o

ENATR and MCTR

o

Weighted (by MC Elevation or other) ENATR and MCTR.

Successful establishment of relationships between:
o

MCTR and MC elevation

o

Weighted ENA-DCRR (ENA-DPRP) and MCTR

o

Weighted ENA-DCRR (ENA-DPRP) and MC-DCRR (MC-DPRP).

MC elevation has been the natural Weight matrix, which relates ENA rainfalls and MC
rainfalls.

It can also be concluded that there is a non-existence of a direct relationship between
rainfall distributions of ENA and MC because of the attraction of MC’s landscape on rainfall
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distribution has been shown to be unique to MC, and none of ENA’s total rainfall data could
be deployed in the rainfall relationships between ENA and MC regions under the current
condition of ENA and MC.
Input Parameter Contribution
Two downscaling models have been developed per month, one for the total rainfall and the
other for total rainfall and four MC-DPRPs. Inputs of both models have been the same and a
similar input pattern contribution has been observed, as depicted in Chapter 5 Table 5.5 for
the month of January and Table 5.8 for the month of February. In both situations, with
different input sets, it is clear that MC total and partial rainfalls depend on the same weight
matrix MC elevation and is only weighted for ENA partial rainfall variables. As seen in
Chapter 5 and Appendix II, different input combinations were used, but the only effective
variables have been ENA-DPRP weighted by ENA elevation for all outputs.
The single and multi-output network outcomes of Tables 5.5 and 5.8 have been graphically
illustrated in Figures 5.11, 5.19, 5.21, 5.23, 5.25, 5.27 and 5.29 Inputs (PO ocean surface
properties of chapter 5, clearly showing the following


A nature-produced and empirically-proven mathematical Weight matrix (MC Elevation)
has been found, to be attractive to MC total and partial rainfalls. The Weight Matrix is
the MC Elevation as shown in Equation 7.1.



, it is also noticed that
o

ENA partial rainfalls are influential on MC total and partial rainfalls whereas the
ENA total rainfall, ENA elevation and distance variables do not greatly influential
inputs.

o

Out of the participative ENA partial rainfalls, the ENA High (ENA-DPRP-4) and
Medium Low (ENA-DPRP-2) categories have been the most influential on MC total
and partial rainfalls in the model specified in Chapter 5.
𝑴

[𝑬𝑵𝑨 − 𝑫𝑪𝑹𝑹] [ 𝑪 ]
𝑬



𝑴𝑪𝑻𝑹
]
𝑴𝑪 − 𝑫𝑪𝑹𝑹

[

Equation 7.1

Where matrix MCE is MC Elevation, and DCRR stands for Dynamic Chances of
Receiving partial Rainfalls or DPRP
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7.2.

POS2ATMOS

Part I of Chapter 6 explained this model in detail. POS data and atmospheric data over the
PO were monthly-averaged for the period between 2002 and 2012. This dataset did not
require much pre-processing except for interpolation using ArcGIS. The other two model
sets, 1) ATMOS2ENA and 2) ENA2MC, required much higher data analysis prior to
development of the models. Two models of POS2ATMOS, which have been referenced as
POS2ATMOS-1 and POS2ATMOS-2, are discussed below. These models are for forecasting
January atmospheric variables from the November POS properties, while Part 1 of Appendix
III illustrates the rest of the months of the year. Replenishment of net moist convection,
which could be the level of TPW and CLWC of current level added to incoming water vapour
moisture taken off by rainfall, is a time related excercise (Chapters 3 and 6). However, it
may not be advisable to develop POS2ENA (and POS2MC) models forecasting more than
three months advance because over longer time period the effect would diminish.
Therefore, a three-month lagging period was distributed as two-months for POS to
atmosphere in the POS2ATMOS model, and one month for atmosphere to ENA in the
ATMOS2ENA model, which is assumed to be reasonable as described in Chapter 6. In this
regards, there is no issue in pertaining to the ENA2MC model because there is no lag period
involved in it.
POS2ATMOS-1
Part 1 of Chapter 6 explained this model in detail. POS data and atmospheric data over the
PO were monthly-averaged data for the period between 2002 and 2012. A dual-output
model can predict TPW (total precipitable water or total water vapour) and CLWC (cloud
liquid water content) with the progress as shown in Part I of Chapter 6.
Inputs on TPW contributed 86%—much greater than the 14% contribution to CLWC. The
validation dataset, which was not presented at training, performed very well when
presented in the model, with strong relationships for TPW and CLWC with 99% and 97%,
respectively, as illustrated in Figures 6.4 and 6.3 of Part I of Chapter 6. Prediction for the
entire dataset is 99% and 96%, per Figures 6.8 and 6.6 of Part I of Chapter 6. This ensures

182

the reliability of the model for forecasting two-month lagged TPW and CLWC of the
atmosphere over PO.
POS2ATMOS-2
POS data and atmospheric data over the PO were monthly-averaged for the period between
2002 and 2012. The dual-output model can predict TPW (total precipitable water or total
water vapour) and CLWC (cloud liquid water content), with progress shown in Part 1 of
Chapter 6.
Inputs on forecasting TPW contributed 40%, which was the highest compared to the output
variables shown in Table 6.7. The validation dataset, which has not been presented at
training, performed very well when presented in the model, with strong relationships at
99%, 96%, 82% and 95% correlation coefficients in TPW, CLWC, CTAT and CTAP, as
illustrated in Figures 6.12, 6.11 and 6.13 and 6.14 of Chapter 6, respectively. Prediction for
the entire dataset has been 99%, 95%, 81% and 95% from the Figures 6.18, 6.16, 6.20 and
6.22 of Part I of Chapter 6. This ensures the reliability of the model for forecasting twomonth lagged TPW, CLWC, CTAT and CTAP of the atmosphere over PO.

7.3.

