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Abstract

Compared with larger nations, small island developing states (SIDS) are disproportionately
affected by natural disasters relative to size and frequency. Social, environmental and
economic complexities are integral in making SIDS more vulnerable to such catastrophes.
Floods and droughts have drastic impacts on societies; however, few studies have been
performed in the Pacific region to reduce risks. Hydrological indices are useful to understand
vulnerabilities and can be used to improve knowledge of spatial and temporal distribution of
drought and floods, thereby improving preparedness. For this research, the following
hydrological indices were tested for the Fiji region: Standardised Precipitation Index (SPI),
Standardised Precipitation Evapotranspiration Index (SPEI), Effective Drought Index (EDI)
and self-calibrated Palmer Drought Severity Index (PDSI). Because of the importance of
agriculture in Fiji, the performance of each index was verified using two plant productivity
indices: Enhanced Vegetation Index (EVI) and Normalised Difference Vegetation Index
(NDVI). It was concluded that the EDI is the best-performing index and that precipitation is
the principle variable in monitoring hydrological extremes in island topographies. Further, a
meta-analysis was carried out, and it was concluded that wavelet-transformed artificial neural
networks (WANNs) have the best performance to forecast drought indices. Therefore, we
employed an artificial neural network (ANN) as well as a WANN model to forecast the EDI
at 1 month lead time using climate indices. As water is critical in the germination phase of
sugarcane, it is essential that new crops receive water within a week of being planted.
Interviews with farmers revealed that a short term forecast (1-3 month) in advance will assist
them to make informed agronomic decisions. The models showed promising results in
predicting EDI; however, both the models showed average performance in predicting extreme
events. Instances of over-prediction and under-prediction were noted for both the models
from the categorical verification. We also used multivariate statistical techniques to carry out
spatial drought modelling. The results were not better than those of the neural networks;
however, multivariate techniques have added advantages such as identifying relationships
between response and explanatory variables, which can be used with other techniques. In
conclusion, neural networks can be used to implement an operational hydrological extreme
monitoring system in Fiji. Further testing and optimisation to better predict the extreme
events will be useful for informing the public; this area warrants future investigation
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CHAPTER 1 INTRODUCTION
1.1 Background and Significance
Hydro-meteorological hazards are increasingly recognised as a serious worldwide concern.
Disasters such as floods and droughts impede economic growth in small island developing
states (SIDS). Fiji is a SIDS situated in the South West Pacific region and incurs extensive
loss due to disasters annually. This can be attributed to some inherent non-climatic factors
making certain groups more vulnerable and susceptible to risks. The nation is also influenced
by various climate drivers influencing the current weather and climate. These phenomena are
influenced by sea surface temperature (SST) anomalies, which induce climatic variations
influencing precipitation regimes and tropical cyclone activity, resulting in hydrometeorological hazards. Weather extremes have been projected to increase in both intensity
and frequency in the near future. It is indubitable that these hazards cannot be prevented,
which necessitates risk management and early-warning techniques to reduce the risk of
fatalities and damage to the infrastructure and environment. As one of the signatories of the
Sendai Framework, the Fijian Government is enforcing a disaster risk reduction approach for
the betterment of the nation. This study provides an important opportunity to advance the
understanding on relevant parameters vital in monitoring hydrological extremes in Fiji.

1.2 Aim and Methodology
The overall aim of this particular project was to implement tools and techniques as a
proactive approach to reduce losses from hydrological extremes. This was achieved by:
1. Testing various hydrological indices suitable to monitor the local climate conditions
in Fiji
2. Verifying the hydrological indices by using vegetation density products
3. Forecasting the hydrological indices by using exogenous variables to give an
indication of extreme events in the future.
1.3 Structure of Thesis
The thesis is composed of four themed chapters in addition to this introductory chapter, the
literature review and the concluding chapter. In Chapter 2, the literature on climatic and nonclimatic causes of vulnerability in Fiji is discussed. Where no examples or literature are
available for Fiji, examples are extrapolated from studies in other SIDS or the Asia Pacific
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region. The chapter also highlights the current hydrological indices used in the area of study,
and concludes by discussing some of the commonly used data-driven models to forecast
extreme events. Drought indices and hydrological indices are used interchangeably
throughout the thesis. Chapter 3 entails a systematic review in which a meta-regression
analysis is performed on various data-driven models by using the Standardised Precipitation
Index (SPI). In Chapter 4, satellite-derived rainfall estimates are used to calculate various
hydrological indices. The performances of the indices are verified using the Enhanced
Vegetation Index (EVI) as well as the Normalised Difference Vegetation Index (NDVI).
Chapter 5 examines forecasting the Effective Drought Index (EDI) by using artificial neural
network (ANN) and wavelet-transformed artificial neural network (WANN) methods.
Performance measures and findings are reported. Chapter 6 is an extension of drought
forecasting, and applies a multivariate statistical technique to generate a spatial drought
forecast map for Fiji. Chapter 7 summarises the overall findings and gives directions for
future research.

1.4 Delimitations of Scope and Key Assumptions
The limitation of this particular research was mainly the paucity of longer-term data. Hourly
and daily data for all stations were highly desirable but not easily accessible. Acquiring
hourly data meant that the initial data start date would have been around year 2000, giving us
17 years of data, which is not enough to calculate the different indices. To address this,
satellite-derived rainfall data were used. Additionally, Fiji does not have many gauge stations
to measure river discharge even though a certain area is more prone to flooding. This area
could have been investigated for forecasting streamflow indices, which would be appropriate
for monitoring hydrological drought and flood events. Further limitations specific to each
chapter are discussed within the respective chapters.
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CHAPTER 2 REVIEW OF LITERATURE
2.1 Introduction
Natural hazards are becoming increasingly detrimental globally and without proper risk
management, these hazards can cause a state of emergency (Wisner et al. 2002). The Asia
Pacific region is exceedingly susceptible to natural disasters, accounting for 47% of global
disasters (United Nations Economic and Social Commission for Asia and the Pacific 2016).
Small Island Developing States (SIDS), which have 0.1% of the world’s population, are
exposed to 2.3% of the natural disasters, ranking in the top 10 in terms of economic losses
(Asian Development Bank 2016). Undoubtedly, not new to disasters, these nations are
becoming increasingly vulnerable in recent times primarily owing to climate change
repercussions and non-climatic factors (Field 2014; Pelling and Uitto 2001).
Hazards can be classified as either geophysical or meteorological. The focus of this review is
meteorological hazards which includes cyclones, floods, and droughts (Melville 1984).
Intense precipitation events and prolonged rain deficit periods are some features of tropical
islands that result in hydro-metrological hazards, such as floods and droughts, as is the case
for most Pacific SIDS (Amadio et al. 2014; Nurse et al. 2001).
Flooding is an instantaneous event, and these events have been increasing over the last
century (Delworth et al. 2002). This weather-related phenomenon causes the highest
percentage of deaths among all such disasters (National Research Council 1999). Floods
cause the maximum economic impairment on the already struggling communities in SIDS
(United Nations Economic and Social Commission for Asia and the Pacific 2016). Recurrent
flooding is detrimental to the economy, infrastructure and environment in SIDS. Accelerating
population growth leads to continued settlement and development in coastal zones, thus
raising the population’s exposure to hazards (Yeo and Blong 2010). One of the major flood
events among SIDS was in Fiji in January 2012, causing economic losses of more than FJ$71
million (McNamara 2013). The loss was mainly attributed to the lack of warning, which led
to numerous households and businesses being affected. The projected cost of future flooding
damages accrued by households and businesses with a magnitude similar to the 2012 flood
event under climate change scenario is FJ$76.5 million and FJ$153 million (Brown et al.
2017). Hence, this estimate indicates the compelling need to implement structural as well as
non-structural approaches to mitigate the risks of future flood events.
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At the other end of the spectrum is drought, which is a slow-developing event that worsens
gradually (Delbiso et al. 2017). Drought generally receives less attention because of its subtle
visual effects. Despite its subtleness, the effects of drought are severe in the absence of
precautionary measures. Water is considered a scarce resource in the dry season. Considering
the multifaceted role of water in our lives, it becomes challenging to characterise a drought
event (Wilhite and Glantz 1985). The subjective nature of drought leads to its declaration
based on the motive of the end user, that is, as viewed through the lens of an agriculturist, a
meteorologist or a hydrologist (d’Aubert and Nunn 2012). The 1997–1998 El Niño-induced
drought cost the Fijian government approximately FJ$1 million in emergency supplies and
the country experienced a decline of 3.7% in gross domestic product (GDP) owing to the
collapse of the sugar industry (Terry and Raj 1999). Varying extreme weather are at the
forefront of events severely affecting Pacific Island communities, which includes rainfall
variability as well. Kiribati, a low-lying island nation in the Pacific, unfailingly struggles with
the rising sea level presently. Increase in saltwater intrusion into its underground water,
which is the principal water source in the islands, is also highly probable (Aung et al. 2009).
Thus, along with saltwater intrusion and rainfall variability, the problem of water security
will intensify in Kiribati. As a proactive approach, the ability to foresee a drought event will
assist in risk reduction. Foreseeing drought will help lessen the severity of disasters through
improved emergency response and planning (Wisner et al. 2002).
In comparison to continental states, SIDS are affected by natural disasters in different ways
relative to GDP, magnitude and frequency (International Monetary Fund 2016). It is crucial
to distinctly assess these geographically unique areas and not apply an approach that may be
more applicable to large continents or islands. Modelling tools need to be downscaled and
calibrated for higher efficacy and accuracy based on the local conditions of island states
(Rummukainen 2010). Presently, this is an area in SIDS which lacks robust mechanisms and
scientific expertise (McGree et al. 2010) While studies have been conducted, research
specifically targeting the two hydrological extremes still remains scarce. The objective of this
review is to add a supplementary dimension to the existing literature and attempt to establish
the unique link of vulnerability between Pacific SIDS and hydrological extremes using Fiji
Islands as a case study. Section 2.2 presents the non-climatic causes of vulnerability, namely,
economic, social and environmental factors. Section 2.3 discusses different climatic
phenomenon and in particular, the impact of these on the spatio-temporal trends over Fiji.
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Section 2.4 considers the use of hydrological indices and data-driven models for extreme
event monitoring. Section 2.5 concludes the literature review.

(Source: Extracted from https://www.mapsland.com/oceania/fiji/detailed-fiji-islands-mapwith-other-marks)
Fig. 2.1 Map of Fiji Islands showing the Northern, Central, Eastern and Western
Division of the island group

2.2 Non-Climatic Causes of Vulnerability
A natural hazard is caused by natural mechanisms, however, the conditions of the human
system tend to increase the associated risks (Cannon 1994). The risks associated with
disasters hold an interdisciplinary disposition, and thus, it is essential to understand not only
the scientific aspects related to hazard but also the reasons that certain groups are more
vulnerable than others (Mercer et al. 2007). The Pacific region is highly exposed to current
extreme events, with evidence indicating that many local communities are sensitive to a range
of effects reflecting non-climatic factors. Vulnerability is a consequence of economic, social
and environmental complexities leading to increased hazard risks (Mata‐Lima et al. 2016;
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Mimura 1999; Pelling 2001; Taylor et al. 2016). This section aims to clarify further the
understanding of inherent conditions making Pacific SIDS vulnerable.

2.2.1 Economic Vulnerabilities
2.2.1.1 Level of Development
A strong link exists between development and human exposure to vulnerabilities whereby
countries with greater income and advanced levels of government spending face less
economic decline, compared to developing countries (Noy 2009). The level of development
determines allocation to resources, and higher allocation ultimately results in those countries
being more resilient, having higher preparedness and higher recoverability strength in the
aftermath of a disaster than countries with lower allocation (Cannon 1994). Peduzzi et al.
(2009) lend support to the claim, finding that an alarming 53% of total casualties are noted in
the least developed countries. Most of the Pacific Island economies are still developing;
therefore, they lack the features of an advanced economy to withstand risks. Even a single
catastrophe can have an inexplicably devastating impact on an island economy (Holland
2008). Disasters have macroeconomic consequences by negatively affecting a country’s GDP
(Hochrainer 2009). GDP per capita is also inversely related to deaths whereby a nation with
higher GDP may face the same number of disasters, as one with a lower GDP, but fewer
deaths from it (Kahn 2005). Disasters of high impact impede the economic growth of a
nation. For instance, cyclone-induced damages in Niue amounted to more than eight times
the island’s GDP (Herrmann et al. 2004). In Fiji, the 1997-1998 drought led to a decline in
GDP per capita from 2.32% in 1996 to −1.74% in 1997 (Jha 2007). In the absence of
disasters, recovery occurs to some extent as was noted with an increase in GDP for Fiji by
0.409% in 1998. However, before nations can fully recover from a disaster, typically another
disaster strikes, feeding into a vicious cycle.

2.2.1.2 Tourism Industry
The past decade has witnessed a significant growth in the tourism sector in most SIDS, and
an accompanying increase in tourism-related GDP. Fiji’s earnings from tourism in 2016 was
FJ$471.5 million (Fiji Bureau of Statistics 2017). SIDS are highly dependent on tourism,
which further contributes to their economic vulnerabilities (Shultz et al. 2016). The
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dependence on tourism industry compels the government to incentivise construction
investments in only one area. A typical example is construction of Denarau Fiji, which led to
people moving to nearby areas for employment and consequently settling in flood-prone
areas, thus exposing the local population to flooding risks (Bernard and Cook 2015).
Although tourism contributes appreciably to the GDP of the country, most tourism-related
enterprises in Fiji are owned by foreign investors, resulting in limited opportunities for local
businesses (Narayan 2000). Additionally, a macroeconomic analysis by Pratt (2015) indicated
that for every Fijian dollar spent by tourists in SIDS, on average, only FJ$0.69 remains in the
local economy. The World Trade and Tourism Council (2015) statistics indicate that the
tourism sector’s direct contribution to employment in Fiji stands at 12.3% of total
employment as of 2014. Although this is a substantial number, one primary consideration is
that most of these jobs are centred on the western side of Fiji, resulting in an unequal
distribution of employment opportunities. Further, the immense contribution of the tourism
sector towards GDP and employment has failed to materialise into development and poverty
eradication in the region (Scheyvens and Momsen 2008; Scheyvens and Russell 2012). The
growth in GDP is not channelled towards people at the grassroots and even if it is, it is
concentrated narrowly in one zone of the country, leaving those in the other zones
unemployed. Therefore, the vulnerability of SIDS is increased by reliance on one economic
commodity (Bernard and Cook 2015). The next section highlights the importance of the
agricultural sector and, in particular, of sugarcane as a commodity providing employment for
people in Fiji who are unsuccessful in securing jobs in tourism and other industries.

2.2.1.3 Sugar Sector
The economy of Fiji was dependent on the sugarcane industry, but it has been overtaken by
the tourism sector (Narayan and Prasad 2003). Currently, the sugar industry is the second
largest contributor of foreign currency to the economy(Jayaraman et al. 2018) and retains
considerable importance in the rural areas of the nation, employing approximately 31% of the
population (Narayan and Prasad 2003). The decline of the sugar industry in recent times has
been attributed to dispossession of land from farmers, political instability, discontinuation of
the Cotonou agreement and effects of natural disasters (Reddy 2003a; Reddy 2003b). Water
is critical in the emerging phase of sugarcane, and a drought manifestation during the critical
growing phases, such as sugar accumulation, will likely affect crop yields. This was
supported by a study, which revealed that even in a moderate drought period, a significant

7

decrease in the dry matter content and yield was reported (Ramesh 2000); additionally, White
et al. (1999) revealed a direct link between sugar crop yield and water availability.
Conversely, floods destroy arable farmland (Yila et al. 2014), reducing its ability to produce
crops. Much of the sugar belt in Fiji is affected either by freshwater flooding or seawater
intrusion, thus adversely affecting sugar yields. A 30% decrease in sugar production can
result in a 2.1% decline in exports, which ultimately causes a reduction of 1.8% in Fiji’s
GDP (Narayan and Prasad 2005). Declines in the sugar industry affect farmer wages, which
are already low (Lal 2011), and consequently increase the number of people living below the
poverty line (Scheyvens and Russell 2012).