ATMOS2ENA

Part II of Chapter 6 explains this model in detail. Relationships were established between
the atmosphere in the proximity of the ENA region over the PO and ENA rainfall
distributions using monthly-averaged data for the period between 2002 and 2012.
ENA-SCR, as described in Equation 4.1 in section 4.6 of Chapter 4, has been selected to filter
atmospheric data for the entire region over PO.
ATMOS2ENA
ENA rainfall data and atmospheric data over the PO were monthly-averaged for the period
between 2002 and 2012. A single-output model can predict ENA rainfall from atmospheric
variability over ENA-SCR, a sub set of atmosphere over PO, with the progress depicted in
Part I of Chapter 6.
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The distance between ENA-SCR is the highest input contributor at 19%, followed by last
month’s (January) CLWC at 14%. Cloud top air temperature and pressure of the current
month of February, followed by TPW of the last month (January) and surface air
temperature of the current month, also have a reasonable amount of input weight.
Latitude, last month’s surface temperature, last cloud top air pressure and current month’s
CLWC are the next level contributors. Performance indicated that the well-trained network
can forecast ENA total rainfall from the ENA-SCR atmospheric dataset.
Attempts were made to establish forecasting ENA partial rainfall models but were not
successful in finding better performance from the ENA-SCR dataset. However, if the ENA
total rainfall is predicted, then ENA partial rainfalls can be estimated according to the
distribution already setup in the analysis of model ENA2MC.
Improvement of ENA-SCR
Further boundaries of the upper latitude and longitudes surrounding the ENA are -50 and
170, respectively (Figure 4.10). In order to receive near boundaries to ENA, data was
analysed using the SQL Server database from SQL scripts to filter the maximum longitude in
each latitude, and maximum latitude in each longitude of the ENA regional band, in such a
way to set the boundaries along the coastline of ENA.

7.4.

Future Research

Valuable datasets have been produced by this project for future research and
developments. These datasets consist of unprocessed and pre-processed data for PO
surface variability, atmospheric variability over PO and ENA rainfalls. In this project, PO
surface and atmospheric climate variability influenced ENA rainfall distribution, as each has
been the target entity from which MC rainfall distribution was downscaled. Furthermore,
there can be different target variables in the MC in irrigated agriculture or any other areas,
such health or variation in milk production. Research can also be extended to any region
within the ENA in a similar manner to the process used here for the MC.
Reseach into the following can be undertaken in the MC as well as any other catchment in
ENA:
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Development and Implementation of Bayesian Network (BN) model.
Results received from the models developed in this project can be used to develop a
BN model using NETICA BN programming language to forecast MC rainfall
distribution from the PO surface variability via atmospheric variability for each
month.
The advantages of a BN model are as follows.


A single model instead of three models per month



Bring the whole POS, atmospheric, ENA and MC variability together
connection all regions



This model can be utilised to create an optimised solution by changing
parameter values.



Lesser of a black box problem because BN uses probabilistic theory (ANNs
are often cited to be black box due to mathematical theory behind it).



Study of Hadley circulation related to the Southern Hemisphere and how would it
affect ENA rainfall distribution.
In the section ‘Double ITCZ syndrome in Coupled General Circulation Models' of
Chapter 3, the behaviour of Inter-Tropical Convergence Zone and its effects on the
southeastern Pacific Ocean were discussed. Furthermore, influence on the southeast
QLD rainfall due to the topography and seasonal shift of ITCZ has also been argued.
Variability of ITCZ could vary the Hadley circulation as the Hadley circulation starts
from ITCZ, carrying moisture content to the southern and northern hemispheres,
leading to variability in rainfalls. Variation in the location of ITCZ seasonally affects
changes in rainfall patterns in many equatorial regions and, the wet and dry seasons
of the tropics, as indicated in the section ‘Double ITCZ’ of Chapter 3. Also rainfalls
reported in the southern hemisphere are not accurately predicted. Therefore,
utilisation of the data management undertaken in this project can develop models to
forecast ENA rainfall from Hadley circulation.



Research cloud formation and movement over the PO, as well as the time taken
(lagged time) to reach the ENA region in spatial and temporal scales.
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In this project, the delay in affecting atmospheric variability over the PO from PO
surface climate variability has been set with a fixed time period of two-months, while
the ENA rainfall variability forecast was one-month lagged from atmospheric
variability of ENA-SCR. Nevertheless, nature does not do this in fixed terms but
nature requires determination of these time periods. In order to improve the
models, actual time with at least 80% accuracy is needed for the effects to reach the
targets: PO effects on atmosphere and ENA-SCR on ENA rainfall. The dataset
available in this project can be utilised to develop biophysical ways for estimating the
abovementioned delays. If needed, more data can be downloaded and processed as
appropriate. This could also be a large project.


Research on renewable energies.
Implications of the PO and atmospheric climate variability on the renewable energy
sector can be investigated. For example, how does it affect solar energy generation
and can the generated energy be predicted in advance at the events of no rainfalls?



Research on energy and carbon emissions from PO climate.
The PO and atmospheric influences on energy connection on irrigation and crop
growth, and the effect on carbon emissions and their distributions within the MC,
can also be investigated.



One further development of this current project to could be study on valuation of water in
the MC. It will be based on resources available within the catchment related to

economic, cultural and environmental matters. This large proposed project would
combine the models intorduced in this thesis to ascertain the amount of wealth that
the PO can deliver to each location of the MC at a specific time, in terms of
environmental, economic and social entities.
Due to global water demand and the increasing value of water there seems to be a
requirement of valuation of water in the ENA and MC. This valuation is spatial and
temporal, and helps determine whether to irrigate or trade. If water valuation in
each point can be established in terms of spatiality, time, environment, economic
and social requirements, then the amount of wealth received from the ENA-SCR and
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PO surface can be quantified. This could lead to even further research on how
important each point in the ENA-SCR is for each month, establishing links between
locations of ENA and ENA-SCR and hence connecting the same with the MC as well.
In other words, a network amongst POS, atmosphere over PO, ENA-SCR, ENA and MC
can be established with connective values.


Analysis of extreme rainfall events
Extreme rainfalls can be investigated in order to establish standard extreme patterns
at either end of the spectrum (drought and flood events). Moderate rainfall patterns
can also be established. If required, a number of rainfall categories can be increased.
It can be extended to predict the damage caused by extreme events 3 months in
advance and be useful for inputting strategies to minimise damage which may be
predicted.



Further research from the PO
A hybrid of biophysical and intelligence-based research can be incorporated to
obtain greater understanding and enhanced results of water availability in the MC. It
can also be extended to the topics specified in the section ‘Intangible of 7.6 Benefits’.



Extension of the findings related to the MC’s strong relationship with its landscape.
It could be fruitful to investigate why the MC showed a strong attraction of rainfall
distribution to its landscape but ENA did not. Further, this information could extend
to any catchments in ENA or wider Australia following the MC’s rule for rainfall
distribution. This reveal some interesting findings.