2.2.1.4 Structure of the Economy
In most SIDS, open market economy and trade liberalisation are considered contributors to
vulnerability (Connell and Soutar 2007; Montalbano 2011). Adoption of free trade in SIDS
has led to discontinuation of the preferential agreements between SIDS and the European
Union. In this scenario, SIDS are struggling and competing with other nations in the free
trade world despite their limited resources, high unemployment levels and non-adjustment
into the new trade system (Connell and Soutar 2007). Among those who have significantly
suffered are states that rely on the sugar industry, and Fiji is one such example.

2.2.1.5 Traditional Knowledge
Most island states are transitioning from a traditional economy to a consumerist way of
living. Therefore, they have not entirely forgone the island culture and neither have they
appropriately established the Western culture, making them more susceptible to disaster
shocks attributable to loss of traditional local knowledge regarding risk management (Pelling
2001). An awareness of such susceptibility means that in regional areas, traditional ways still
govern the way of life. A survey of the Rewa Delta indicated that irrespective of confidence
in the national weather body, locals use traditional knowledge to recognise the onset of
ﬂoods. For instance, water levels and colour of the water in the river were observed to
ascertain danger during times of floods (Nolet 2016). Another study acknowledged the
potential use of traditional Fijian housing as a risk reduction strategy during tropical cyclones
(Fujieda and Kobayashi 2013). Despite the existence of such indigenous knowledge, its uses
are yet to be fully maximised in hydrological extreme risk reduction applications. For
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example, a flood or drought index in itself may not be entirely useful to communities,
especially among those with only modest high school education. However, if traditional
coping capacity and scientific knowledge are used together, it may result in greater success to
combat vulnerability in SIDS (Mercer et al. 2007).

2.2.2 Social Vulnerabilities
2.2.2.1 Informal Settlements
The primary land tenure system in Fiji has resulted in the population being dispossessed of
their lands, causing inequities in land distribution. Over time, more people are leaving sugar
cane plantations for an urban livelihood (Jones et al. 2013; Rakai et al. 1995). Rapid
urbanisation leads to the formation of informal settlements (Kiddle 2010). One such example
of an informal squatter settlement is the Muanivatu settlement in Vatuwaqa Sub-division in
Fiji (Will 2007). The common characteristics of informal settlements are inadequate
provision of services such as electricity, water and solid waste management, with fewer
employment opportunities, low remuneration and other health-related problems (Kiddle
2010). For instance, the Muanivatu settlement is inundated by seawater during tidal inflows
within the vicinity. Ultimately, the inundation affects the settlers’ ability to carry out
subsistence farming and causes improper hygiene, leading to significant health implications.
Additionally, Fiji has poor drainage and land management, making these areas more prone to
floods and exposing the population to higher risks (Bernard and Cook 2015).

2.2.2.2 Poverty
People originating from poor socioeconomic backgrounds tend to face high vulnerability. A
notable 35% of the total Fijian population is subjected to poverty and is hence the most
vulnerable group (Gounder 2013). The poverty headcount percentage ranges from 38–55%
for squatter settlements, which is significantly higher than the average percentage for urban
poverty (Pabon et al. 2012). In the Western and Northern divisions, households domiciled in
rural areas are in a state of poverty owing to lower employment opportunities, poor
infrastructure and low-quality services (Gounder 2013). The residents of a small town in Fiji
(Navua), who have an average weekly income of less than FJD$100 (Mataki et al. 2006a),
live in areas that are poorly planned, with multiple blocked drains and irrigation channels that
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cause further flooding and property losses. As a proactive approach, some of the Navua
residents have been able to mitigate risks of floods by building houses on pillars; however,
with the majority of the population barely earning the subsistence level of income, rebuilding houses on higher grounds is practically impossible because of financial constraints
(Mataki et al. 2006a).

2.2.2.3 Gender Dynamics and Psychological Stress
Few studies have considered the differences in effects of a natural disaster on distinct classes
of people, which includes men, women and children, within the group of vulnerable
communities. In the case of flooding episodes women and children are at the greatest risk as
they are not able to escape from the sudden onset of flood peaks at nightfall (Chandra and
Gaganis 2016). This was evident in a hurricane induced flood event in 1931, whereby mostly
female fatalities were noted in Lautoka, Fiji, and a higher number of death among children
aged 11 years and below was reported (Yeo and Blong 2010). Spiritual healing is provided to
cope with disasters (Gillard and Paton 1999); however, there is limited regard for
psychological stress after disasters, which needs professional attention. Studies indicate a
strong correlation between post-traumatic stress disorder symptoms among children and
exposure to traumatic experience during disasters (Bokszczanin 2007). Assistance for such is
limited in Fiji.

2.2.3 Environmental Vulnerabilities
2.2.3.1 Geography and Topography
Geography is a significant factor in determining the effects of disasters, as demonstrated by
some regions that experience a higher number of disasters and related deaths (Kahn 2005).
Fiji is an archipelago of approximately 332 islands (Neall and Trewick 2008), with two larger
islands: Viti Levu and Vanua Levu. The many smaller outer islands in the group causes a
considerable challenge for the government to mobilise resources during disasters (Terry and
Goff 2012). The outer islands are isolated from central areas, and distribution of resources is
not only difficult but also expensive. Additionally, low-lying islands have a higher
susceptibility to storm surges with increased flooding. A high risk of permanent flood
inundation (sea-level rise) as well temporary inundation (storm surge) in future climate
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change scenarios has been projected for Fiji since most of the major towns are located
along the coastline (Gravelle and Mimura 2008; Mimura 1999).

2.2.3.2 Subsistence Living
A common characteristic of nearly all SIDS is their subsistence way of living and reliance on
primary industry for food, such as root crops and marine life (Mataki et al. 2006a; Terry and
Goff 2012). During times of drought, not only is the region faced with water scarcity but also
with food shortages since the majority of the staple crops and livestock do not survive the
drought season (Gough et al. 2010; McNamara and Prasad 2014). Plants with different root
systems subjected to insufficient rain may experience drought in just a few days (White et al.
1999), and this may be a potential problem faced by people dependent on subsistence farming
to support their livelihoods. In these circumstances, the government again has to supply the
community members with necessary food and water (Guha-Khasnobis et al. 2007), which
becomes a laborious task considering the geographic spread of the islands.

2.2.3.3 Water Resources
Water resources are present in abundance nationwide; however, these are unequally
distributed around the island group, as some islands have a plentiful supply while outer
islands are still reliant on government shipping vessels for water (Kumar 2010). In Viti Levu,
the orographic side receives much more rainfall, leaving the Western and Northern divisions
and the outer islands struggling, particularly during the drier months (May–October).
Groundwater consumption is limited in the islands owing to the tidally forced mixing of
seawater and fresh water (White et al. 1999). Rainwater harvesting is common in the islands,
but is subject to rain events and tends to be affected by variations in the climate (Kumar
2010). Water unavailability also translates into health implications, such as increased
diarrhoea rates in the country (Singh et al. 2001).

To summarise, this section highlighted the non-climatic causes of vulnerability of SIDS
where economic, social and environmental issues are in play. Several existing problems
already affect these nations, such as poverty, inequality and low living standards, making the
population more susceptible and less resilient to disasters than the population of an advanced
nation (Yila et al. 2014). The need for interdisciplinary research is paramount in risk analysis
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to provide an accurate understanding of the problem and facilitate the prompt mitigation of
risks associated with floods and droughts. This following section will focus on climaterelated features making SIDS vulnerable.

2.3 Climatic Causes of Vulnerabilities
The Pacific region is influenced by various drivers responsible for the current climate and
weather of the islands. The intra-seasonal Madden–Julian Oscillation (MJO), the El Niño
Southern Oscillation (ENSO)—an inter-annual phenomenon—and the Inter-Decadal Pacific
Oscillation (IPO) affect the South Pacific Convergence Zone’s (SPCZ) position (McGree et
al. 2016; Salinger et al. 2014; Van Der Wiel et al. 2015). These phenomena, which occur
either independently or concurrently with SPCZ changes (Fig. 2.2), induce climatic
variations, seasonality and anomalies in precipitation regimes or influence tropical cyclone
activity and intensity in the South West Pacific (SWP) (Brown et al. 2013). These drivers
affect the regional weather patterns, consequently triggering hazards in SIDS. The first part
of this section sheds light on some of the natural phenomena or climate drivers causing
hydrological extremes to occur. The second part discusses the present trends on key
parameters in relation to floods and droughts.
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Note: The northward displacement of the South Pacific Convergence Zone results in an El Niño
event, while its southward displacement results in La Niña. The east-propagating Madden–Julian
Oscillation, Inter-Decadal Pacific Oscillation and the south-easterly trade winds also influence the
climate in Fiji.

Fig. 2.2 Different climate drivers influencing the weather patterns in Fiji (Produced in
Arc GIS)
2.3.1 Different Climate Drivers
2.3.1.1 South Pacific Convergence Zone and Intertropical Convergence Zone
The SPCZ, containing convective cloud bands, lies diagonally, extending eastwards from
Cook Islands closer to Papua New Guinea along the equator (Vincent 1994). The effects of
SPCZ occur inter-annually, mainly influenced by sea surface temperatures (SSTs) (Lorrey et
al. 2012), which ultimately affect precipitation rates (McGree et al. 2014). Zonal SST
asymmetries and absolute SST affect the SPCZ strength and slope which impacts
precipitation (Van Der Wiel et al. 2016). The Rossby wave also enforces expansion and
contraction of the SPCZ, causing subsequent increases and decreases in convection (Van Der
Wiel et al. 2015; Vincent 1994). Changes in the SPCZ alter the hydro-climatic conditions in
SIDS, ultimately causing environmental instabilities (Borlace et al. 2014; Kuleshov et al.
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2014; Stone et al. 1996). Even a marginal change in the SPCZ position can affect the weather
in the Pacific (Folland et al. 2002a).

The impact of SPCZ is more profound during summer months in the Southern Hemisphere
(November–April), with a marked increase in the precipitation rate (Vincent 1994). SPCZanomaly-related precipitation is a common occurrence among the SWP Islands, mainly in Fiji
and Vanuatu, which experience flooding because of heavy rainfall (Lorrey et al. 2012). The
Northern Hemisphere houses the Intertropical Convergence Zone (ITCZ), which merges with
the SPCZ on the western side, close to Kiribati (Salinger et al. 1995). ITCZ is also primarily
driven by the ocean currents and associated SSTs, which then drive atmospheric convection
(Xie 2009). Therefore, small changes in the SST influence moisture and clouds, causing
changes in annual precipitation (Strauch et al. 2015). Although more dominant in the
Northern Hemisphere, ITCZ has an influence on SPCZ, which ultimately affects the climate
in SIDS. A long-term flood trend analysis on Fiji (1840–2009) revealed that the main causes
of flood by meteorological phenomena are the south-westward movement of SPCZ and
merging of tropical depressions and synoptic systems, such as SPCZ and cold front or trough
over Fiji (McGree et al. 2010).

2.3.1.2 El Nino Southern Oscillation
ENSO affects the global climate system annually (McPhaden et al. 2006), triggering hydrometeorological processes in SIDS (Kumar et al. 2006). An ENSO cycle entails accumulation
and withdrawal of pools of water in the Western and Eastern Pacific, associated with
dominant trade winds (McPhaden et al. 2006). This inter-seasonal variation gives rise to a
warm phase event—El Niño—and a subsequent cold phase event—La Niña. During El Niño
events, the movement of warm water from the equatorial pool towards the Eastern Pacific
results in an eastward and equatorward movement of the SPCZ. During La Niña events, the
SPCZ moves westward and poleward (Van Der Wiel et al. 2016). As a result, various
recordings of SST, rainfall and wind anomalies are experienced in equatorial and South West
Pacific (Borlace et al. 2014). ENSO activity can be measured by the Southern Oscillation
Index (SOI), whereby a negative value indicates an El Niño event and a positive value
indicates a La Niña event.
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2.3.1.3 Madden–Julian Oscillation
The MJO is another intra-seasonal atmospheric disturbance propagating through the Indian
and the Pacific Oceans. It is known to influence weather and climate significantly, causing
variable rainfall patterns and hurricane formation in the Pacific (Zhang 2005). An MJO event
is associated with atmospheric convection and low-level westerly winds measured over
relatively warm surface water (McPhaden 1999). Studies have suggested the influence of
MJO to be quite significant on precipitation and surface air temperatures (Zhou et al. 2012).
An MJO event entails strong rainfall variability in Fiji with variations in wind, SST,
cloudiness and rainfall (Lal et al. 2008). The active phase of MJO compounded with El Niño
can also increase cyclone frequency fivefold in Fiji (Chand and Walsh 2010).

2.3.1.4 Inter-Decadal Pacific Oscillation
IPO is a prominent feature of the Pacific Decadal Oscillation, active mainly in the Southern
hemisphere (Dong and Dai 2015; Salinger et al. 2001). IPO predominantly affects climatic
oscillations in the Southern hemisphere on a decadal scale (Dong and Dai 2015; Salinger et
al. 2001). Salinger et al. (2001) reported that IPO indices illustrate fluctuating trends during
ENSO, with a positive IPO phase correlating with a high-intensity El Niño event,
compounding the effects in the SWP region. Additionally, notable warming through
temperature anomalies and extreme precipitation trends have also been observed in IPO
phases (Dong and Dai 2015). Thus, IPO independently, and in relation to ENSO, strengthens,
which further induces the genesis and migration of tropical cyclones in the SWP region
(Magee et al. 2017). IPO in the positive phase is also associated with increased drought risks
across the Pacific (Kidd 2015; Vance et al. 2015).

2.3.2 Spatial and Temporal Trends over Fiji
2.3.2.1 Drought
Drought analysis for the SWP region showed no overall significant trend, although individual
stations were reported to be in a state of drought (McGree et al. 2016). Fiji had recorded
lower than average precipitation in the years corresponding to the negative SOI values,
indicating an El Niño event (Terry and Raj 1999). For countries south-west of the SPCZ,
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such as Fiji, diminished rainfall is often a manifestation of El Niño. Conversely, for countries
in the north of the SPCZ, droughts usually occur by south-west transposition of the SPCZ, as
a result of La Niña events. Irrespective of the ENSO state, drought conditions are often
reversed because of a stationary tropical cyclone or a heavy rain event, which often leads to
flooding (Kuleshov et al. 2014). Such events highlight the extreme variability of the
weather/climate conditions and the challenges that these bring to SIDS.

2.3.2.2 Floods
Although research has not found any increase in flood frequency or peak flood height in Fiji
(McAneney et al. 2017a; Yeo et al. 2007), results extrapolated from climate models predict
occurrence of more extreme events (Feresi et al. 2000). These extreme events may ultimately
result in hydro-meteorological hazards (Kenny et al. 2000). As indicated in New Caledonia,
65% of the floods were cyclone-induced flood events (Terry 2009). Cyclones also cause
floods of higher magnitude (Bern et al. 1993; Kostaschuk et al. 2001; Pradhan et al. 2007),
based on factors such as cyclone velocity and the duration of persistence in an area (Madsen
and Jakobsen 2004; Terry 2009). A cyclone consequently causes storm surges that could be
heightened during high tides and extended hours of precipitation, affecting the intensity of
flooding events. This effect was evident during cyclone Ami, which caused a flood and
associated flood storms in the region, claiming the lives of 17 people (Terry et al. 2004). A
case study on Fiji’s Rewa River has shown agreement with the premise that higher flood
magnitude events occur owing to tropical cyclones; conversely, more frequent flood events
are attributable to random precipitation events (Kostaschuk et al. 2001).

2.3.2.3 Orography
The two largest islands in Fiji are mountainous with prevailing trade winds from the southeastern side of the region (Neall and Trewick 2008; Terry 2005). As a result of orographic
effect, winds on high mountain islands generate steep gradients in cloudiness, solar radiation,
rainfall and evapotranspiration, in comparison to low islands which are influenced by open
ocean conditions (Giambelluca et al. 1988). Orographic rainfall effects are highly evident in
Fiji with unequal rain distribution on the windward and leeward side of the island. In the dry
months, the leeward side receives 13% less annual rainfall (Western and Northern DivisionFig. 2.1) than the windward side which receives 33% in total (Central and Eastern Division)
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(Terry 2005). Orography tends to influence torrential rain and extreme precipitation events,
which are frequently followed by flash floods in certain parts of the island while the other
parts remain relatively dry (Pastor et al. 2010).