Research on moderate weather
Research can be undertaken to investigate the effect of crop patterns for moderate
rainfall categories (‘Medium Low’ and ‘Medium High’). Furthermore, this can be
extended to POS, investigating which climate can deliver rainfalls in moderate
categories.



Water demand, valuation and allocation
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The value of water could be established within the MC based on the demand as well
as other climate factors. This would help in the development of a diverse (local)
water allocation rather than uniform allocation along the Murrumbidgee River
(Dassanayake and Hafeez, 2014).


Extended research in all other subareas of ENA
All of the above research can be extended to determine the implications of PO
climate variability anywhere in ENA. Similarly, separate research could be conducted
to determine the atmospheric effect for the same.

7.5.

Summary

POS climate variability drives water to be vaporised. The vapour lifts and couples with
atmospheric influence while cooling, thereby condensing in the atmosphere, forming clouds
and resulting in surface rainfalls. During this process, POS energy is wrapped within water
vapour in the form of latent heat, kinetic and potential energies are driven to the
atmosphere, resulting in release of the latent heat to the stratosphere at condensation. At
this stage, it probably experiences atmospheric movements and circulations, and ultimately
releases potential energy, making stratiform and convective rainfalls on the surface at
intermediate and maximum TPW and at peak CLWC of a particular day, respectively. These
circulations of energy and natural workflow processes take time. This total time period on
average, to deliver POS climate on ENA (and the MC) and processes of rainfall, has been
hypothesised to be three months from the PO to the neighbouring ENA. Further, this
duration has been assumed to be distributed in two phases: two-months for POS climate on
atmosphere to make precipitable water (PW), and one month to deliver rainfall in ENA from
atmosphere. The chain model combination consists of the model results explained in 6.4
(POS2ATMOS-2), 6.6 (ATMOS2ENA) and 5.3.4 (ENA2MC), and is the best set for February
MC rainfall forecast from November POS climate variability.
In brief, the major chain model is a combination of POS2ATMOS-2 (6.4), ATMOS2ENA (6.6)
and ENA2MC_Feb (5.3.4), which explains the November POS to January Atmospheric
variation and January Atmospheric variation to February ENA rainfall distribution, followed
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by February ENA rainfall distribution to February MC rainfall distribution. Appendices II and
III indicate other appropriate chain models for the other months of the year. The knowledge
base from past data need to be used to calculate ENA partial rainfalls required for
ENA2MC_Feb (5.3.4). The four MC partial rainfall forecast categories display dynamic
rainfall information for the month, but to identify whether it is drought, flood or moderate,
further analysis, such as standard precipitation index method or similar, is needed, which is
beyond the scope of this project. However, the MC partial rainfalls forecasting from ENA
partial rainfalls provides a way to indentify the specified conditions.
The following model succeeded forecasting as shown below.


The POS2ATMOS model forecasts two-month lagged atmospheric variables over the
PO based on POS properties.



The ATMOS2ENA model forecasts one-month lagged ENA rainfall based on ENA-SCR
properties. For this, POS2ATMOS needs two models to forecast two consecutive
months' lagged forecasting. For example, in order to obtain June and July
atmospheric data, April and May POS data are required. Then ATMOS2ENA can
predict ENA rainfall data for the month of July and August, respectively.



The ENA2MC model can then downscale the MC rainfalls from ENA rainfalls.
Required ENA-DPRP (or ENA-DCRR) values can be set using the ENA-DPRP
boundaries already set for ENA as well as MC for each month, although the best way
is to forecast ENA partial rainfalls from ATMOS2ENA. The latter gives rise to a (very
large) separate project, which is not within the scope of this project.

Ultimately, the outcome of this project facilitates the farmers and irrigators to optimise
agricultural production and to improve their economic benefits by providing them prior
knowledge about the partiality of rainfall conditions. The knowledge base and key findings
resulting from this project provide pathways for climate adaptation in the catchment. In
addition, several future researche opportunites have emerged within achievement of the
objective.

7.6.

Benefits
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Tangible:


Farmers in every location of the MC can receive rainfall forecasts three months in
advance from the models developed by this project. They not only receive the total
or average rainfall, but also a sense the partial rainfall patterns of MC. This means
they will ascertain an idea about the strength/level of the partial rainfalls. This
information will enable farmers to determine which crop pattern is suitable for the
predicted rainfall patterns. For example, the amount of rainfall they will receive in
the low, medium low, medium high and high categories can be predicted and
suitable crop patterns can be arranged according to the prediction. This can be
applied to the ENA region as well.



Warning of extreme events, drought and flood, can be predicted in advance from the
levels of ‘High’ and ‘Low’ category rainfalls.



The models facilitate minimisation of possible damage caused by extreme weather in
advance and improved economic benefits from moderate rainfall categories
(medium low and medium high).

Intangible:


A pre-processed dataset could be utilised to investigate influences on irrigation and
agricultural systems, variation in soil moisture and ecological distributions, animal
and crop health and economic aspects in MC. Therefore, this dataset is an asset for
other research scenarios regarding climatic implications.



The dataset is common for all other areas within territory of ENA. Similar influence
can be investigated in other catchments and areas of ENA.
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Appendix I

Figure A.4 1: Entity Relationship (ER) diagram in UML for data process prior to spatial analysis. This example
is for rainfall data
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Figure A.4.2shows dataflow diagram, in UML notation, the partial variable creation (in
rainfall, SST or TPW). This case is for rainfall merging ENA and MC rainfalls.

Figure A.4 2: Dara process flow after spatial analysis; calculation of probability or partial rainfalls. The same
was applied for TPW and SST partiality
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Processing of data: Sequence diagrams, in UML notation, for the data processes for merging
input and target tables shown in Figures A.4.3, A.4.4 and A.4.5, after spatial processing

Figure A.4 3: Merging Input and Desired Tables i – Data Processes and Objects; All internal processes are
described in UML notation - Part 1:
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Figure A.4 4: Merging Input and Desired Tables ii – Data Processes and Objects; All internal processes are
described in UML notation - Part 2
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Figure A.4 5: Merging Input and Desired Tables iii – Data Processes and Objects; All internal processes are
described in UML notation - Part 3
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Figure A.4.6, A.4.7 and A.4.8 displays few methods of important C#.NET object classes for
the above processes (Not all displayed here) related to sequence diagrams in Figures A.4.3,
A.4.4 and A.4.5.