2.3.2.4 Temperature
No significant trend in rainfall patterns for Fiji has been identified, conversely, a noteworthy
trend in temperature rise has been recorded (Kumar et al. 2014a; McGree et al. 2014). An
increase of approximately 0.07–0.25 degrees centigrade in decadal temperature at some
stations has been identified, with reported upsurge in the occurrence of ‘hotter’ days
(Griffiths et al. 2005; Kumar et al. 2014b; Mataki et al. 2006b). Similarly, a notable increase
in surface ocean and air temperatures for the wider SWP region was identified (Folland et al.
2003; Whan et al. 2014). Alterations in precipitation regimes and atmospheric moisture
resulting in a more active hydrological cycle are caused by changes in surface temperatures.
Increase in frequency of ENSO events is projected in a warmer climate as well (Cai et al.
2014). The warmer atmosphere could accelerate evapotranspiration, ultimately affecting soil
moisture retention, initial groundwater conditions and runoff (Dore 2005), consequently
influencing flood and drought events.

2.3.2.5 Cyclones
With increased SST scenarios, a higher proportion of category 4 and 5 cyclones have been
observed in all the ocean basins, including the SWP region (Webster et al. 2005). More
tropical cyclone activity is experienced during an El Niño episode around the dateline area,
including Fiji and Cook Islands (Chand et al. 2013). According to Chand and Walsh (2011),
the region in which a cyclone may form is dependent on ENSO events. Their study indicates
that ENSO influences the accumulated cyclone energy, which then determines cyclone
intensity. Additionally, higher and stronger SPCZ variability causes more cyclone genesis as
was observed on a volcanic ocean island (Toomey et al. 2016). Low pressure zones can cause
displacement of SPCZ with statistically significant negative SOI values leading to more
cyclone genesis (Revell and Goulter 1986). Other studies in the local context also indicates
increased tropical cyclones in Fiji waters during negative values of SOI (Kostaschuk et al.
2001; Terry et al. 2001).
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2.3.2.6 Precipitation
Precipitation in the SWP region is impelled by the principal climatological drivers (Salinger et
al. 1995). Although no significant trend has been noted in the intensity of precipitation rates
globally (Trenberth 2005), the consensus view tends to be that there is a global increase in
precipitation (Knutson and Tuleya 2004). Similarly, no significant trend has been found in
SIDS for precipitation, but a commonly agreed notion is the highly variable weather among
SIDS. Dassié et al. (2014) documented such variability in Fiji using corals as an indicator of
historical regional climatic variability driven by the variability and expansion of the SPCZ
towards the south-east.

This section highlights the different climate drivers and current trends in Fiji in relation to
floods and droughts. The position of SPCZ is a key driver of precipitation in the region. The
ENSO and IPO induce increased cyclone genesis and climate variability, subsequently
causing floods and droughts. Since these drivers are naturally occurring phenomena, these
will inevitably affect SIDS, which means that floods and droughts will continue to occur.
Ultimately, as a pre-emptive measure to deal with the problem, SIDS must use improved
hazard management such as early warning systems to reduce impacts. Hence, the next section
discusses various hydrological indices and forecasting methodologies that can be used for
extreme event monitoring as a risk reduction mechanism.

2.4 Hydrological Extreme Monitoring
Flooding is the most frequent weather-related disaster worldwide, which has increased over
the past decade. The first flood in Fiji above mean level of 7 m was recorded in the 1800s to
1900s in Ba (Yeo and Blong 2010). Conversely, records of drought in the SWP extend
beyond 4,000 years (Nunn and Kumar 2004; Nunn et al. 2001). Accurate and timely
predictions of flood and drought can substantially reduce risk to life and property. A great
extent of literature has shown that hydrological extreme monitoring can be successfully
achieved through the application of suitable index, climate signals and modelling tools
(Mishra and Singh 2011). All normalised drought indices can be used interchangeably to
observe not only dry but wet conditions as well (Byun and Wilhite 1999; Deo et al. 2018;
McKee et al. 1993; Mishra and Singh 2011), which makes it suitable for monitoring both
ends of the hydrological spectrum (extreme wet and dry). Forecasting models such as process
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based and data-driven models are commonly utilized in hydrological applications. A
physically based process model is underpinned by interpreting the physical processes of a
system such as a river basin, while data-driven model identifies the best relationship based on
the input data series (Solomatine and Ostfeld 2008). Information on parameters such as
geology, soil, water abstractions, agricultural practices is not only difficult to access but also
presents challenges to deduce sound scientific hydrological understanding for the physical
process (Abrahart et al. 2008). This has led to the widespread use and development of datadriven models over process based models in the field of hydrology which does not have such
limitations. Data-driven models have showed great potential with improved skill to carry out
drought forecasting (Mishra and Singh 2011), therefore, have been selected as the forecasting
methodology for this study. This section is divided into two parts. The first part examines
different indices that can be applied for monitoring extremes in the Fiji region. The second
part discusses some of the different data-driven models used in the field of study.

2.4.1 Hydrological Indices
Fiji Meteorological Services carries out precipitation forecast across Fiji. For each station, the
likelihood of average, above average and below average rainfall is forecasted in the
oncoming three-month period using the SOI over contiguous three-month blocks (Pahalad
and McGree 2002). Based on the probabilities achieved, seasonal forecast outlooks and
seasonal rainfall variation outlooks are issued to sectors which are predominantly influenced
by rainfall patterns such as Fiji Electricity Authority, Ministry of Agriculture and Fiji Sugar
Corporation. Although interpretation of results for agricultural planning is not as
straightforward, use of persisting rainfall patterns yields insights into the precautions that
farmers can take to ensure maximum yield outputs.
Several studies in Fiji have used the standardised precipitation index (SPI) to monitor rainfall
variability, assess drought and implement forecasting models. Deo (2011) performed a
Mann–Kendal test to identify significant trends in SPI in Fiji. It was concluded that most
stations indicated negative values, depicting potential of dry conditions in both the Northern
and the Western divisions. This study further concluded that paucity of modelling expertise
deters proper diagnosis and prediction of droughts. Recently, SPI has also been successfully
used to carry out drought monitoring in Fiji using a hybrid approach of multi-model ensemble
seasonal climate forecast and machine learning method (Rhee and Yang 2018b).
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SPI is computed according to the precipitation distribution, and each value of precipitation is
then normalised or standardised (McKee et al. 1993). Therefore, the normalisation on the
index makes it suitable to monitor not only dry but wet conditions as well (Seiler et al.
2002). The simple, straightforward calculation is among the advantages for the extensive use
of the index. However, its disadvantage is that precipitation alone may not be an excellent
indicator of drought. Therefore, after receiving much criticism for not incorporating adequate
hydrological parameters, standardised precipitation evapotranspiration index (SPEI) emerged
as a successor of the SPI.
The SPEI has an additional temperature variable yielding significant information about the
soil water balance calculated using precipitation and potential evapotranspiration (VicenteSerrano et al. 2010). Temperature is considered a significant constituent in hydrological
studies amidst the current changing climate (Dayal et al. 2017; Mouatadid et al. 2018). Since
Potential Evapotranspiration (PET) cannot be directly measured in the atmosphere, it is often
calculated from other variables (Thomas 2000), such as temperature, radiation and wind
intensity. A comparison study of each evapotranspiration calculation method indicated that
the Penman–Monteith method showed highest performance; other methods had relatively
good results as well without a significant difference (Nazeer 2010). The Penman–Monteith
method requires data for variables such as air temperature, relative humidity, wind speed,
sunshine duration and rainfall. Accessing long-term data for these variables in Fiji can be a
challenge; therefore, a simpler method, such as the Hargreaves method, can also be employed
for PET calculation (Hargreaves and Samani 1982). The increase in temperature can have
increased implications on crops during drought. Nawai et al. (2015) utilised the SPI and SPEI
to compute the risk of rainfall scarcity to rain-fed agriculture in the Ba river basin during
droughts. In contrast to the literature, both the indices showed good ability to detect drought
events with similar performance.
Byun and Wilhite (1999) developed the effective drought index (EDI) in an attempt to solve
problems faced by current indices. This was achieved through the rationale of decay of water
resources reflecting runoff as an input variable and monitoring at a shorter timescale (daily).
Owing to the daily timescale in EDI, it is ideal to determine both long and short periods of
drought and detect the onset of the drought condition earlier than other indices (Jain et al.
2015). The common practice has been to use timescales on a monthly or annual basis or nonstandardised timescales. Although the use of monthly scales in other drought indices yields a
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good judgement of drought for long-term planning, it provides minimum information on the
status within a short time span. SPI is known to yield errors when calculated at shorter
timescales (1-month) (Wu et al. 2007a). Conversely, the shorter timescale of EDI can be
applied to monitor not only droughts, but flood development as well (daily or 1-monthly)
(Deo et al. 2018). Moreover, EDI’s calculation employs a time-dependent water decay
function to properly indicate the reduction of water resources from precipitation on previous
days, which other indices do not address (Kim et al. 2009) .
Palmer was probably one of the first to quantify drought risk in objective classes (Wayne
1965). The Palmer Drought Severity Index was developed to monitor drought conditions in
the United States (Heim 2000). The index, similar to SPEI, is calculated with precipitation
and water balance demands reflected through temperature. The following parameters are
taken into account for index calculation: evapotranspiration, soil moisture storage in different
layers, surface runoff and potential recharge (Lohani and Loganathan 1997). The water
balance approach makes it suitable to monitor dry and wet conditions as well. However, the
index was mainly criticised for its inapplicability to other geographic locations because of its
uncalibrated properties and was criticised for its poorly constructed standardisation
methodology (Alley 1984; Wells et al. 2004).
Each of the indices have their advantages and disadvantages. While some studies emphasize
on the use of temperature components to correctly depict the impacts of the changing climate
(Hernandez and Uddameri 2014), others indicate that precipitation alone maybe suitable for
drought quantification, for example, in Africa (Ntale and Gan 2003). In Ethiopia, SPI and
SPEI showed potential to characterise droughts based on historic events (Bayissa et al. 2018).
In Europe on the other hand, SPEI was found to be significantly different to SPI (Stagge et
al. 2014). Test of seven different drought indices in Iran proved EDI to be the superior index
because of higher sensitivity and detection of early onset of drought compared to SPI or SPEI
(Jain et al. 2015). For arid and semi-arid conditions, Banimahd and Khalili (2013), index
constituting a temperature component reflecting potential evapotranspiration was considered
more suitable (Banimahd and Khalili 2013). The study further showed that performance of
indices is further influenced by factors such as different climatic zone, length of hydrological
data for different parameters and incorporation of temperature to properly characterise
drought events. Importantly, all these indices are largely climate specific and maybe more or
less responsive in different geographic locations (Vicente-Serrano and López-Moreno
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2005b). Therefore, it is of paramount importance to test these indices for its suitability based
on the local conditions in Fiji before it can be implemented for use in an early warning
system.

2.4.2 Different Data-Driven Models
2.4.2.1 Machine Learning Models
Techniques in artificial intelligence are becoming increasingly popular in the field of
hydrology. One such approach is the artificial neural network (ANN) which originated
through the idea of neurons based on the functional system in the human body (Hill et al.
1994). An ANN lacks a sound understanding of the physical relationship between the inputs
and output variables, and yet produces reliable forecasts, which serves as a significant
advantage where limited understanding exists between two variables (Hydrology 2000). An
ANN is particularly useful because it can model non-linear data, which is often the case in
hydrological studies (Memarian et al. 2016). Notably, ANNs have been used to develop the
satellite derived precipitation product, Precipitation Estimation from Remotely Sensed
Information using Artificial Neural Networks–Climate Data Record (Ashouri et al. 2015).
Morid et al. (2007) used ANN to forecast SPI and EDI in Tehran, concluding that the EDI
network model showed more capability in accurately predicting the different drought classes
that could potentially form a basis of operational forecasts. It has been also shown that short
term drought forecasts are better with a Recursive multi-step neural network approach and
long term forecasts have high accuracy with direct multi-step neural network approach
(Mishra and Desai 2006b). Deo and Şahin (2015) showed great scope of ANN to predict the
drought severity, intensity and duration using SPEI in Australia.
A hybrid model, known as adaptive-network-based fuzzy inference systems (ANFIS),
emerged as a result of combining the learning techniques of ANN and neuro-fuzzy approach
for adaptive network (Brown and Harris 1994; Nayak et al. 2004). For instance, it has been
shown that fuzzy logic approach on its has lower predictability however a combined
approach, that is, ANFIS, rendered better results to predict SPI (Keskin et al. 2009).
Numerous studies have focused on the application of ANFIS in the area of drought modelling
using SPI (El Ibrahimi and Baali ; Nguyen et al. 2017; Shirmohammadi et al. 2013). Bacanli
et al. (2009) demonstrated better performance of the ANFIS model in comparison with the
feed forward neural network and multiple linear regression (MLR). The ANFIS model also
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had about 90% accuracy in predicting different classes of EDI in Tehran (Farokhnia et al.
2011). High skill was also noted in the long-term forecast (6–12 month lead time) of the
Palmer Modified Drought Index by wavelet transformed fuzzy logic over wavelet
transformed neural network (Özger et al. 2012).
Another popular machine learning model is the support vector machine (SVM). Cortes and
Vapnik (1995) initially explored the SVM in an attempt to determine the estimate of limited
samples through the concept of structural minimisation of risk. The factors for the popularity
of SVMs include ease of training, high efficiency and ability to handle noisy data
(Mokhtarzad et al. 2017; Raghavendra. N and Deka 2014). The least squares support vector
machine (LSSVM) was used to forecast SPI, producing the following results, (RMSE = 0.16,
MAE = 0.11, R2 = 0.98) (Deo et al. 2017a). Despite the promising results, LSSVM was not
able to outperform multivariate adaptive regressions spline and M5 Model Tree. However,
another comparison study between these machine learning models, that is, ANN, ANFIS and
SVM, concluded SVM is superior to neural net and ANFIS in predicting SPI (Mokhtarzad et
al. 2017).

2.4.2.2 Time Series Models/Stochastic Model
A prevalent method of forecasting time series is by using stochastic approaches (Box et al.
2015). Autoregressive (AR), moving average (MA), autoregressive integrated moving
average (ARIMA) and seasonal autoregressive integrated moving average (SARIMA) models
are all examples of time series models (Hyndman and Athanasopoulos 2018). The most
commonly used among these models are ARIMA and SARIMA. Among many advantages,
the models’ proven superiority is attributable to characteristics such as moving average,
exponential smoothing and most importantly, forecasting ability relative to time (Han et al.
2010). ARIMA/SARIMA models have been used for forecasting SPI, setting threshold levels
for drought events and forecasting hydrological drought (Modarres 2007). Conversely, in a
study in China, it was concluded that the ARIMA model had the lowest forecasting ability of
SPI compared with ANN and wavelet transformed ANN (Zhang et al. 2017). A noted
disadvantage of the ARIMA method is its inability to handle non-linearity and nonstationarity in the data (Wu et al. 2007b). To overcome this problem, Mishra et al. (2007)
demonstrated the use of a hybrid model comprising properties of ARIMA and ANN, which
ultimately rendered results better than ANN and ARIMA models used independently.
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Markov chains are another type of model that use stochastic processes (Modarres 2007).
Markov models have been extensively applied in forecasting metrological droughts (Khadr
2016), probabilistic classification of drought states (Mallya et al. 2012) and identifying
drought class transitions (Paulo and Pereira 2007). A study using stochastic markov model
and SPI showed that a region has a higher probability of being in a state of drought (a month
in the future) if the present conditions represent moderate or severe drought (Paulo et al.
2005). Similarly, Mishra et al. (2009) illustrated that for SPI the antecedent drought status
will most likely persist in the following months, namely, a ‘moderately dry’ period would
follow a ‘moderately dry’ period. Markov models have also been used to illustrate the
‘persisting’ nature of drought in the United Kingdom with below average river discharge
identified for as long as six years (Wilby et al. 2015).

2.4.2.3 Multiple Regression Models
MLR analysis was developed to observe the relationship between more than one predictor
variable and a dependent or criterion variable (Pedhazur 1982). In MLR, the variable is
forecasted using other variables while in AR, the variable is forecasted using the lags of the
variable itself (Hyndman and Athanasopoulos 2018). The popularity of MLR, as described in
Chen and Li (1998), is based on straightforward implementation, robust statistical theory,
availability of problem-solving tools to enhance the analysis and availability of standard
deviations for the estimated parameters. Linear regression models in conjunction with
weather variables, such as air pressure, air surface temperatures and SSTs, wind velocities
and precipitation data, have been useful for hydrological extreme prediction. Explorations
were made using regression models to assess the relationship between the normalised
difference vegetation index and SPI (Ji and Peters 2003). The former index was considered a
useful tool to assess the response of vegetation to moisture in drought conditions. MLR has
been successfully applied to predict drought (Bacanli et al. 2009), barley yield in drought
conditions (Odabas et al. 2014) and daily flood flow (Rezaeianzadeh et al. 2014). SPI and
MLR had been used in Greece to carry out spatio-temporal analysis on drought and
characterise the respective return periods (Loukas and Vasiliades 2004).

In summary , firstly, most studies in the area of hydrological hazards in Fiji have focused on
trend analysis rather than on risk reduction approaches. Secondly, studies have also stated
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that Fiji’s resilience status is low to moderate and undertaking modelling as a risk reduction
mechanism is essential. Thirdly, although many indices are available, these have not been
tested for the climate of Fiji. Similarly, the aforementioned model results are applicable in a
certain geographic location, and hence, the best model needs to be optimized based on the
local climatic conditions in islands.

2.5 Conclusion
Considering the risks and losses associated with disasters, it is necessary to develop robust
predictive tools suitable for the island states. Owing to the reasons identified above, it is
essential to test different indices from which the possibility of modelling extremes can be
explored. As identified in Section 2.2 and 2.3, Pacific Islands have some inherent
characteristics that make them particularly vulnerable. It is important to account for the needs
of people before devising an early warning system. The SST drives most of the natural
climate phenomenon which influences precipitation, therefore it can be used as an
explanatory variable to forecast hydrological events. The standardised or normalised drought
index can be successfully used to monitor both dry and wet conditions interchangeably.
However, prior to its use, different hydrological or drought indices needs to be tested to suit
the local conditions. Suitability of models need to be optimized for forecasting in the Pacific
based on performance and data availability. The different model types have been shown to
perform well, however, no synthesized information exists based on which the best performing
model can be determined. Therefore, in Chapter 3, a systematic review and meta-regression
analysis focusing on drought only (dry events) was carried out to determine the best model
for forecasting Standardised Precipitation Index which is the most commonly used index.
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CHAPTER 3 DROUGHT FORECASTING THROUGH EMPIRICAL MODELS : A
META-REGRESSION ANALYSIS

3.1 Abstract
Quality and reliable hydrological extreme prediction is essential for mitigation strategies and
planning in disaster-stricken regions globally. Prediction models such as empirical or datadriven models play a fundamental role in forecasting regional hydrological extreme
development. However, selecting a suitable prediction model remains a challenge because of
the lack of succinct information available on model performance. Therefore, this review
evaluated the best model for drought forecasting, and determined which differences if any
were present in model performance using standardised precipitation index (SPI). In addition,
the most effective combination of the SPI with its respective timescale and lead time was
investigated. The effectiveness of data-driven models was analysed using meta-regression
analysis by applying a linear mixed model to the coefficient of determination and the root
mean square error of the forecasted and validated results. Wavelet-transformed neural
networks had superior performance with the highest correlation and minimum error. Preprocessing data to eliminate non-stationarity performed substantially better than did the
regular artificial neural network (ANN) model. Additionally, the best combination of
timescale and lead time was the SPI calculated for 24- and 12-month timescales with a
forecast lead time of 1–3 months (short-term forecast). Studies from China had the most
variation based on geographic location as a random effect; while studies from India rendered
consistent results overall. Variation in the result can be attributed to geographical differences,
seasonal influence, incorporation of climate indices and author bias. Conclusively, this
review recommends use of the wavelet-based ANN (WANN) model to forecast hydrological
or drought indices.
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3.2 Introduction
Drought is a complex and cyclical event characterised by a precipitation deficit, which has a
ripple effect on agricultural and hydrological systems as well as on society (Dai 2011;
Delbiso et al. 2017). Albeit its subtle visual effects, the impacts of drought are severe without
precautionary measures and tend to linger for a prolonged period even after termination
(Wilhite 2002). An upsurge in drought occurrence and severity is highly probable in the
future, leaving management bodies to turn to thorough risk-mitigation measures (Dai 2011;
Mishra and Singh 2011). The slow progression and inception of drought can be advantageous
to modellers to foresee these events in advance (Cancelliere et al. 2007; Rossi 2003).
Reduction of risks has been an integral part of planning and policy developments. This, in
recent times, has been made possible with the development of numerous modelling
approaches giving insight into precipitation deficits and ultimately monitoring drought. The
most commonly used models are regression, time series, neural network and hybrid models
with the use of drought and climate indices as inputs (Mishra and Singh 2011).
While there are many different published drought indices (e.g., standardised precipitation
evapotranspiration index [SPEI], Palmer drought severity index [PDSI], standardised
precipitation index [SPI], Effective Drought Index [EDI] and reconnaissance drought index
[RDI]), this study focuses on the SPI (McKee et al. 1993), which is the most commonly used
drought index (Hayes et al. 2011). It is computed on the basis of precipitation distribution,
where monthly rainfall totals are standardised using a gamma or Pearson type III distribution
(McKee et al. 1993). Investigation of the SPI has revealed many advantages—it is computed
with minimum complexity; it provides a spatially consistent interpretation across various
climates; and it is probabilistic in nature, therefore depicting ideal characteristics in
forecasting and risk analyses (Guttman 1998a; Zargar et al. 2011). Since, the calculation is
based exclusively on precipitation, it is highly beneficial in data-sparse regions where other
parameters such as streamflow, evapotranspiration and soil moisture information may not be
readily accessible (Hayes et al. 2005). The SPI can be calculated at different timescales to
give insight into different types of drought, for instance the short to medium timescale is
suitable for meteorological and agricultural drought while the longer timescales are suitable
for hydrological and socio-economic drought (Gumus and Algin 2017). The SPI has
multifaceted uses, and recently it has been used to assess groundwater drought (Kumar et al.
2016), and to carry out spatio-temporal analysis of floods and droughts (Liu et al. 2018).
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With the cognisance of climate signals influencing precipitation patterns, climate indices
form an integral part in assessing hydro-meteorological hazards. The Madden–Julian
Oscillation, the El Niño Southern Oscillation (ENSO) ,the Pacific Decadal Oscillation, the
North Atlantic Oscillation as well as the Intertropical Convergence Zone (ITCZ) position, are
common drivers which affect global weather (Hurrell 1995; McGree et al. 2016; Salinger et
al. 2014; Van Der Wiel et al. 2015). These climate phenomena induce climatic variations,
seasonality and anomalies in precipitation regimes (Brown et al. 2013; Xie 2009), therefore
highlighting the importance of incorporating these in modelling studies.
In conjunction with drought and climate indices, drought modelling has opened avenues to
investigate numerous drought parameters (Mishra and Singh 2011; Wilhite 2000). Modelling
outputs may include initiation and termination of drought, nature of severity, probability of
occurrence and lead time (Chen and Li 1998), which also creates understandings into
characteristics such as severity and spatio-temporal extent (Khalili et al. 2011). Initiation and
termination of a drought event are difficult to predict as droughts have a slow development
and, until human activity becomes affected by visible impacts, their existence may remain
unrecognised (Maybank et al. 1995). Numerous studies have examined drought class
transitions from non-drought to mild, moderate and lastly extreme phases to establish earlywarning systems (Bonaccorso et al. 2015; Moreira et al. 2012). As such, various parameters
of drought can be utilised to establish early-warning systems; however, in this study, we
focused on identifying empirical studies that forecast the SPI by using either the lagged
relationship with climate indices and SPI or the autocorrelation of SPI. These studies forecast
SPI at various lead times, where lead time refers to the early announcement of a likely
drought event prior to the actual onset of the hazard. Forecasts are an essential component
that can be incorporated into disaster management units as a pre-emptive approach to reduce
risks (Paulo and Pereira 2007; Wilhite 2000).
In retrospect, some of the challenges associated with drought modelling have been
highlighted previously. For instance, precipitation, which forms the primary data type in
drought-related work, is non-stationary and seasonal by nature, which offers challenges to
modellers in adopting a suitable model type (Zhang et al. 2017). Difficulties also exist in
determining relationships between climate drivers such as sea surface temperature anomalies
and ENSO. Some papers are in favour of climate indices to improve forecasting (Ganguli and
Reddy 2014), while others report no significant improvement in model performance with the
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incorporation of climate drivers (Morid et al. 2007). Inconsistent region characteristics in
different geographic locations inhibit proper response rates of the models; therefore, thorough
testing and validation of the approaches are required before it can be adopted to develop an
early-warning system (Deo et al. 2017a). Lastly, complexity exists in choosing a suitable
index, bearing in mind factors such as the timescale and the type of drought to address
(Mishra and Desai 2005; Wilhite 2000), which often leaves modellers perplexed. Over the
years, researchers have yielded inconsistent results in drought forecasting, and
inconsistencies exist in performance among different model types. This makes
implementation of an early-warning system a challenging task for governments, causing
indecisiveness in which modelling system to adopt and lack of trust among potential forecast
users. Minimal research has been performed to compare the effectiveness of different models
collectively (Choubin et al. 2016). Therefore, the novelty of this systematic review involves
application of an approach which to the best of our knowledge has not been previously
applied in the field of hydrology. In this study, a meta-analysis was undertaken to determine
the suitability of the following models for forecasting the SPI: artificial neural network
(ANN), support vector machine (SVM), Markov model (MM), and autoregressive integrated
moving average (ARIMA) or seasonal ARIMA (SARIMA). The study aimed (1) to
determine differences if any in model performance and (2) to determine the most appropriate
timescale to calculate SPI with respective lead time combination to ensure optimum model
performance.
3.3 Overview of Models
Models have different operational principles, which differentiate them from one another. To
better understand model performance, it is vital to understand the model operation and the
advantages and disadvantages associated with the different types of model included in this
review (Table 3.1).
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Table 3.1 Comparison of study models
Model

Overview

Advantages

ANN

The ANN originated It

Disadvantages

automatically The black box nature

through the concept creates relationships provides insufficient
of

neurons

and between

variables information about the

operates on the basis without

being internal

of

which to the user. Difficulty

the

functional instructed,

mechanism

system of neurons in proves advantageous in determining proper
the human body (Hill to a modeller where architecture
et al. 1994). This there

is

of

the

limited neural network and

mathematical model understanding

proneness

entails a three layered (Hydrology 2000).

overfitting are other

architecture

common

system

(Wang 2003).

to

downfalls

(Tu 1996).

ARIMA/SARIMA This is a method of The
forecasting

model

proves The

use

of

the

time superior because of traditional form of

series

using characteristics

such model

selection

stochastic approaches as moving average, techniques
(Box et al. 1994) that use
applies

of

be

exogenous prone to bias and

linear variable, exponential may

correlation

can

need

prior

among smoothing and, most experience to be able

observations

to importantly,

forecast

its to determine the best

both forecasting capability order

for

model

stationary univariate relative to time (Han development.

The

data

not

and

non- et al. 2010).

approach

does

stationary time series

account

for

that

linearity in the data.

exhibit

trends

non-

such as seasonality.
SVM

Cortes and Vapnik Raghavendra. N and Assigning data to the
(1995)

initially Deka

explored the SVM in identified
an

attempt

(2014) hyperplane is not an
the easy task and may

to advantages of SVM need identification of

determine an estimate as follows: capability a
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suitable

kernel

of limited samples by of

handling

linear function algorithm to

classifying data on a and stationary data; assist in classifying
hyperplane

in

best possible way.

the the ability to predict the data therefore, a
unobserved data, and user
handle

with

limited

noisy experience

may

conditions

without experience difficulty.

overfitting.

Moreover, it does not
work well with large
datasets and has a
tedious

training

process
(Sapankevych

and

Sankar 2009).
MM

A Markov model is a The

flexibility

of The

limitations

double

stochastic MM enables it to HMMs

process

that

observable
another

is handle

data

are

often

of associated

with

through varying lengths. The training,
set

stochastic

of model

of

having

has restrictive conditional

process demonstrated

a independence

(Modarres 2007). It diversity of uses in assumptions, and the
has

a

robust numerical alignment, absence of kernel-

statistical foundation data
underpinning
efficient
algorithm

mining, based methods due to

an classification,
learning operational
and

explicit

feature

analysis representations
pattern (Altun et al. 2003).

discovery(Briggs and
Sculpher 1998).
3.4 Materials and Methods
The narrative or traditional form of literature review maybe inadequate to establish explicit
connections and a bigger picture of a collection of studies in a particular discipline (Tranfield
et al. 2003). To synthesise information better, meta-analysis can be applied to studies where
many variations in the results exist. It involves application of quantitative analysis such as
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regression analysis to procure objective results (Stanley and Jarrell 1989). Although much
more common in the medical field and social science research such as psychology, it is
slowly being developed in other disciplines of applied sciences. For instance, Kroeker et al.
(2010) used meta-analysis to explore the effect of ocean acidification on marine animals, and
Rustad et al. (2001) investigated the response of carbon dioxide production from
decomposition in soil, net nitrogen oxidation and aboveground plant biomass in an ecosystem
warming scenario.
This systematic review was guided by the research principles, identified by Khan et al.
(2003), that a systematic review should synthesise results according to an explicitly devised
research question and methodology.
Step 1: Framing the Question
The

first

step

entailed

framing

a

relevant

research

question.

The

participant/population/problem-intervention-comparison-outcomes (PICO) framework by
Schardt et al. (2007) was used to formulate the question for this analysis, as shown in Table
3.2.
Table 3.2 Components of the PICO framework used to determine the main elements of
the study meta-analysis
Framework item

Explanation

Problem

Drought forecasting

Intervention

Through application of the SPI

Comparison

Compared for different data-driven models

Outcomes

Determine the effectiveness of models at certain
lead times and timescales

On the basis of the above framework, the question was framed as follows: which data-driven
models are most efficient in forecasting the SPI at varying lead times, and what, if any,
significant differences are identified in the performance of the different models? For the
purpose of this paper, a distinction was made between the words prediction and forecast. In
statistics, a prediction occurs within the sample such that the Y-value is predicted in an
observation or within part of the sample. While a forecast is a subset of a prediction that
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provides projections out of the sample for future values by applying historical data and that
can change according to external scenarios.
We also make a distinction between now-casting, forecasting and hindcasting. Forecasting
refers to reproducing an aspect of a system ahead of time (Beven and Young 2013). Nowcasting refers to a description of current parameters or near real-time parameters within 0–2
hours, which is more applicable for weather (Vincent et al. 2003). Conversely, hindcasting
applies forecasting to historical data to simulate an event in the past (Soares and Cardoso
2018; Wandres et al. 2018). A forecast usually incorporates meteorological data and is
initialised by the results of a now-cast (Vincent et al. 2003). According to the World
Meteorological Organisation, forecasts can range from hours to 24 months. In this review, we
mainly focus on forecasting of future occurrence of drought by using the SPI at a certain lead
time. A short-term forecast is categorised by a lead time of 1–3 months, a medium-term
forecast by a lead time of 4–6 months and a long-term forecast by a lead time of 9 months or
more.
Step 2: Search Strategy
We conducted an exhaustive search of the electronic literature on the Web of Science Core
Collection database by applying the search elements identified through the PICO framework.
The Boolean technique was used to carry out the search, employing operators such as ‘AND’
and ‘OR’. The specific search terms were ‘drought forecasting’ and ‘standardised
precipitation index’ or ‘SPI’ and the specific model type (i.e., ANN, ARIMA, MM or SVM).
Searching for one concept at a time is claimed to give the best results, (Tuttle et al. 2009);
therefore, the search was conducted for each type of data-driven model on its own. The initial
search of the Web of Science database yielded n = 74 results (Table 3.3). Titles, abstracts and
author information of these articles were extracted and kept for further review.
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Table 3.3 Search result for the Web of Science database based on specific model type
Model type