Figure A.4 6: C# Code to Start Merging Process.
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Figure A.4 7: Merging process: Few methods of a class that shows table merging process related to Figures
A.4.3, A.4.4 and A.4.5.
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Figure A.4 8: Merging process: User Interface – Activate the process by clicking on Merger button (front end
program snippet).

Figure A.4.9 is elaborating the four user interfaces at the front end of the processes merging
two tables: In this case, ENA-SCR atmospheric variability table is being merged with one
month lagged data from ENA rainfall table for June.

Figure A.4 9: Top-Left: Select the month to merge and Click on the next button right of the month entered to receive the
appropriate data for the transaction month to be loaded. Bottom-Left: Process ABC analysis (as per the Pareto Law) of the
dataset by pressing ‘TPW ABC Filter’ button. Top-Right: Start merging tables. Bottom-Right: Input data of the last and
previous months can be added. The processes being demonstrated in this example are for the month of 6 (June).
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Data analyzed using Pareto law (or Power law) to arrange inputs to ANN models, did not
participate well. It indicated that this rule was not applicable to the climate dataset used.
There was an additional user interface in ATMOS2ENA and POS2ATMOS models, because
their targets (output) are from lagged effect of inputs whereas there was no lagged effect
from ENA rainfall on MC rainfall in the ENA2MC model. Therefore Figure A.4.9 has one
month lagged atmospheric inputs to be added at the merging process in its Bottom-Right
Figure since Figure A.4.7 demonstrates the merger in ATMOS2ENA model. In POS2ATMOS
model it is two months lagged from PO surface effect.

Figure A.4 10: Sample downloading site – NASA’s Mirador of Godard Earth Sciences Data and Information
Services Center (GESDIS). This figure refers to Level 2 data (Level 3 were data actually downloaded) retrieval
from AIRS/Aqua satellite for 31st of August. The ftp sites were selected and saved in a text file for the
downloading software to read it sequentially in the downscaling process saving downloaded data files in
NetCDF in a folder for software to read NetCDF files. All required software including downscaling and reading
NetCDF, were also developed within this project.
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Data downloads
a. Atmospheric data: ftp sites
There are ftp files downloaded for TPW, CLWC, CTAT, CTAP and SAT from multiple
instruments between 2002 and 2012 in 8 day intervals. The following two examples are for
the dates of 2002.08.31 and 2002.09.01.
http://acdisc.sci.gsfc.nasa.gov/daacbin/OTF/HTTP_services.cgi?FILENAME=%2Fdata%2Fs4pa%2FAqua_AIRS_Level3%2FAIRX3STD.005%2
F2002%2FAIRS.2002.08.31.L3.RetStd001.v5.0.14.0.G07283180815.hdf&LABEL=AIRS.2002.08.31.L3.R
etStd001.v5.0.14.0.G07283180815.nc&SHO
http://acdisc.sci.gsfc.nasa.gov/daacbin/OTF/HTTP_services.cgi?FILENAME=%2Fdata%2Fs4pa%2FAqua_AIRS_Level3%2FAIRX3STD.005%2
F2002%2FAIRS.2002.09.01.L3.RetStd001.v5.0.14.0.G07207153705.hdf&LABEL=AIRS.2002.09.01.L3.R
etStd001.v5.0.14.0.G07207153705.nc&SHO

Data downloaded from the above sites were programmatically separated for each month of
the year as data in 8 intervals may not belong to particular month.

b. PO data: ftp sites
Vector Wind

Figure A.4.11 displays meta data fro vector wind extracted by the software developed in this
project to read NetCDF files using Scientific Data Set of Microsoft Corporation and C#.NET.
This particular ‘WindVector02Am_Feb2002.nc’ NetCDF file represents vector wind for 1st of
February of 2002.

Figure A.4 11: Meta data of NetCDF data file WindVector02Am_Feb2002.nc (nc stands NetCDF) of 2:00 am of
the 1st of February 2002 for vector wind. Staring time includes the number representing the day of the month
(here it is 32 under Dictionary Item) of the year out of 365/366. Top part of the Figure displays the data types
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of each variable. Variables are [6] time, [5] longitude, [4] latitude, [3] magnitude of the wind, [2] Meridional
wind component and [1] Zonal wind component.

SST

Figure A.4 12: SST data downloading (manually) from POET data services tool; Options are given to choose
interval from the slider (in this case 1-31 March 2010) and spatial region by drawing rectangle or entering
boundaries in longitude and latitude.

Data acquisition: ENA Rainfalls from BOM weather
stations

Figure A.4 13: Details are for 11 weather stations within ENA region. There were BOM’s 4909 stations located
in ENA from which rainfall data were extracted. This figure is a snapshot of the table of SQL Server rainfall
database for weather station details.
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Figure A.4 14: Data filtering process; Top table: raw data, Bottom table: 12 rows from SQL Server data table
filtered for the period 2002-2012 excluding abnormal data like zero rainfalls for the months. In this
abnormal case there were no rainfalls were recorded (not because of no rain).

Figure A.4.15: TPW patterns in ENA-SCR; January, February, March and April – Clockwise
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Figure A.4.16: TPW patterns in ENA-SCR; May, June, July and August – Clockwise

Figure A.4.17: TPW patterns in ENA-SCR; September, October, November and December– Clockwise
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Appendix II – Part I
Murrumbidgee Catchment Total Rainfall Models
(Format: Training performance, model validation and input parameter contribution of each month –
January through to December, respectively.)
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January MCTR
Training

Figure A.5. 1: Training performance of total rainfall of the month of January

Validation

Figure A.5. 2: Model Validation and its performance from the test dataset for the month of January
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Input Parameter Contribution

Figure A.5. 3: Contribution of input parameters on output (MC total rainfall) for the month of January – Inputs
ENA partial rainfalls weighted by MC elevation are significant (highlighted)
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March MCTR
Training

Figure A.5. 4: Training performance of total rainfall of the month of March
Validation

Figure A.5. 5: Model Validation and its performance from the test dataset for the month of March
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Input Parameter Contribution

Figure A.5. 6: Contribution of input parameters on output (MC total rainfall) for the month of March – Inputs
ENA partial rainfalls weighted by MC elevation are significant (highlighted)
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April MCTR
Training