Number of results

ARIMA

11

ANN

10

SARIMA

4

SVM

7

ANFIS

7

HMM

16

MLR

19

To broaden the search results, similar search terms were used in Google Scholar (GS) for
each type of model with two additional search terms, which were ‘lead time’ and ‘timescale’.
Hence, the search phrase was as follows: ‘drought forecasting’ and ‘standardised
precipitation index’ and ‘[model type]’ and ‘lead time’ and ‘timescale’. This provided more
results and yielded a sample of n = 176. Only the results of the first three pages of GS were
considered to avoid grey literature, which would have compromised the quality of the study.
This reduced our search from GS to n = 22.
Step 3: Specific Inclusion and Exclusion Criteria
The abstracts were reviewed initially on the basis of three general criteria: (1) significant
reviews of the literature that investigated drought forecasting by using the model of interest,
(2) use of the SPI for forecasting and (3) evaluation of lead time as the drought parameter. In
case a criterion was not met directly, but the study was in similar context, the abstract was set
aside for further evaluation.
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Fig. 3.1 PRISMA flowchart to aid in the selection of studies for the quantitative analysis
The PRISMA method (Liberati et al. 2009; Moher et al. 2009), as shown in Fig. 3.1, was
employed to further select the studies for use in the meta-analysis. From the selected
abstracts, full-text articles were retrieved for further review. Because the primary objective
was to measure the performance of different models that forecast the SPI at different lead
times, inclusion of studies was based on the following specific criterion: the study included
performance measures such as NSE, RMSE, R2, R, MSE, z-test and corr. While going over the
different studies, it was identified that R2 and RMSE were the two most commonly used
performance measures. Therefore, we only included those studies with the performance
measures R2 and RMSE or R and MSE, which could be converted to R2 and RMSE. The
coefficient of determination (R2) represents the extent of association between two variables
that could be, the observed and the predicted values. The root mean square error (RMSE)
assesses the variance of errors and highlights the inconsistencies between the observed and
the forecasted values (Adamowski et al. 2012). The performance measure values range from
0 to 1, where the higher R2 value indicates a strong relationship between the data and 0
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represents no statistical correlation. On the other hand, a lower RMSE value represents a
better association.
The following exclusion criteria were applied in this study. (1) Studies that used performance
measures other than R2 and RMSE were excluded. (2) Authors were contacted via email if
data were missing or if the entire analysis of the results was not published in the articles; if
the authors did not provide the requested data, those studies were omitted. (3) Because the
models of interest were data-driven models, other forms of model (e.g., copula) were omitted.
(4) The SPI was found to be the most commonly used index and other indices were not
considered in this study. (5) Various parameters are utilised in the area of drought modelling;
however, we concentrated on the lead time, eliminating studies that focused on class
transitions, severity and duration. (6) A minimum of two studies is required in a metaanalysis to reach a conclusion (Valentine et al. 2010). Therefore, we applied this principle
and ensured that under each model type there was a minimum of two study replicates to carry
out the analysis. Owing to this criterion, studies using the adaptive network-based fuzzy
inference system (ANFIS) and multiple linear regression (MLR) were omitted.
Step 4: Data Abstraction and Appraisal of Study Quality
Selected studies were screened under more refined criteria to ensure quality assessment
through the use of study design-based quality checklists. Only those studies that used more
than 30 years of data and that generated the model after training, testing and validating were
used in the review. Additionally, to ensure that the quality was maintained, the analysis was
mainly carried out on the results of validated and forecasted data. Lastly, the data were solely
from studies that were found in peer-reviewed journals; conference paper studies were
omitted from this analysis. From the selected studies, a data matrix was created, comprising
the first author, geographical location of the study, model of interest, SPI timescale and
specified lead time (forecast range), and its respective performance measure indicator values
of RMSE and R2 were abstracted, which formed the primary component in the analysis. Each
study was given a reference number ID. Where a study focused on more than one station in a
region, average values of R2 and RMSE were used.
Step 5: Statistical Analysis
In this study, the linear mixed model (LMM) analysis was applied from the following packages
in R: the nonlinear mixed-effects (NLME) (Pinheiro 2009; Pinheiro et al. 2007); lme4 (Bates
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et al. 2014); lmerTest (Kuznetsova et al. 2017) and the lsmeans (Lenth 2016). The model
type, SPI timescale and lead time months (i.e., forecast range) were the independent variables
in the formula. The model type was used as the fixed effect, and the model categories were as
follows: WANN, SVM, MM, ANN and ARIMA/SARIMA. The second factor evaluated was
the timescale at which the SPI was computed; it was categorised as 3, 6, 9, 12 and 24, where
SPI 3 referred to the SPI calculated for a 3-month timescale and SPI 24 referred to the SPI
calculated for a 24-month timescale. The third factor was the lead time, which was divided
into three categories: short-term forecast, referring to a lead time of 1–3 months; mid-term
forecast, referring to a lead time of 4–6 months; and long-term forecast, referring to a lead
time of 9 months or more. Last, the paper ID and authors nested in the geographic locations
were assessed as a random effect to account for regional and researcher variation in the
results of the selected studies. The LMM was applied to the weighted average of the R2 and
the RMSE on validated and forecasted results.
3.5 Results
As demonstrated in Fig. 3.2 the wavelet-coupled ANN (WANN) model was the bestperforming model with low error values and high correlation. The average RMSE value of
WANN is approximately 0.3, conversely the RMSE value of other model types exceeds 0.5.
The alphabets (a,b,c) in the plot shows similarities and differences in the model types or
association between the groups. For instance, in plot (a) LS Means RMSE, the SVM and MM
had similar performance to each other indicated with (ab) for both, as did the ARIMA and
ANN indicated with (b). However, while the performance of SVM and MM shows
association with WANN indicated with (a), the performance of ARIMA and ANN is shown
to be distinctly different from WANN. In plot (b), LS Means R2 , MM shows association with
all other model types indicated with (abc). ARIMA (a) and WANN (c) are distinctly different
from all the other model types or shows no association with other model groups, while the
two machine learning models, that is, SVM and ANN show similar performance. Overall the
performance of the ANN was not significantly different from those of the other model types.
The ANN and ARIMA forecasts showed the least variations within the group. The WANN
model explained 55–65% of the variation in the SPI, while the SVM was closer to 45–55%.
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Fig. 3.2 Boxplot of estimated least square (LS) means of the Linear Mixed Model
(LMM) applied to the (a) RMSE and (b) R2 values, including 95% confidence intervals
for Wavelet Artificial Neural Network (WANN), Artificial Neural Network (ANN),
Markov Model (MM), Support Vector Machine (SVM) and Autoregressive Integrated
Moving Average (ARIMA) or seasonal ARIMA (SARIMA).

Furthermore, Fig. 3.3 shows the results of the LMM model applied to the SPI (as an
independent factor) calculated at different timescales. The best timescales to calculate the SPI
were 12 and 24 months, which yielded the highest correlation values of R2 and the smallest
error (RMSE). The SPI at a timescale of 9 months yielded a reasonably high R2 value with a
high respective error value which could be due to outlier values in the data. The models
forecasting SPI 12 and 24 accounted for 30–50% of the variation, while the SPI 6 and 9
accounted for 60–80% of the variation. Additionally, the performance of SPI 12 and 24 was
significantly different from the performance of SPI 3, 6 and 9.
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Fig. 3.3 Boxplot of estimated least square (LS) means of the Linear Mixed Model
(LMM) applied to the (a) RMSE and (b) R2 values with SPI timescale as a factor,
including 95% confidence intervals.

According to Fig. 3.4, the short-term forecasts (lead time) operated the best, with an accuracy
of approximately 70% for a short range forecast (lead time of 1–3 months) and 50% for a
medium range forecast. The long term forecast has accuracy of below 50%. Moreover, the
accuracy of medium and long range forecast is generally similar while the accuracy of short
term forecast is significantly different.
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Fig. 3.4 Boxplot of estimated least square (LS) means with Linear Mixed Model (LMM)
applied to forecast accuracy according to prediction at various lead times measured in
(a) RMSE and (b) R2 values , including 95% confidence intervals. S = short-range
forecasts, M = mid-range forecasts, L = long-range forecasts

Fig. 3.5 depicts least-squares means for location specified as a random effect in the LMM.
The graph shows the variation between studies originating from a specific country as well as
the variation within a study. For the analysis on RMSE, China had the most variation in the
results while India was found to have the least variation. For the analysis on R2, Sicily
rendered the highest variation in the results with consistent results found in studies from India
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India.

Fig. 3.5 A plot of random effects of Linear Mixed Model applied to (a) RMSE and (b)
R2 including 95% confidence intervals. The manuscript authors were nested within
study site to account for variations between model design, software, model validation,
and other unknown variations between research groups.

3.6 Discussion
While most of the models yielded reasonably good results, the WANN was found the bestperforming model in both the forecast and validation models in this study (Fig. 3.2).
Mouatadid et al. (2015) highlighted the advantages of using the ANN for drought prediction
by using MLR and ANN in Australia, and showed that the ANN outperforms the linear
regression models. However, according to our meta-analysis, the ANN alone is not superior
to other model types such as the SVM, Markov chain and time series models comprising of
ARIMA/SARIMA. The performance of the ANN is similar to other simpler models;
however, the WANN proved superior in performance and the results of WANN were
significantly better than other models. A number of studies have reported that the WANN is a
better model as opposed to the regular ANN model (Adamowski and Sun 2010; Nourani et al.
2009b; Wang and Ding 2003).
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One crucial aspect of the WANN is that its performance is dependent on pre-processing of
input data to account for potential non-stationarity in the data. Stationary data are those that
have constant statistical properties such as mean and variance, are not time dependent and do
not have abrupt changes in the series (Nason 2006). Ideally, stationary data are essential to
design a model for future forecasting to accurately represent the phenomenon (Adhikari and
Agrawal 2013; Huang et al. 1998). However, in the real world, data never comprise of
constant statistical properties, giving rise to non-stationarities in the data. Wavelet transforms
have been considered a potential solution to the problem of non-stationary data in
hydrological forecasting and has been identified as one of the best methods to transform the
data (Adamowski and Sun 2010; Huang et al. 1998). It operates by passing the time series to
a function, which results in the decomposition of the original time series at multiple levels
and scales, representing the same series with new values which are stationary in time
(Djerbouai and Souag-Gamane 2016). This decomposition helps to de-noise the data, which
is better handled by the models (Graps 1995).

Additionally, this helps to yield more

meaningful information from the series, which may have previously been masked by abrupt
changes or seasonality in the data (Chaovalit et al. 2011).
Our results indicate that the SPI calculated for a 12-month or 24-month timescale produces
the optimum drought forecasts for a region (Fig. 3.3). A possible explanation for this may be
that the SPI for longer timescales is smoother and hence easier to forecast as opposed to the
SPI for shorter timescales (Loukas and Vasiliades 2004). The application of the SPI at shorter
timescales is not recommended and needs to be performed with caution to prevent
overestimation or underestimation of hydro-meteorological events (Fluixá-Sanmartín et al.
2018; Wu et al. 2007a). Calculation of SPI with short timescales results in a non-normally
distributed SPI values

owing to the high incidence of zero precipitation days in the

precipitation data, consequently the index fails to characterise a drought event effectively
(Wu et al. 2007a). Our results are consistent with previous work reporting that longer
timescales are the best timescale to calculate the SPI and carry out drought modelling (Jain et
al. 2015). Additionally, drought events with longer duration are not easily identifiable with
short timescales (Fluixá-Sanmartín et al. 2018). However, we cannot entirely dismiss the use
of shorter SPI timescales in other aspects of drought management. For instance, it has been
shown for a river basin in Spain that the longer timescales (i.e., SPI 12 and SPI 24) is not
ideal for drought quantification within surface flows, that correlate well to short SPI
timescales, whereas reservoir storages are more sensitive to longer timescales (7–10 months)
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(Vicente-Serrano and López-Moreno 2005a). The study further emphasizes the need to test
the drought monitoring indices before integrating it in management plans. Furthermore, a
study that used the SPI at short and long timescales to interpolate historic drought events
revealed that the short timescales (3 and 6) captured more drought events than did the long
timescales (12 and 24) (Buttafuoco and Caloiero 2014). Therefore, SPI timescale selection
should be dependent on the type of study undertaken, the type of catchment or area, the
regional features and the type of drought examined (Halwatura et al. 2016; Vasiliades et al.
2011).
From the meta-analysis, the best results are achieved when forecasts are made 1–3 months
prior, representing short range forecasts (Fig. 3.4). From a planning and disaster management
perspective, risk-reduction strategies should allow for sufficient time for contingency
planning prior to the onset of a drought event (Karavitis et al. 2011). Governments end up
spending large amounts of money in drought relief programmes after the disaster has
materialised (Wilhite et al. 1986). Therefore, this study recommends a lead time for forecasts
ranging from 1 to 3 months, enabling the government to implement mitigation strategies
ahead of time, which may result in a better action plan and financial security.
This review revealed a general paucity of studies representing different geographic locations
of the world. A number of the studies were situated in the Middle East and Asia region,
which may be linked to the type of indices commonly used in these areas. The variation in the
results were the highest for studies undertaken in China and Sicily, and lowest for studies
undertaken in India (Fig. 3.5). This indicates that the performance gap in studies in India was
not significantly different and therefore the methodology can be replicated. This review
focused primarily on the SPI, and the SPI is a widely used index in these localities, which is
not surprising given the simple calculation of the SPI, particularly in data-sparse areas. Other
areas, for example, the continental United States, may be more reliant on indices such as the
SPEI and the PDSI. Because studies on drought forecasting to establish early warning system
are still scarce, there remain opportunities for more research in the areas of meteorology and
hydrology.
The variability in the results may be due to various factors, which will be discussed. Studies
that use climate indices in conjunction with drought indices to forecast may report different
results than others that utilise the drought index on its own. An example of this is shown in
the works of Memarian et al. (2016) who forecasted SPI by incorporating lagged global
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climatic signals and precipitation. Sensitivity analysis of models indicated that models with
El Niño and precipitation indices produce better results. However, there is still uncertainty in
this regard as other studies report no improvement in result with the climate signals.
Ultimately it depends on the extent of influence by the climate drivers on precipitation
regimes in an area which needs to be determined for that specific location. In our metaanalysis, global climate signals were not used as a factor to determine the model performance
because of the lower number of samples and inconsistencies in the data. Thus, this may be
investigated further for regions where climate indices can be incorporated to determine the
accuracy and improvability of forecasts. Although the minimum number of study
requirements was met, a limitation for this review was the small sample size for each model
type. The ANN and ARIMA had the largest sample sizes, further highlighting their usage for
drought modelling and forecasting.
3.7 Conclusion
Our meta-analysis demonstrated that the performances of the SVM, MM and ANN are
generally good. However, pre-processing the data by wavelet analysis to remove nonstationarities renders the best results with minimum error and highest correlation overall in
every aspect of the analysis. Additionally, the most reliable timescales to calculate the SPI are
12 and 24 months, together with drought forecasting at a lead time of 1 to 3 months (short
term forecasts). The general trend observed from this review is a paucity of studies
representative of different geographical locations.

In hindsight, a large majority of the

studies have used SPI for drought modelling, therefore it was the index of interest for this
study. However, the future recommendation is to carry out a similar analysis with indices
other than the SPI (e.g., the PDSI, EDI or SPEI) to determine which index works best with a
model type. Additionally, future studies on climate drivers as a factor may be performed to
determine the connection with and influence on overall model performance and sensitivity
when more studies become available.
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CHAPTER 4 ASSESSMENT OF HYDROLOGICAL INDICES USING
VEGETATION PRODUCTS
4.1 Abstract
Monitoring hydrological extremes is essential for developing risk-mitigation strategies. One
of the limiting factors for this is the absence of monitoring networks that capture variables
such as rainfall, temperature and evapotranspiration. Fortunately, increasing global coverage
of satellite-derived datasets is facilitating utilisation of this information for monitoring dry
and wet periods. Therefore, the principle aim of this chapter was to examine the suitability of
various hydrological indices in Fiji by using satellite-derived rainfall products. Three global
satellite rainfall datasets (CHIRPS, PERSIANN-CDR and CPC) were evaluated against
rainfall data obtained from six rain gauges in Fiji. All satellite products had reasonable
correlations for the Fiji region, and the CPC had the highest correlation with the recorded
rainfall data. Low correlation was found over small outer islands and mountainous terrains
for all the satellite rainfall datasets. Subsequently, the CPC precipitation and temperature data
were used to calculate the following hydrological indices: the Standardised Precipitation
Index, Standardised Precipitation–Evapotranspiration Index and Effective Drought Index
(EDI). The Self Calibrated Palmer Drought Severity Index was also extracted. The
hydrological indices were verified using two satellite vegetation products: the Normalized
Difference Vegetation Index and Enhanced Vegetation Index. The EDI had the highest direct
correlation with the satellite vegetation products. The vegetation response time to the EDI is
short, and during rain deficit periods, changes in vegetation can be observed within a month
or less. In conclusion, although temperature is considered an important variable in
hydrological studies, precipitation mainly influences vegetation density in Fiji.
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4.2 Introduction
Fiji is highly exposed to current extreme events, with evidence indicating that many local
communities are sensitive to various hydro-meteorological hazards such as flood and
drought. Sugar, is the main commodity in the agricultural industry and contributes towards
the gross domestic product of the country (Narayan and Prasad 2003). Drought and floods
during the critical growing phases, such as the sugar accumulation period, will likely affect
sugar yields (Yila et al. 2014). Other commercial products such as copra, cocoa and ginger
are also mainstays of the agricultural industry in the nation (McGregor et al. 2009).
Subsistence living and reliance on primary industry for food is still practised in the outer
islands of Fiji (Mataki et al. 2006a; Terry and Goff 2012), and drought may hinder the
vegetable farming capacities of some families, which may be their only source of income
(Sharon, Personal Communication, November 2018). Hazard monitoring can be a means to
increase preparedness among the government and local communities to reduce risks.
Better hazard-monitoring tools can provide insightful information for risk mitigation in Fiji.
However, development of models is reliant on a long series of continuous and homogeneous
data for various parameters, which are often lacking in small island developing states (SIDS).
The restricted data availability in Fiji may be due to a lack of instrumental hydrological
records (McAneney et al. 2017a; McGree et al. 2010). Further, governments in SIDS lack the
expertise and resources to maintain the equipment required for collection of datasets (Page et
al. 2004). This is a leading cause of paucity of research on monitoring extremes, not only in
Fiji but also in the wider South West Pacific area. Although recorded radar and gauge data
has advantages such as higher accuracy for point measurements; poor accessibility, lack of
dense data networks and uneven distribution of gauges are often a deterrent for carrying out
studies using recorded data (Sun et al. 2018). Additionally, implementing radar throughout
the islands comes with associated infrastructural cost (Grimes et al. 2003). Fortunately,
satellite data can be used to overcome some of these challenges. Satellite products have many
advantages, including broader spatial coverage, equidistant data points and availability at
multiple time resolutions (Kidd 2001). Satellite products are widely applied in global and
regional climate trend analysis, as well as in monitoring droughts and floods (Funk et al.
2015a; Sun et al. 2018). The method of estimating rainfall by measuring Cold –Cloud–
duration, such as the Climate Hazards group Infrared Precipitation with Station (CHIRPS)
data and Climate Prediction Centre (CPC) US unified precipitation, are claimed to be better
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for longer timescales, while passive microwave sensors such as the Precipitation Estimation
from Remotely Sensed Information using Artificial Neural Networks–Climate Data Record
(PERSIANN-CDR) are better for instantaneous rain in well-defined regions (Kidd 2001).
Verification of satellite-based products in Japan revealed poor results over mountainous
regions and small islands (Kubota et al. 2009), while another validation study in India
showed timely detection of monsoon phases between rain gauge and satellite data (Nair et al.
2009). Merits of the CPC data are also linked to further adjustment of the final product by
taking orographic rainfall into account and hence increasing the quality of the final product to
match the local data (Thorne et al. 2001). CHIRPS data have been found useful in
determining rainfall in flat areas, which are prone to convective rain driven by synoptic
weather systems such as the Inter-tropical Convergence Zone (Trejo et al. 2016).
Consequently, the appropriateness of satellite products is dependent on the regional
topography, seasonal weather patterns, number of heavy rain events and influence of
orographic effect (Xu et al. 2015). Importantly, where possible, satellite data should be
checked for reliability and bias to test the suitability of the products in a given geographical
location.
Hydrological parameters and data availability are critical determinants of monitoring studies
to calculate hydrological indices. Drought assessment in Fiji has been carried out by the
universally recognised precipitation index known as the Standardised Precipitation Index
(SPI) developed by McKee et al. (1993). This index has a simple and straightforward
calculation, which is one of the advantages for its extensive use. However, solely using
precipitation may not be a good indicator of drought because it fails to factor in the effects of
temperature. Temperature has a strong correlation with potential evapotranspiration (PET)
(Thomas 2000), which is a key driver of plant function. Therefore, the Standardised
Precipitation–Evapo-transpiration Index (SPEI) (Vicente-Serrano et al. 2010) was developed
to account for PET using temperature. Indices that include temperature, such as the SPEI and
Reconnaissance Drought Index, have been demonstrated to better detect drought events by
considering the effects of climate change (Dayal et al. 2017; Mouatadid et al. 2018; Zarch et
al. 2015). Generally, hydrological indices are calculated using monthly, annual or nonstandardised timescales. Although the use of monthly scales in some indices provides good
information for long-term planning, these indices are less effective for making decisions at
shorter timescales that may be beneficial for monitoring highly sensitive water systems.
Therefore, the Effective Drought Index (EDI) was developed to solve problems of precision
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by means of a time-dependent rainfall decay function to account for runoff and to monitor
hydrological events at daily timescales (Byun and Wilhite 1999). Owing to the daily
timescale in the EDI, it has shown promising results in early detection of droughts, compared
with other indices (Jain et al. 2015).
Understanding correlations between hydrological indices and vegetation response can be
useful to evaluate the usefulness of the index for agricultural production (Xu et al. 2012). A
number of studies have examined vegetation changes by using drought indices in arid and
semi-arid climates (Lotsch et al. 2003; Tong et al. 2017). Vicente‐Serrano et al. (2006) used
the Normalized Difference Vegetation Index (NDVI) and SPI correlations to forecast wheat
and barley production and explain temporal variability in the produce. Visual changes in the
vegetation are the first indication of an agricultural drought and this information can be
integrated in agricultural planning.
The suitability of hydrological indices has not been explored in Fiji, and it is crucial to
validate these for geographically unique areas and not apply a ‘one-size-fits-all’ approach,
which may be more applicable to large continents or other islands. Therefore, the aim of this
research was, first, to test various gridded rainfall datasets for the Fiji region and, second, to
use the best rainfall estimate product to calculate various hydrological indices for Fiji.
Further, the indices were compared with vegetation products to better understand whether the
indices could potentially be used to foresee biomass productivity.
4.3 Materials and Methods
4.3.1 Study Region
The study area, Fiji, is located at 17.7134° S and 178.0650° E. It occupies a total area of
18,270 square kilometres, with a maximum elevation of 1324 metres (Neall and Trewick
2008). The nation consists of 322 islands with two main islands, Viti Levu and Vanua Levu.
The region falls within the tropics and therefore experiences wet and dry seasons. The mean
annual temperature is 25 degrees Celsius (Neall and Trewick 2008) and the mean
precipitation ranges from 1676 to 3544 mm at different locations (Kumar et al. 2014a). Fiji
consists of mountainous topography with prevailing south-easterly trade winds causing an
orographic lift (Terry 2005). The orographic effect is highly evident in the dry season
whereby the leeward side (Western and Northern Divisions) receives 20% of the annual
rainfall, while the windward side (Central Division) receives 33% of the annual rainfall
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(Terry 2005). Most of the rain-fed agriculture is located in the Western and Northern
Divisions, including the sugar industry. Precipitation is driven by the South Pacific
Convergence Zone, El Niño–Southern Oscillation (ENSO) and tropical cyclones, which are
accompanied by heavy rain events during the wet season.
4.3.2 Data
4.3.2.1 Satellite Data
Precipitation and temperature data were the two main variables used to calculate hydrological
indices. The satellite precipitation data were selected on the basis of the start date of the
record and the spatial resolution (Table 1). Because Fiji occupies a small area, we needed to
ensure that products with fine resolutions were selected. Rainfall can be highly variable in
different areas despite being in the same zone; therefore, the smallest spatial scale was chosen
for validation (Xu et al. 2015). Following the methods of Dembélé and Zwart (2016), satellite
data were extracted using the point to pixel method based on the precise observation station
coordinates.
Table 4.1 Information summary of the satellite precipitation products
Product

Spatial Resolution

Temporal Resolution

Start Date

PERSIANN-CDR

0.25°

Daily

1983

CPC-Precipitation

0.5°

Daily

1979

CHIRPS

0.05°

Daily

1981

PERSIANN-CDR: PERSIANN-CDR data (Ashouri et al. 2015; Hsu et al. 1997) were
retrieved from http://chrsdata.eng.uci.edu/. The dataset has a resolution of 0.25° with a spatial
extent of 60° S to 60° N, and is available at hourly, monthly and daily time steps. One of the
reasons for selecting this dataset was its long record, starting from 1983 to the near-present,
making it ideal for calculation of the hydrological indices. This product uses GEO infrared
imaging technology and microwave sensors to measure pixels in rain clouds (Ashouri et al.
2015). Since its development, the PERSIANN-CDR has been used to carry out streamflow
modelling (Liu et al. 2017), monitor rainfall patterns (Arvor et al. 2017) and perform drought
modelling (Rhee and Yang 2018a).
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NOAA-CPC unified data: CPC US unified precipitation data were obtained from the
NOAA/OAR/ESRL Physical Sciences Division (PSD), Boulder, Colorado, United States, and
their website https://www.esrl.noaa.gov/psd/. The temporal coverage of the CPC daily dataset
started from January 1979 to the present time with a spatial resolution of 0.5°. The dataset is
created using the optimal interpolation objective analysis technique derived by Chen et al.
(2008). The dataset was validated using 16,000 global gauge stations but now uses reports
from 30,000 stations (Sun et al. 2018). CPC global temperature data were also obtained from
the NOAA/OAR/ESRL PSD and their website https://www.esrl.noaa.gov/psd/. For further
analyses, CPC data were used because these data rendered the best correlation results with
local station data (Table 4.5 ). Therefore, following point extraction, the dataset was checked
for quality and homogeneity, whereby the zoo package (Zeileis and Grothendieck 2005) in R
was used to carry out linear interpolation in the case of missing precipitation data. Daily
temperature data were also extracted and the missing data were interpolated using the cubic
spline method. Point linear interpolation is calculated using the values measured on either
side of the missing data, and cubic spline interpolation works in the same manner; however, it
incorporates more than one measurement on either side of the missing value (North and
Livingstone 2013).
CHIRPS: This dataset, starting from 1981 with a spatial extent ranging from 50° S to 50° N,
was retrieved from http://chg.ucsb.edu/data/. CHIRPS data have a resolution of 0.05° and use
thermal infrared bands and in situ station data to create the final gridded product. The
satellite information is used to account for sparsely gauged locations, and precipitation
estimates are available on daily, pentadal and monthly scales (Funk et al. 2015b). CHIRPS
data have not been explored before for Pacific island topographies; however, they have
been tested in other areas such as the Caribbean. Evaluation of the CHIRPS in
Mozambique has indicated a good ability to detect rainfall during hurricanes (Toté et al.
2015), which is especially useful given Fiji’s proneness to flooding during cyclones.
4.3.2.2 In Situ Data
The daily and monthly precipitation dataset was obtained from Fiji Meteorological Services,
which operates over 20 manual and automatically telemetered rain gauges over the Fiji
islands. Six high-quality stations were used in the current evaluation: Labasa, Nadi, Navua,
Ba, Matei and Nausori (Fig. 4.1). These meteorological stations were selected considering the
variation in local climate, topography and orographic effects observed in Fiji (Table 4.2). The
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Central Division stations, Navua and Nausori, are in the windward region characterised
mainlywith wet weather conditions. The Western Division is the drier side of the island,
represented by the stations Rararwai and Nadi. Labasa station is the main station on the island
of Vanua Levu, while Matei is a town situated on Taveuni (an outer smaller island); both
serve to provide datasets for the Northern Division of Fiji. The data were checked for
homogeneity, and missing values were replaced with the long-term monthly averages. The
number of missing data ranged from 0 – 5 points for all the stations, while Matei had 31
missing data points.

Fig. 4.1 Map of the Fiji islands showing the location of the six climatic stations
Table 4.2 Station climatology for monthly rainfall in Fiji for the wet and dry seasons
Station

Longitude

Latitude

Wet Mean

Wet Max

Wet Min

Dry Mean

Dry Max

Dry Min

Nausori

178.5591

−18.0464

313.9

1216.8

27.9

175.1

913.6

12.1

Nadi

177.4439

−17.7543

246.6

1180.6

3.6

71.5

341.8

0.0

Labasa

179.3396

−16.4689

298.7

1068.2

15.2

77.7

490.9

0.0

Matei

179.8667

−16.6833

299.2

918.1

23.1

151.4

728.4

7.6

Rarawai

177.6814

−17.5564

282.6

1907.8

0.0

73.8

402.4

0.0

Navua

178.1700

−18.2186

343.1

843.6

78.8

237.1

593.6

41.1
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4.3.3 Methods
4.3.3.1 Index Calculation
The SPEI package in R was used to calculate SPI (Beguería and Vicente-Serrano 2013). The
SPI was calculated at timescales of 1, 3, 6, 9, 12 and 24 months. The SPI classification was
based on McKee et al. (1993) as shown in Table 4.3. The SPEI package was also used to
calculate SPEI, which required the PET as one of the constituents. The Hargreaves method
was used to compute PET (Hargreaves and Samani 1982), which is the simplest method and
can be used when data availability for other parameters is inaccessible. The procedure to
calculate the index entails a climatic water balance, which is adjusted to a log-logistic
probability distribution at various monthly timescales, similar to SPI (Vicente-Serrano et al.
2010). The EDI was calculated at daily time steps by using the principles outlined by Kim et
al. (2009) and (Byun and Wilhite 1999). The daily EDI values were then aggregated to
monthly EDI values.
Finally, Dai Palmer Drought Severity Index (PDSI) data were obtained from the
NOAA/OAR/ESRL PSD and their website https://www.esrl.noaa.gov/psd/. The PDSI is also
calculated using precipitation and water balance demands reflected through temperature. The
original PDSI index has been mainly criticised for its inapplicability to other geographic
locations and its uncalibrated properties (Guttman 1998b). Subsequently, the self-calibrated
version of the index emerged as a global gridded product, which has versatile use across
different climatology (Dai et al. 2004). For the purpose of this study, we adjusted the scales
of the PDSI to match the scales of other indices (Table 4.3).
Table 4.3 Drought classification scale
Category

SPI

SPEI

EDI

PDSI

≥2

≥2

≥2

≥4

Very Wet

1.5 to 1.99

1.5 to 1.99

1.5 to 1.99

3.0 to 3.99

Moderately Wet

1.0 to 1.49

1.0 to 1.49

1.0 to 1.49

2.0 to 2.99

Normal

−0.99 to 0.99

−0.99 to 0.99

−0.99 to 0.99

0.49 to −0.49

Moderately Dry

−1.0 to −1.49

−1.0 to −1.49

−1.0 to −1.49

−2.0 to −2.99

Severely Dry

−1.5 to −1.99

−1.5 to −1.99

−1.5 to –1.99

−3.0 to −3.99

≤−2

≤−2

≤−2

≤−4

Extremely Wet

Extremely Dry
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4.3.3.2 Satellite Rainfall Validation
Continuous verification statistics were applied to test the satellite-derived precipitation
products (Jolliffe and Stephenson 2003). The following performance measures were used to
evaluate the products: coefficient of determination (R2), root-mean-square error (RMSE) and
Lin’s concordance. The R2 measures the extent of association between the predicted and the
observed values or the recorded and the satellite data in this case. The RMSE assesses the
variance of errors independently and indicates the inconsistency between the observed and
the forecasted values, with lower values indicating minimum error difference between the
forecasted and the observed values (Adamowski et al. 2012). Lin’s concordance created by
Nickerson (1997), quantifies agreement between two variables based on the extent to which
they fall on the 45° line that passes through the origin. The unit for RMSE is millimetres,
while R2 and Lin’s concordance have values between 0 and 1 without a unit. The daily data
were aggregated to monthly data and were tested for the identified performance metrics. A
complementary check was also made on Nadi station to test for differences in the wet and dry
seasons respectively for the CPC product (Results shown in Table 4.6). The eyeball method is
a subjective form of verification (Ebert 2007), and in this study we made scatter plots of
observed versus satellite data for Nadi station, as well as created kernel density plots to
determine instances of overestimation and underestimation.