Figure A.5. 7: Training performance of total rainfall of the month of April

Validation

Figure A.5. 8: Model Validation and its performance from the test dataset for the month of April
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Input Parameter Contribution

Figure A.5. 9: Contribution of input parameters on output (MC total rainfall) for the month of April – Inputs
ENA partial rainfalls weighted by MC elevation are significant (highlighted)
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May MCTR
Training

Figure A.5. 10: Training performance of total rainfall of the month of May

Validation

Figure A.5. 11: Model Validation and its performance from the test dataset for the month of May
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Input Parameter Contribution

Figure A.5. 12: Contribution of input parameters on output (MC total rainfall) for the month of May – Inputs
ENA partial rainfalls weighted by MC elevation are significant (highlighted)
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June MCTR
Training

Figure A.5. 13: Training performance of total rainfall of the month of June

Validation

Figure A.5. 14: Model Validation and its performance from the test dataset for the month of June
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Input Parameter Contribution

Figure A.5. 15: Contribution of input parameters on output (MC total rainfall) for the month of June – Inputs
ENA partial rainfalls weighted by MC elevation are significant (highlighted)
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July MCTR
Training

Figure A.5. 16: Training performance of total rainfall of the month of July

Validation

Figure A.5. 17: Model Validation and its performance from the test dataset for the month of July
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Input Parameter Contribution

Figure A.5. 18: Contribution of input parameters on output (MC total rainfall) for the month of July – Inputs
ENA partial rainfalls weighted by MC elevation are significant (highlighted)
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August MCTR
Training

Figure A.5. 19: Training performance of total rainfall of the month of August

Validation

Figure A.5. 20: Model Validation and its performance from the test dataset for the month of August
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Input Parameter Contribution

Figure A.5. 21: Contribution of input parameters on output (MC total rainfall) for the month of August –
Inputs ENA partial rainfalls weighted by MC elevation are significant (highlighted)
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September MCTR
Training

Figure A.5. 22: Training performance of total rainfall of the month of September

Validation

Figure A.5. 23: Model Validation and its performance from the test dataset for the month of September
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Input Parameter Contribution

Figure A.5. 24: Contribution of input parameters on output (MC total rainfall) for the month of September –
Inputs ENA partial rainfalls weighted by MC elevation are significant (highlighted)
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October MCTR
Training

Figure A.5. 25: Training performance of total rainfall of the month of October

Validation

Figure A.5. 26: Model Validation and its performance from the test dataset for the month of October
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Input Parameter Contribution

Figure A.5. 27: Contribution of input parameters on output (MC total rainfall) for the month of October –
Inputs ENA partial rainfalls weighted by MC elevation are significant (highlighted)
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November MCTR
Training

Figure A.5. 28: Training performance of total rainfall of the month of November

Validation

Figure A.5. 29: Model Validation and its performance from the test dataset for the month of November
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Input Parameter Contribution

Figure A.5. 30: Contribution of input parameters on output (MC total rainfall) for the month of November –
Inputs ENA partial rainfalls weighted by MC elevation are significant (highlighted)
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December MCTR
Training

Figure A.5. 31: Training performance of total rainfall of the month of December

Validation

Figure A.5. 32: Model Validation and its performance from the test dataset for the month of December
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Input Parameter Contribution

Figure A.5. 33: Contribution of input parameters on output (MC total rainfall) for the month of December –
Inputs ENA partial rainfalls weighted by MC elevation are significant (highlighted)
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Appendix II – Part II
Murrumbidgee Catchment Total and Partial Rainfall Models
(Format: Training performance, model validation and input parameter contribution of each month –
January through to December, respectively.)
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January MC-DPRP&TR

Training

Figure A.5. 34: Training performance of total and partial rainfalls of the month of January

Figure A.5. 35: Model Validation and its performance from the test dataset for the month of January, Table:
Performance measures; Chart: Validation for Total Rainfall relevant to column ‘MC Total Rain’ of the table
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Figure A.5. 36: Validation for partial Rainfalls from the test dataset for the month of January, relevant to
column ‘MC-DCRR1,2 3,and 4’ of the table of Figure A.5.35

Figure A.5. 37: (Combined) contribution of input parameters on output (MC total and partial rainfalls) for the
month of January – Inputs ENA partial rainfalls weighted by MC elevation are significant (highlighted)
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April MC-DPRP&TR

Training

Figure A.5. 38: Training performance of total and partial rainfalls of the month of April
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Figure A.5. 39: Model Validation and its performance from the test dataset for the month of April, Table:
Performance measures; Chart: Validation for Total Rainfall relevant to column ‘MC Total Rain’ of the table

Figure A.5. 40: Validation for partial Rainfalls from the test dataset for the month of April, relevant to column
‘MC-DCRR1,2 3,and 4’ of the table of Figure A.5.38
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Figure A.5. 41: (Combined) contribution of input parameters on output (MC total and partial rainfalls) for the
month of April – Inputs ENA partial rainfalls weighted by MC elevation are significant (highlighted)
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May MC-DPRP&TR

Training

Figure A.5. 42: Training performance of total and partial rainfalls of the month of May

Figure A.5. 43: Model Validation and its performance from the test dataset for the month of May, Table:
Performance measures; Chart: Validation for Total Rainfall relevant to column ‘MC Total Rain’ of the table
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Figure A.5. 44: Validation for partial Rainfalls from the test dataset for the month of May, relevant to column
‘MC-DCRR1,2 3,and 4’ of the table of Figure A.5.43

Figure A.5. 45: (Combined) contribution of input parameters on output (MC total and partial rainfalls) for the
month of May – Inputs ENA partial rainfalls weighted by MC elevation are significant (highlighted)
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June MC-DPRP&TR

Training

Figure A.5. 46: Training performance of total and partial rainfalls of the month of June

Figure A.5. 47: Model Validation and its performance from the test dataset for the month of June, Table:
Performance measures; Chart: Validation for Total Rainfall relevant to column ‘MC Total Rain’ of the table

253

Figure A.5. 48: Validation for partial Rainfalls from the test dataset for the month of May, relevant to column
‘MC-DCRR1,2 3,and 4’ of the table of Figure A.5.47

Figure A.5. 49: (Combined) contribution of input parameters on output (MC total and partial rainfalls) for the
month of June – Inputs ENA partial rainfalls weighted by MC elevation are significant (highlighted)
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July MC-DPRP&TR

Training

Figure A.5. 50: Training performance of total and partial rainfalls of the month of July

Figure A.5. 51: Model Validation and its performance from the test dataset for the month of July, Table:
Performance measures; Chart: Validation for Total Rainfall relevant to column ‘MC Total Rain’ of the table
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Figure A.5. 52: Validation for partial Rainfalls from the test dataset for the month of July, relevant to column
‘MC-DCRR1,2 3,and 4’ of the table of Figure A.5.51

Figure A.5. 53: (Combined) contribution of input parameters on output (MC total and partial rainfalls) for the
month of July – Inputs ENA partial rainfalls weighted by MC elevation are significant (highlighted)
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August MC-DPRP&TR

Training

Figure A.5. 54: Training performance of total and partial rainfalls of the month of August

Figure A.5. 55: Model Validation and its performance from the test dataset for the month of August, Table:
Performance measures; Chart: Validation for Total Rainfall relevant to column ‘MC Total Rain’ of the table
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Figure A.5. 56: Validation for partial Rainfalls from the test dataset for the month of August, relevant to
column ‘MC-DCRR1,2 3,and 4’ of the table of Figure A.5.47

Figure A.5. 57: (Combined) contribution of input parameters on output (MC total and partial rainfalls) for the
month of August – Inputs ENA partial rainfalls weighted by MC elevation are significant (highlighted)
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September MC-DPRP&TR

Training

Figure A.5. 58: Training performance of total and partial rainfalls of the month of September

Figure A.5. 59: Model Validation and its performance from the test dataset for the month of September, Table:
Performance measures; Chart: Validation for Total Rainfall relevant to column ‘MC Total Rain’ of the table
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Figure A.5. 60: Validation for partial Rainfalls from the test dataset for the month of September, relevant to
column ‘MC-DCRR1,2 3,and 4’ of the table of Figure A.5.47

Figure A.5. 61: (Combined) contribution of input parameters on output (MC total and partial rainfalls) for the
month of September – Inputs ENA partial rainfalls weighted by MC elevation are significant (highlighted);
Remark: ENA partial rainfall 4 pattern is dominating the input of the model
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October MC-DPRP&TR

Training

Figure A.5. 62: Training performance of total and partial rainfalls of the month of October

261

Figure A.5. 63: Model Validation and its performance from the test dataset for the month of October, Table:
Performance measures; Chart: Validation for Total Rainfall relevant to column ‘MC Total Rain’ of the table

Figure A.5. 64: Validation for partial Rainfalls from the test dataset for the month of October, relevant to
column ‘MC-DCRR1,2 3,and 4’ of the table of Figure A.5.47
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Figure A.5. 65: (Combined) contribution of input parameters on output (MC total and partial rainfalls) for the
month of October – Inputs ENA partial rainfalls weighted by MC elevation are significant (highlighted);
Remark: Many inputs
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November MC-DPRP&TR

Training

Figure A.5. 66: Training performance of total and partial rainfalls of the month of November

Figure A.5. 67: Model Validation and its performance from the test dataset for the month of November, Table:
Performance measures; Chart: Validation for Total Rainfall relevant to column ‘MC Total Rain’ of the table
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Figure A.5. 68: Validation for partial Rainfalls from the test dataset for the month of November, relevant to
column ‘MC-DCRR1,2 3,and 4’ of the table of Figure A.5.47

Figure A.5. 69: (Combined) contribution of input parameters on output (MC total and partial rainfalls) for the
month of November – Inputs ENA partial rainfalls weighted by MC elevation are significant (highlighted)
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December MC-DPRP&TR

Training

Figure A.5. 70: Training performance of total and partial rainfalls of the month of December

Figure A.5. 71: Model Validation and its performance from the test dataset for the month of December, Table:
Performance measures; Chart: Validation for Total Rainfall relevant to column ‘MC Total Rain’ of the table
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Figure A.5. 72: Validation for partial Rainfalls from the test dataset for the month of December, relevant to
column ‘MC-DCRR1,2 3,and 4’ of the table of Figure A.5.47

Figure A.5. 73: (Combined) contribution of input parameters on output (MC total and partial rainfalls) for the
month of December – Inputs ENA partial rainfalls weighted by MC elevation are significant (highlighted);
Remarks: Only in this model, out of all 12 models, other inputs have reasonable weights than ENA DCRR-n * MC
Elevation. But still ENA DCRR-n * MC Elevation are the hightest
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Appendix III – Part I

Atmospheric Variability from Pacific Ocean Surface
Variability
Two models have been developed for all four atmospheric variables: first (left) to forecast CLWC and
TPW; second (right) to forecast CTAT) and forecast CTAP.
Inputs: Longitude (SSTLon), latitude (SSTLat), SST, sea surface air temperature (SSAT), difference
between SSAT and SST, zonal component of wind vector, meridinal component of wind vector, wind
speed, combination of wind and sea surface turbulence energies.
(Format: Training performance, model validation and input parameter contribution of each month
and forecast for the whole dataset– January through to December, respectively.)
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6.4.6 January atmospheric variability over PO

Figure A.6. 1: Training performance of two models for CLWC, TPW, CTAT and CTAP of the month of January,
from POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output
CTAT and CTAP.

Figure A.6. 2: Validation for CLWC, TPW, CTAT and CTAP of the month of January from POS; Left: Network of
the model for output CLWC and TPW; Right: Network of the model for output CTAT and CTAP.
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Figure A.6. 3: Contribution of input parameters on for CLWC, TPW, CTAT and CTAP of the month of January,
from POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output
CTAT and CTAP.
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Figure A.6. 4: Forecast from the whole dataset for CLWC, TPW, CTAT and CTAP of the month of January, from
POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output CTAT and
CTAP.

6.4.7 February atmospheric variability over PO

Figure A.6. 5: Forecast from the whole dataset for CLWC, TPW, CTAT and CTAP of the month of February, from
POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output CTAT and
CTAP.

Figure A.6. 6: Validation for CLWC, TPW, CTAT and CTAP of the month of February from POS; Left: Network of
the model for output CLWC and TPW; Right: Network of the model for output CTAT and CTAP.
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Figure A.6. 7: Contribution of input parameters on for CLWC, TPW, CTAT and CTAP of the month of February,
from POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output
CTAT and CTAP.
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Figure A.6. 8: Forecast from the whole dataset for CLWC, TPW, CTAT and CTAP of the month of February, from
POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output CTAT and
CTAP.