4.3.3.3 Verification Based on Vegetation Indices
To verify the performance of the hydrological indices, vegetation response in Fiji was
assessed, whereby the different drought indices were correlated to the NDVI and Enhanced
Vegetation Index (EVI). The 1 km monthly NDVI and EVI calculated (MOD13A) from
MODIS

Terra

spacecraft

imagery

were

downloaded

from

https://modis.gsfc.nasa.gov/data/dataprod/mod13.php. The NDVI and EVI are a measure of
vegetation greenness and therefore is a good indicator of vegetation biomass, fractional cover
and vegetation density or health (Huete et al. 1999; Zeng et al. 2013). The vegetation data
were extracted according to the grid coordinates identified from the CPC data. The
coordinates from the CPC data and the vegetation data were aligned, and only four points
were identified where the vegetation data were available. On the basis of the vegetation data,
we selected the four grid locations for which further analysis was performed (Table 4.4).
Linear relationship between the drought indices and vegetation indices can be explained by
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taking seasonality into account (Ji and Peters 2003). Therefore, the drought index values and
the vegetation data were divided into wet and dry seasons. A cross-correlation function
(CCF) was applied to the seasonal drought indices and NDVI/EVI (Lotsch et al. 2003). Thus,
direct and lagged correlations were obtained to identify the indices and the respective
timescales that best explain the vegetation changes in Fiji for the wet and the dry season.
Further, the drought index and NDVI/EVI data series were lagged according to the maximum
correlation found in the CCF. The data were then categorised according to the drought
classification scale (Table 4.3) into extremely wet, very wet, moderately wet, normal,
moderately dry, severely dry and extremely dry, and the categories were compared using a
boxplot.
Table 4.4 Geographical location for the four selected points in Fiji
ID

Longitude

Latitude

Location 1

179.75

−16.25

Location 2

177.75

−17.75

Location 3

178.25

−17.75

Location 4

178.75

−17.75

4.3.3.4 Comparison with Historical Flood Events
A complementary verification of the EDI was performed to detect changes in the EDI values
before days leading up to a flood event. The previous flood events in the Ba area were
extracted from McAneney et al. (2017b), and the dates on which flood occurred or did not
occur were assigned with ‘Flood’ or ‘No Flood’, respectively. The identified events were
then compared with the calculated daily EDI values for Ba river catchment.
4.4 Results
4.4.1 Satellite Rainfall Validation
First, the satellite data products were validated for the Fiji region. From the results (Table
4.5), the best satellite product was selected, which was used to calculate the different indices.
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Table 4.5 Summary statistics for CPC, CHIRPS and PERSIANN-CDR for monthly
precipitation with observed station measurements in Fiji
Dataset

Station

Correlation (R2)

RMSE

Lin’s Concordance

CPC

Nausori

0.8104

80.2851

0.8356

Nadi

0.8473

75.0368

0.8770

Labasa

0.5251

129.2369

0.6466

Matei

0.5016

132.4340

0.5746

Rarawai

0.6948

125.0123

0.7423

Navua

0.4514

154.4701

0.5139

Nausori

0.6720

87.5506

0.8182

Nadi

0.8430

69.7970

0.8945

Labasa

0.6891

102.4270

0.7949

Matei

0.4023

150.9371

0.4501

Rarawai

0.7066

118.2916

0.7752

Navua

0.3724

141.8225

0.5818

Nausori

0.6108

102.8872

0.7350

Nadi

0.7817

77.6224

0.8607

Labasa

0.7118

99.0153

0.7857

Matei

0.5886

113.7052

0.6676

Rarawai

0.6739

115.5148

0.7706

Navua

0.3348

165.5948

0.4801

CHIRPS

PERSIANN-CDR

The CPC had the best results for all the stations (Table 4.5). Nadi station had the highest
correlation of 0.85, and respectively a high Lin’s concordance of 0.88 with the lowest RMSE
value of 75mm. All the datasets had the same best-correlated and poorly correlated stations,
that is, Nadi had the best performance in all three datasets, similarly Navua had the poorest
correlation in the three datasets. There was a marginal difference in the performance
measures for CPC and CHIRPS data. Similarly, the PERSIANN-CDR data, although having
the lowest performance of the three datasets, still had modest results. Navua had the weakest
correlation and the highest error, followed by Matei station.
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Fig. 4.2 Kernel density plots for CPC, CHIRPS and PERSIANN-CDR data, and rain
gauge data showing the underlying distribution of the different datasets for Nadi station
The density plot (Fig. 4.2) indicated that the distribution was skewed to the left; that is, most
of the precipitation values ranged from 0 to 200 mm. Out of the three datasets, the CPC most
closely matched the distribution of the gauge data. The datasets showed instances of
overestimation especially for low rainfall and, to a lesser extent, underestimation of heavy
rainfall events. However, not all events were captured; particularly, some of the high rainfall
events were under predicted. None of the datasets were able to detect extreme heavy rainfall
events, but the CPC was able to follow the gauge data closely up to values as high as
1000 mm.
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Fig. 4.3 Scatterplot for observed monthly Nadi station rainfall data versus CPC satellite
data
Table 4.6 Summary statistics for Nadi station versus CPC data in the wet and dry
seasons
Correlation

RMSE

Lin’s Concordance

Wet Season

0.787809

101.6735

0.824316

Dry Season

0.823706

30.38963

0.887009

The scatterplot for Nadi station (Fig. 4.3) shows that CPC data well represents the rain guage
data. Additionally, validation for Nadi station was performed separately by considering the
two seasons in Fiji: the wet season including January, February, March, April, November and
December and the dry season including May, June, July, August, September and October.
Validation of data for the wet and dry seasons at Nadi showed that the correlations were
higher in the dry season with low error values (Table 4.6). On the basis of satellite validation
performance, we selected CPC data to calculate the indices. Further, CPC data have gridded
temperature product also, which were needed to calculate the SPEI.
4.4.2 Verification Based on Vegetation Indices
The results are only shown for indices with the respective timescale which had the highest
correlations. PDSI was noted to have poor correlations and hence the results are not shown.
The NDVI and EVI both had the highest correlation with the EDI for Location 2, ±0.68. The
second highest correlation was achieved by the SPEI, ranging from 0.32 to 0.41. Both of the
highest correlations of the EDI with the NDVI and EVI were achieved at zero lag, indicating
a direct relationship. The results indicated that the vegetation indices had higher correlations
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in the dry season than in the wet season. Further to determine the response of vegetation
across the different EDI classes, plots of EDI classes versus the NDVI/EVI were made for
Location 2 which had the highest correlation (Fig. 4.4).

Table 4.7 NDVI and EVI statistics for CCF with drought indices showing maximum lag
and its respective correlation (only the highest correlation is shown for each location)
NDVI

Location 1

SPI 1

SPEI 3

SPEI 6

SPI 1

SPI 3

SPI 6

SPEI 1
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Max Lag

Location 4

Fig. 4.4 NDVI versus drought category derived from the EDI for the (a) dry season and
(b) wet season

Fig. 4.5 EVI versus drought category derived from the EDI for the (a) dry season and
(b) wet season
The plot of EDI classes against vegetation shows a decline in vegetation when the EDI class
is ‘moderately dry’ in both the dry season (a) and the wet season (b).Variability in vegetation
was higher in the dry season with abrupt changes than in the wet season where it remained
mostly constant for Location 2 (Figs. 4.4 and 4.5). Overall, both the NDVI and the EVI
showed increasing vegetation trends as the drought categories transitioned from moderately
dry to extremely wet. In moderately dry events, EVI values ranged from 0.4 to 0.5, and in
extremely wet events, the values were approximately 0.63 . The NDVI showed slightly
higher values, with moderately dry events characterised by a value of 0.66 and extremely wet
events showing values exceeding 0.8. Moreover, this indicated that the drought categories
obtained from EDI calculation showed no severely dry or extremely dry events neither in the
dry nor in the wet season. During non-flood events, EDI values of approximately -1 to 1
indicated a normal condition. During flood events, the values ranged from 2 to 4 , with the
average value during a flood event as 2.5 (Fig. 4.6).
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Fig. 4.6 Test of EDI sensitivity based on historic flood events in Fiji for Ba catchment
4.5 Discussion
4.5.1 Validation of Satellite Data
All the satellite-derived precipitation products were reasonably well correlated with the
observed precipitation data and therefore can be used in further hydrological studies. Both the
CPC and CHIRPS gridded precipitation products showed high correlations with observed
data, except for Navua and Matei stations (Table 4.5). The high correlation is likely due to
the data products being calibrated using the same local rain gauge data as we used to verify
the products. Therefore, it may be useful to identify gauges not used in the calibration process
to verify the products as future research. Regardless, the quality of the gridded data is
partially dependent on the availability of data on the ground, as poor availability on the
ground will result in a poor satellite-derived product (Toté et al. 2015).
All three data sources showed overestimation and underestimation of rainfall as indicated by
the density plot (Fig. 4.2). Previous studies have found similar results with various other
satellite products, whereby overestimation of low rainfall events and underestimation of high
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rainfall events were reported (Kubota et al. 2009; Nair et al. 2009; Paredes-Trejo et al. 2017;
Toté et al. 2015). Gridded datasets are derived from gauge-based products that undergo
interpolation, resulting in smoother extreme values (Sun et al. 2018). This is an important
consideration; in drought monitoring studies, one needs to ensure that the satellite-derived
product does not overestimate rainfall, models that underestimate rainfall may not be suitable
for flood monitoring studies (Toté et al. 2015). A bias correction specific to the study site can
also be undertaken for low rainfall or high rainfall, depending on the focus of the study
(Vernimmen et al. 2012; Yin et al. 2008). Similarly, the seasonal correlations for Nadi were
better in the dry season than in the wet season (Table 4.6). This may result in better forecasts
for the dry season than those for the wet season in hydrological-modelling studies. This could
also be a possible explanation for low correlations achieved for Navua, which is the wettest
station in the country with a mean annual rainfall of 3573 mm. Because performances are
generally better in the dry season than in the wet season, the datasets therefore are not able to
accurately make estimates for stations that exhibit extremely wet characteristics, such as
Navua.
The satellite products use algorithms, which cannot be applied to different terrains equally.
The cloud-top temperature method of rain detection used by the CHIRPS may fail to identify
warm orographic clouds, which rise higher than other rain/non-rain producing clouds in
mountainous and coastal regions (Dinku et al. 2010). Matei, which is situated in Taveuni (an
outer island in Fiji), includes Mount Uluigalau (situated 1214 m above sea level and the
second highest mountain in Fiji), and this may explain the poor performance of Matei station.
Similar results were reported by Kubota et al. (2009), whereby poor results over snowcovered mountains and small islands were reported. In contrast, comparison between
TAMSAT and the CPC for Southern Africa showed better results for the CPC over
mountainous regions due to adjustment of the final product for orographic rainfall (Thorne et
al. 2001). This could also explain the better overall performance for CPC data which takes
into account rainfall caused by orographic effect in parts of the Fiji island group.
4.5.2 Verification of Hydrological Indices with Vegetation Indices
In our study, the monthly average EDI had the highest correlation with the vegetation index
at zero lag; that is, a direct relationship exists between average monthly NDVI/EVI and EDI.
Similarly, in China, a high correlation between the EDI and the NDVI was found at a lag of
10 days (Li et al. 2016). The zero lag at a monthly scale agrees with the daily lags at the sub-
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monthly scale. Both the studies prove the high sensitivity and response rate of the EDI, which
has been shown in another drought study by Morid et al. (2006). According to VicenteSerrano et al. (2013), the sensitivity and reaction time to rainfall may also be dependent on
plant adaptability to water deficits. For instance, they indicated that in warm temperate,
subtropical and tropical biomes, plants have short response time to water deficits, whereas
semi-arid and sub-humid biomes take a longer time to respond to water deficits as plants have
better adapted to drier conditions.
Various factors are known to drive changes in vegetation. Our study concluded that
precipitation is the key factor influencing vegetation density in Fiji. While there have been no
other studies in the tropical island region, our results are consistent with other findings from
arid and semi-arid areas (Vicente‐Serrano et al. 2006; Xu et al. 2016). Previous research has
also shown temperature as an important factor in determining drought severity (Dayal et al.
2017; Mouatadid et al. 2018; Zarch et al. 2015). The water balance is calculated by estimates
of precipitation minus potential evapotranspiration (PET) which is influenced by temperature.
Consequently, PET, which determines the water balance in the soil, also has an effect on
vegetation density (Xu et al. 2016; Zhang et al. 2017). However, even though a negative
SPEI (calculated using PET) is indicative of dry conditions, changes in the vegetation may
not necessarily occur because of a positive soil water balance (Vicente-Serrano et al. 2013).
Additionally, it has been shown that SPEI is sensitive to the method used for calculating the
PET, therefore requires thorough testing before implementation of the index (Stagge et al.
2014). Similar to our study, Törnros and Menzel (2014) showed that the SPEI/SPI have better
correlation with the NDVI at moderate timescales compared with shorter timescales (1 month
timescale). This may be due to the high incidence of nil (zero) values in the precipitation
data, resulting in a poor fitting of the probability density function when calculating the
SPI/SPEI (Wu et al. 2007a). In contrast, our results show that the EDI does not encounter
such problems even when the values are aggregated into short timescales (1 month). Finally,
even though the SPEI includes the temperature component and is said to be a better indicator
of drought in a warming climate, we did not find a major difference in the performance of the
SPEI and SPI in Fiji.
There were also some outliers in the results, whereby correlations for Location 3 were
greatest for the SPEI/SPI 6 (±0.2–0.35) (Table 4.7). Although we did not specifically test the
correlation between drought and the NDVI for different vegetation types, this may explain

62

some of the inconsistencies in the results. For example, the NDVI for ecosystems with shrub
lands, savanna or grasslands correlates most highly with the 4–6 month lagged SPI, while
forests are weakly correlated with the NDVI at similar timescales (Lotsch et al. 2003). This
means that according to the dominant vegetation types in the four chosen locations, all of the
locations might not have been responsive to the EDI at zero lag as some vegetation types may
be more responsive to temperature at 2–6 month lagged SPEI or SPI. The vegetation is also
affected by the different growth stages in a plant’s life cycle. In Fiji, for instance, the Western
and Northern division comprises of sugarcane, and this could also explain the reduction in
vegetation density observed in the dry season (May to October). Sugarcane harvesting is
carried out from June to December (Moynagh 2017), which is nested in the dry season. The
harvested cane either regrows or is re-planted in the following year between February and
April (Moynagh 2017), which coincides with the wet season, and as a result an increase in
vegetation density is observed. This remains an area of further investigation where
assessment can be carried out specifically on different vegetation types.
From the calculated indices, it was found that the corresponding EDI, SPI and SPEI value
during the 1997–1998 droughts in Fiji was approximately −1.5 (result not shown). This was
the worst recorded drought in Fiji’s history (Terry et al. 2001). This suggests that perhaps the
drought severity scale needs to be adjusted to suit the operational requirements in the nation.
Similar information was retrieved from interviews conducted with farmers in Fiji, who have
reportedly been experiencing a ‘drier than normal’ dry season over the years. However, this is
not adequately reflected in the any of the indices, which indicates more frequent occurrence
of normal to wet events. The complementary verification on past floods in Fiji (Fig. 4.6)
showed that during the flood events, the EDI values ranged from 2 to 4 with an average value
of approximately 2.5 during. Therefore, the drought scale should be adjusted as follows
(Table 4.8):
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Table 4.8 Adjusted drought classification scale for Fiji
Category