6.4.8 March atmospheric variability over PO

Figure A.6. 9: Forecast from the whole dataset for CLWC, TPW, CTAT and CTAP of the month of March, from
POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output CTAT and
CTAP.

Figure A.6. 10: Validation for CLWC, TPW, CTAT and CTAP of the month of March from POS; Left: Network of
the model for output CLWC and TPW; Right: Network of the model for output CTAT and CTAP.
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Figure A.6. 11: Contribution of input parameters on for CLWC, TPW, CTAT and CTAP of the month of March,
from POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output
CTAT and CTAP.

274

Figure A.6. 12: Forecast from the whole dataset for CLWC, TPW, CTAT and CTAP of the month of March, from
POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output CTAT and
CTAP.

6.4.9 April atmospheric variability over PO

Figure A.6. 13: Forecast from the whole dataset for CLWC, TPW, CTAT and CTAP of the month of April, from
POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output CTAT and
CTAP.

Figure A.6. 14: Validation for CLWC, TPW, CTAT and CTAP of the month of April from POS; Left: Network of
the model for output CLWC and TPW; Right: Network of the model for output CTAT and CTAP.
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Figure A.6. 15: Contribution of input parameters on for CLWC, TPW, CTAT and CTAP of the month of April,
from POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output
CTAT and CTAP.

Figure A.6. 16: Forecast from the whole dataset for CLWC, TPW, CTAT and CTAP of the month of April, from
POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output CTAT and
CTAP.
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6.4.10

May atmospheric variability over PO

Figure A.6. 17: Forecast from the whole dataset for CLWC, TPW, CTAT and CTAP of the month of May, from
POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output CTAT and
CTAP.

Figure A.6. 18: Validation for CLWC, TPW, CTAT and CTAP of the month of May from POS; Left: Network of the
model for output CLWC and TPW; Right: Network of the model for output CTAT and CTAP.
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Figure A.6. 19: Contribution of input parameters on for CLWC, TPW, CTAT and CTAP of the month of May,
from POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output
CTAT and CTAP.

Figure A.6. 20: Forecast from the whole dataset for CLWC, TPW, CTAT and CTAP of the month of May, from
POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output CTAT and
CTAP.

278

6.4.11

June atmospheric variability over PO

Figure A.6. 21: Forecast from the whole dataset for CLWC, TPW, CTAT and CTAP of the month of June, from
POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output CTAT and
CTAP.

Figure A.6. 22: Validation for CLWC, TPW, CTAT and CTAP of the month of June from POS; Left: Network of the
model for output CLWC and TPW; Right: Network of the model for output CTAT and CTAP.
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Figure A.6. 23: Contribution of input parameters on for CLWC, TPW, CTAT and CTAP of the month of June,
from POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output
CTAT and CTAP.

Figure A.6. 24: Forecast from the whole dataset for CLWC, TPW, CTAT and CTAP of the month of June, from
POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output CTAT and
CTAP.
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6.4.12

July atmospheric variability over PO

Figure A.6. 25: Forecast from the whole dataset for CLWC, TPW, CTAT and CTAP of the month of July, from
POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output CTAT and
CTAP.

Figure A.6. 26: Validation for CLWC, TPW, CTAT and CTAP of the month of July from POS; Left: Network of the
model for output CLWC and TPW; Right: Network of the model for output CTAT and CTAP.
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Figure A.6. 27: Contribution of input parameters on for CLWC, TPW, CTAT and CTAP of the month of July,
from POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output
CTAT and CTAP.

Figure A.6. 28: Forecast from the whole dataset for CLWC, TPW, CTAT and CTAP of the month of July, from
POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output CTAT and
CTAP.
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6.4.13

August atmospheric variability over PO

Figure A.6. 29: Forecast from the whole dataset for CLWC, TPW, CTAT and CTAP of the month of August, from
POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output CTAT and
CTAP.

Figure A.6. 30: Validation for CLWC, TPW, CTAT and CTAP of the month of August from POS; Left: Network of
the model for output CLWC and TPW; Right: Network of the model for output CTAT and CTAP.
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Figure A.6. 31: Contribution of input parameters on for CLWC, TPW, CTAT and CTAP of the month of August,
from POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output
CTAT and CTAP.

Figure A.6. 32: Forecast from the whole dataset for CLWC, TPW, CTAT and CTAP of the month of August, from
POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output CTAT and
CTAP.
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6.4.14

September atmospheric variability over PO

Figure A.6. 33: Forecast from the whole dataset for CLWC, TPW, CTAT and CTAP of the month of September,
from POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output
CTAT and CTAP.

Figure A.6. 34: Validation for CLWC, TPW, CTAT and CTAP of the month of September from POS; Left: Network
of the model for output CLWC and TPW; Right: Network of the model for output CTAT and CTAP.
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Figure A.6. 35: Contribution of input parameters on for CLWC, TPW, CTAT and CTAP of the month of
September, from POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for
output CTAT and CTAP.

Figure A.6. 36: Forecast from the whole dataset for CLWC, TPW, CTAT and CTAP of the month of September,
from POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output
CTAT and CTAP.
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6.4.15

October atmospheric variability over PO

Figure A.6. 37: Forecast from the whole dataset for CLWC, TPW, CTAT and CTAP of the month of October, from
POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output CTAT and
CTAP.

Figure A.6. 38: Validation for CLWC, TPW, CTAT and CTAP of the month of October from POS; Left: Network of
the model for output CLWC and TPW; Right: Network of the model for output CTAT and CTAP.
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Figure A.6. 39: Contribution of input parameters on for CLWC, TPW, CTAT and CTAP of the month of October,
from POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output
CTAT and CTAP.

Figure A.6. 40: Forecast from the whole dataset for CLWC, TPW, CTAT and CTAP of the month of October, from
POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output CTAT and
CTAP.
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6.4.16

December atmospheric variability over PO

Figure A.6. 41: Forecast from the whole dataset for CLWC, TPW, CTAT and CTAP of the month of November,
from POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output
CTAT and CTAP.

Figure A.6. 42: Validation for CLWC, TPW, CTAT and CTAP of the month of November from POS; Left: Network
of the model for output CLWC and TPW; Right: Network of the model for output CTAT and CTAP.
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Figure A.6. 43: Contribution of input parameters on for CLWC, TPW, CTAT and CTAP of the month of
November, from POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for
output CTAT and CTAP.

Figure A.6. 44: Forecast from the whole dataset for CLWC, TPW, CTAT and CTAP of the month of November,
from POS; Left: Network of the model for output CLWC and TPW; Right: Network of the model for output
CTAT and CTAP.
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Appendix III – Part II

ENA Total Rainfall from Atmospheric Variability in
ENA-SCR
Single model has been developed to forecast ENA rainfall from ENA-SCR atmospheric variability
Inputs: CLWC, TPW, CTAT and CTAP of ENA-SCR
(Format: Training performance, model validation and input parameter contribution of each month –
January through to December, respectively.)

291

6.4.17

January ENATR

Figure A.6. 45: Training performance of ENA total rainfall for the month of January, from atmospheric climate
variability in ENA-SCR.

Validation

292

Figure A.6. 46: Validation for ENA total rainfall for the month of January, from atmospheric climate variability
in ENA-SCR.

Figure A.6. 47: Contribution of input parameters on ENA total rainfall in percentage for the month of January,
from atmospheric climate variability in ENA-SCR.
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6.4.18

February ENATR

Figure A.6. 48: Training performance of ENA total rainfall for the month of February, from atmospheric
climate variability in ENA-SCR.

Validation
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Figure A.6. 49: Validation for ENA total rainfall for the month of February, from atmospheric climate
variability in ENA-SCR.

Input Parameter Contribution

Figure A.6. 50: Contribution of input parameters on ENA total rainfall for the month of February, from
atmospheric climate variability in ENA-SCR.
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6.4.19

March ENATR

Figure A.6. 51: Training performance of ENA total rainfall for the month of March, from atmospheric climate
variability in ENA-SCR.

Validation
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Figure A.6. 52: Validation for ENA total rainfall for the month of March, from atmospheric climate variability
in ENA-SCR.

Input Parameter Contribution

Figure A.6. 53: Contribution of input parameters on ENA total rainfall for the month of March, from
atmospheric climate variability in ENA-SCR.
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6.4.20

April ENATR

Figure A.6. 54: Training performance of ENA total rainfall for the month of April, from atmospheric climate
variability in ENA-SCR.

Validation

298

Figure A.6. 55: Validation for ENA total rainfall for the month of April, from atmospheric climate variability in
ENA-SCR.

Input Parameter Contribution

Figure A.6. 56: Contribution of input parameters on ENA total rainfall for the month of April, from
atmospheric climate variability in ENA-SCR.
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6.4.21

May ENATR

Figure A.6. 57: Training performance of ENA total rainfall for the month of May, from atmospheric climate
variability in ENA-SCR.

Validation

Figure A.6. 58: Validation for ENA total rainfall for the month of May, from atmospheric climate variability in
ENA-SCR.
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Input Parameter Contribution

Figure A.6. 59: Contribution of input parameters on ENA total rainfall for the month of May, from atmospheric
climate variability in ENA-SCR.
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6.4.22

June ENATR

Figure A.6. 60: Training performance of ENA total rainfall for the month of June, from atmospheric climate
variability in ENA-SCR.

Validation

Figure A.6. 61: Validation for ENA total rainfall for the month of June, from atmospheric climate variability in
ENA-SCR.
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Input Parameter Contribution

Figure A.6. 62: Contribution of input parameters on ENA total rainfall for the month of June, from
atmospheric climate variability in ENA-SCR.
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6.4.23

July ENATR

Figure A.6. 63: Training performance of ENA total rainfall for the month of July, from atmospheric climate
variability in ENA-SCR.

Validation

Figure A.6. 64: Validation for ENA total rainfall for the month of July, from atmospheric climate variability in
ENA-SCR.
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Input Parameter Contribution

Figure A.6. 65: Contribution of input parameters on ENA total rainfall for the month of July, from atmospheric
climate variability in ENA-SCR.
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6.4.24

August ENATR

Figure A.6. 66: Training performance of ENA total rainfall for the month of August, from atmospheric climate
variability in ENA-SCR.

Validation
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Figure A.6. 67: Validation for ENA total rainfall for the month of August, from atmospheric climate variability
in ENA-SCR.

Figure A.6. 68: Contribution of input parameters on ENA total rainfall for the month of August, from
atmospheric climate variability in ENA-SCR.
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6.4.25

September ENATR
Training

Figure A.6. 69: Training performance of ENA total rainfall for the month of September, from atmospheric
climate variability in ENA-SCR.

Validation

Figure A.6. 70: Validation for ENA total rainfall for the month of September, from atmospheric climate
variability in ENA-SCR.
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Input Parameter Contribution

Figure A.6. 71: Contribution of input parameters on ENA total rainfall for the month of September, from
atmospheric climate variability in ENA-SCR.
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6.4.26

October ENATR
Training

Figure A.6. 72: Training performance of ENA total rainfall for the month of October, from atmospheric climate
variability in ENA-SCR.

Validation

Figure A.6. 73: Validation for ENA total rainfall for the month of October, from atmospheric climate
variability in ENA-SCR.
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Input Parameter Contribution

Figure A.6. 74: Contribution of input parameters on ENA total rainfall for the month of October, from
atmospheric climate variability in ENA-SCR.
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6.4.27

November ENATR
Training

Figure A.6. 75: Training performance of ENA total rainfall for the month of November, from atmospheric
climate variability in ENA-SCR.

Validation

Figure A.6. 76: Validation for ENA total rainfall for the month of November, from atmospheric climate
variability in ENA-SCR.
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Input Parameter Contribution

Figure A.6. 77: Contribution of input parameters on ENA total rainfall for the month of November, from
atmospheric climate variability in ENA-SCR.
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6.4.28

December ENATR
Training

Figure A.6. 78: Training performance of ENA total rainfall for the month of December, from atmospheric
climate variability in ENA-SCR.

Validation

Figure A.6. 79: Validation for ENA total rainfall for the month of December, from atmospheric climate
variability in ENA-SCR.
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Input Parameter Contribution

Figure A.6. 80: Contribution of input parameters on ENA total rainfall for the month of December, from
atmospheric climate variability in ENA-SCR.
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