EDI

EDI Adjusted

≥2

≥2.5

Very Wet

1.5 to 1.99

1.99 to 2.49

Moderately Wet

1.0 to 1.49

1.5 to 1.99

Normal

−0.99 to 0.99

−0.5 to 1.49

Moderately Dry

−1.0 to −1.49

−0.99 to 0.49

Severely Dry

−1.5 to –1.99

−1.0 to −1.49

≤ −2

≤ −1.5

Extremely Wet

Extremely Dry

One limitation of the study can be attributed to the wet- and dry-season CCF which was
calculated across years. This means that correlations stretch across years and are not
restricted to within a season. However, this does not affect the result as similar results were
obtained when the CCF was calculated on the complete dataset or by splitting the data into
the two seasons. In both the methods, the EDI was found to have the maximum correlation at
zero lag; that is, a direct correlation exists. Additionally, considering the fairly complex
climatology of Fiji, it may be useful to downscale the gridded rainfall data to better represent
these complexities (rainfall variability in different areas across the country). Further, even
though the PERSIANN-CDR had the lowest correlations among the three datasets, it may
still be a good source because of its finer spatial resolution. Comparisons of the density plots
suggest that the PERSIANN-CDR product may be scaled to improve the performance.
4.6 Conclusion
The results suggest that all satellite products give reasonable correlations with observed
rainfall for the Fiji region. However, CPC data gives the best correlation with the recorded
rainfall data. Therefore, it is recommended that CPC data are used for future hydrological
studies. The EDI was found to be the most appropriate index in Fiji on the basis of the
highest correlations with the vegetation indices. There was no difference observed in the
performance of the SPI and SPEI over Fiji. Moreover, the gridded PDSI product is not
recommended for drought monitoring in Fiji. While precipitation and temperature are both
important constituents of drought studies, precipitation mainly drives the vegetation changes
in Fiji. Therefore, indices calculated with precipitation only is adequate in island
topographies.
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CHAPTER 5 PREDICTION OF EFFECTIVE DROUGHT INDEX USING NEURAL
NETWORK AND GLOBAL CLIMATE SIGNALS
5.1 Abstract
Hydrological extremes are complex phenomena that will intensify and become more frequent
in the future owing to the changing climate. Seasonal forecasts are one of a multitude of tools
that can be used to support an early warning system to monitor hydrological extremes, such
as floods and droughts. This study employed artificial neural networks (ANN) and wavelet
transformed artificial neural networks (WANN ) for short-term (1 month lead time) forecasts
to predict the Effective Drought Index (EDI) using the Southern Oscillation Index (SOI) and
Niño 3.4. The model performance was measured by mean square error (MSE) and coefficient
of determination (R2) between the observed and forecasted EDI. The forecast accuracy was
further verified using a confusion matrix based on predicted EDI classes. The models showed
promising results, with R2 values ranging from 0.73 to 0.85 for ANN and 0.93 to 0.97 for
WANN. The MSE values were between 0.16 and 0.30 for ANN and 0.05 to 0.09 for WANN.
The confusion matrix revealed under-estimation and over-estimation of the predicted EDI
categories for ANN by at least two classes while WANN had one class difference showing
better performance. Marginal improvements were noted in the model performance using Niño
3.4 and SOI as exogenous variable. Both the models showed reasonable skill and thus can be
used to develop a hydrological extreme early warning system for Fiji.
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5.2 Introduction
Fiji is an archipelago of approximately 332 islands (Neall and Trewick 2008), and is highly
affected by current extreme events, such as tropical cyclones, floods and droughts. Its outer
islands are still reliant on government shipping vessels for food and water supply during
disasters (Kumar 2010). The nation faces considerable challenges in mobilising resources
owing to the geographic spread of the islands (Terry and Goff 2012). The agricultural
industry still governs the livelihoods of people in Fiji. Sugar cane contributes appreciably
towards the Gross Domestic Product (Narayan and Prasad 2006). Water requirements for
sugar cane range from 1,100 to 1,800 mm annually and peak daily rates are 6–25 mm (Carr
and Knox 2011). A moderate dry period or an excessively wet period can cause a significant
decrease in the dry matter content and yield (Ramesh 2000; Viator et al. 2012). The sugar
industry is an integrated value chain comprising of cane growing, harvesting, transporting
and milling (McVicar and Jupp 1998). Climatic variations can negatively affect the process at
different stages. Timely information at each of the stages would assist the industry in
improving decision-making, reducing risk and enhancing profitability (Everingham et al.
2008). Risk-reduction strategies should allow sufficient time for contingency planning prior
to the onset of a disaster (Karavitis et al. 2011). Forecasts ahead of the disaster would help
farmers and disaster management bodies to make better decisions to ensure risk reduction.
Fiji’s climate is connected strongly with the surrounding oceans, which drive precipitation
anomalies, seasonal low-pressure disturbances and tropical cyclones. Further, global warming
is likely modifying the frequency, intensity, spatial extent and duration of these climatic
phenomena (Field et al. 2012). Consequently, more intense cyclone events and unpredictable
seasonal weather patterns will continue to result in hydro-meteorological hazards affecting
livelihoods, economies and the society at large (Martin et al. 2018; Pearce et al. 2018). Under
a climate change scenario, the projected cost of damages in future flooding for households in
the Ba catchment is FJ$76.5 million (Brown et al. 2017), which will further affect the
economy with receding investment and development. These factors highlight the need for
measures to reduce the risks to Small Island Developing States, particularly in a changing
climate scenario.
The Fiji Meteorological Services presently uses the Standardised Precipitation Index (SPI) to
monitor the country’s wet and dry climate periods (Pahalad and McGree 2002). Many studies
have used SPI for drought-related research on Fiji (Deo 2011; Rhee and Yang 2018b). Deo
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(2011) concluded that a negative SPI value resulted in a decreasing rainfall trend in the
Northern and the Western divisions (see Fig. 2.1 to identify the different divisions). While
SPI is easily calculated, the index has some limitations owing to its monthly timescale, which
prevents updating the index with the most recent daily rainfall. Second, the high incidence of
zero values in the precipitation data particularly during the dry season may produce a higher
(lower) SPI value, consequently the SPI fails to determine a drought event effectively if a
shorter timescale is used (Bacanli et al. 2009; Wu et al. 2007a). Application of the same
weights to past and current day precipitation data is another drawback in the calculation of
SPI since it assumes stationary climate conditions (Kim et al. 2009). Therefore, in this study
we used the Effective Drought Index (EDI), which takes into account the decay of water
resources in the soil over time and employs a daily timescale giving a better indication of
hydrological extremes (Kim et al. 2009). Studies testing different drought indices have
concluded that EDI has superior performance in determining early onset of drought (Jain et
al. 2015; Morid et al. 2006). In addition, EDI’s rationale of depreciation of precipitation has
also been used to create a flood index, indicating the versatility of the index (Deo et al. 2018).
Various hydrological modelling techniques are being developed to achieve better accuracy in
predicting extreme events. Accurate predictions are crucial for disaster risk management, and
artificial intelligence methods, such as the artificial neural network (ANN), have
demonstrated significant skill in predicting non-linear hydrological behaviours. ANN
functionality is based on the well-designed system of neurons in the human body (Hill et al.
1994). Simply put, a neural net is a two-layer regression model that takes a non-linear form.
Among the many different types of neural networks, the most commonly used in the field of
hydrology are feed-forward multi-layer perceptron networks. A feed-forward network entails
an input layer, a hidden layer and an output layer (Wang 2003), where the flow of
information is only in one direction, from the input to the output (Abrahart and See 1998).
The inputs for each layer are dependent on the output from the previous layer. The weights in
between the layers transform the input before it is moved onto the next layer. The training of
the neural networks is dependent on different learning algorithms, such as transig, Newton
and Levenberg–Marquardt, which determine the weights in the model (Hyndman and
Athanasopoulos 2018). The hidden layer is where the weighted linear inputs are transformed
by a non-linear function, such as a sigmoid, to give the model a non-linear generalisation
(Nourani and Andalib 2015). A major advantage of ANNs is that they are able to learn
patterns quickly even from complicated or noisy data (Belayneh et al. 2016). In contrast, a
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model such as time series assumes a linear relationship and hence is not able to capture nonlinearity in the data, which is often the case for hydrological datasets (Djerbouai and SouagGamane 2016). However, an ANN is capable of producing reliable outputs by automatically
creating relationships between variables without being instructed, which proves advantageous
to a modeller in cases where there is limited understanding of the relationship between the
response and the explanatory variables (Hydrology 2000).
Although ANN demonstrates flexibility in its use as a model, it does have drawbacks in
handling non-stationarity in hydrological datasets (Wen et al. 2017). Stationary data are those
that have constant statistical properties, such as mean and variance, are not time dependent
and do not have abrupt changes in the series (Nason 2006). Stationary input data are
important for developing models that can accurately represent hydrological and
climatological behaviour (Adhikari and Agrawal 2013; Huang et al. 1998). However, in the
real world, hydrological and climatological data rarely have stationary statistical properties.
Wavelet transforms have been identified as a potential solution to the problem of nonstationary data and can be used to decompose the data into trend and detail components that
are easier to forecast (Adamowski and Sun 2010; Huang et al. 1998). Wavelets are functions
used to represent data, and wavelet analysis is increasingly being used as a pre-processing
tool with ANN to analyse variations within a time series (Anctil and Tape 2004; Torrence
and Compo 1998). It operates by passing the time series to a function, which results in the
decomposition of the original time series at multiple levels and scales, representing the same
series with new values that are stationary in time and space (Djerbouai and Souag-Gamane
2016). This decomposition helps to de-noise the data, which are then better handled by the
models (Graps 1995). Additionally, it helps yield more meaningful information from the
series, which may have been masked previously by abrupt changes or seasonality in the data
(Chaovalit et al. 2011). Former studies have shown promising forecasts over various
hydrological indices-related time series using a wavelet transformed artificial neural network
model [WANN] (Belayneh and Adamowski 2012; Mishra and Desai 2006a; Wen et al.
2017). Similarly, Nourani et al. (2009b) successfully used the multivariate ANN-wavelet
approach in modelling rainfall runoff over multi-scale time series. Several other studies have
reported that the WANN is a better model than the regular ANN model to forecast drought
indices (Adamowski and Sun 2010; Nourani et al. 2009b; Wang and Ding 2003).
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Oceanic and atmospheric circulation play a significant role in influencing climate signals
over the land. Hence, climate indices can be used in forecasting hydrological events. Sea
surface temperatures are known to drive the South Pacific Convergence Zone (SPCZ) that
influences weather patterns in Fiji annually (Kumar et al. 2014a). The El Niño Southern
Oscillation (ENSO) is another leading cause of inter-seasonal weather variability in the
nation (Le Bec et al. 2000). The Southern Oscillation Index (SOI) and Niño 3.4 derived from
sea surface temperature anomalies is a key atmospheric indicator for gauging the strength of
El Niño and La Niña events conditions (Chiew et al. 1998). Reportedly, El Niño in Fiji has
been accompanied by stronger cyclone events (Chand and Walsh 2012) and severe droughts
(Terry and Raj 1999). Therefore, the climate phenomena that influence precipitation patterns
in Fiji can be used in forecasting studies. For example, climate indices have been shown to
improve the forecasts of SPI and SPEI using different Adaptive-network-based fuzzy
inference systems (ANFIS) models by incorporating sea surface temperature anomalies, Niño
1 + 2, Niño 3, Niño 3.4 and Niño 4, as explanatory variables (Nguyen et al. 2017). Mekanik
and Imteaz (2012) and Silverman and Dracup (2000) further supported this finding, through
an ANN model that showed increased model skill using lagged exogenous indices over
various time scales.
Such types of studies are yet to be conducted for island states as it is becoming evident that a
better understanding of hydrological extremes will aid in developing early warning systems.
Therefore, the objective of this study is to generate forecasts for the EDI using ANN and
WANN, with the overall aim to train and test the model for Fiji.

5.3 Materials and Methods
5.3.1 Data
5.3.1.1 Precipitation Data
The Global Daily Unified Gauge-Based Analysis of Precipitation data of the Climate
Prediction Centre were extracted from NOAA/OAR/ESRL PSD, Boulder, Colorado, United
States, website at https://www.esrl.noaa.gov/psd/. The dataset has a daily temporal coverage
starting from 1979 to the present. The dataset was checked for quality and homogeneity and
the zoo package (Zeileis and Grothendieck 2005) in R was used to perform linear
interpolation in the case of missing precipitation data (North and Livingstone 2013).
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5.3.1.2 Climate Indices
The diagonal position of the SPCZ is attributed to sea surface temperature gradient (Van Der
Wiel et al. 2016). The northward displacement of the SPCZ results in decrease in
precipitation (dry season), while its southward displacement closer to Fiji (wet season) causes
heavy rain events. The out-of-season northward and southward movement of SPCZ induced
by ENSO results in the dry phase El Niño and wet phase La Niña. Fiji has recorded lower
than average precipitation in the years corresponding to the negative SOI values, indicating
the importance of ENSO events in the country (Terry and Raj 1999). To reflect these
conditions, the climatic indices used in this study are SOI provided by Bureau of
Meteorology,

National

Climate

Centre,

Climate

Analysis

Section

at

ftp://ftp.bom.gov.au/anon/home/ncc/www/sco/soi/soiplaintext.html and Niño 3.4 provided by
NOAA/OAR/ESRL

PSD,

Boulder,

Colorado,

United

States,

website

at

www.esrl.noaa.gov/psd/gcos_wgsp/Timeseries/Data/nino34.long.anom.data. The data were
extracted for the period 1980–2018 at a monthly scale.
5.3.1.3 Qualitative Interviews
Semi-structured interviews were conducted primarily with farmers in the Ba catchment
region in Fiji. This region is a major sugarcane-growing region affected by floods, droughts
and cyclones on a yearly basis. The questions were centred along agriculture, livelihoods and
losses incurred during the different disasters that have occurred in the region. The interviews
were important to understand the ways in which the forecasts will translate into on the ground
effects, particularly in terms of community preparedness for floods and droughts.
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Fig. 5.1 Map of Fiji Island showing the geographic location of the six grid cells where X
is identified as the grid centre.
5.3.2 Methods
5.3.2.1 Calculation of Index
The first step entailed calculation of the EDI for the different grid locations in Fiji (Fig. 5.1).
The identified grid cells were chosen for calculation of the index based on the presence of a
corresponding rain gauge at the location (Table 5.1). A daily precipitation dataset was
prepared using the daily precipitation product of the Climate Prediction Centre. The index
was calculated based on the method developed by Byun and Wilhite (1999). The daily EDI
values were aggregated into monthly EDI values to obtain a common scale for the EDI and
the climate indices.
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Table 5.1 Geographic location for the grids considered in model development
Longitude

Latitude

Grid 1

179.34

−16.47

Grid 2

179.87

−16.68

Grid 3

177.68

−17.56

Grid 4

177.44

−17.75

Grid 5

178.56

−18.05

Grid 6

178.17

−18.22

5.3.2.2 Wavelet Transform
The wavelet analysis involves passing a time series to a band of low- and high-pass filters
whereby low-pass filters condense the main features from the data and high-pass filters
condenses the background information. In most cases, the approximations obtained by the
low-pass filters are the most identical to the original series (Guimarães Santos and Silva
2014). The wavelet transform was performed using the wavelets: A package of functions for
computing wavelet filters, wavelet transforms and multiresolution analyses (Aldrich 2013), in
R package version 0.3-0 https://CRAN.R-project.org/package=wavelets. Two forms of
wavelet methods were tested initially, the traditional discrete wavelet transform (DWT) and
maximal overlap discrete wavelet transform (MODWT). The DWT has some drawbacks,
such as not computing the sub-series length identical to the original series length owing to
boundary effects. Therefore, we used the MODWT transform and an in-built command in R
to initiate periodic extension, which ensures that the sub-series length is the same as the
original series length and there is no loss of information at the start and the end of the series
(Su et al. 2012). A trial-and-error approach was used to determine the best type of wavelet
filter to use. We opted to use the Daubechies 4 filter with the MODWT transform because the
low-pass filter sub-series produced the highest correlation with the original series. Nourani et
al. (2009a) also found that the Daubechies 4 filter performed better than the Haar filter. A
popular method to determine the number of levels of decompositions is the calculation, L =
int[log(N)], where N = number of samples (Belayneh and Adamowski 2012; Mishra and
Desai 2006a). Based on this calculation, we obtained a value of 1.56, which we rounded off
to L = 2. Therefore, the decomposition of the series occurred at first and second levels only.
Decomposition into too many levels can result in the loss of meaningful information from the
series (Guimarães Santos and Silva 2014). The decomposition of the original EDI series
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produced four sub-series, with two sets of wavelet coefficients and two sets of scaling
coefficients.
5.3.2.3 Building the ANN Model
Given that four series are generated in the wavelet analysis, some studies have used
(multiple) series for model training (Deo et al. 2017b), while others have only used the series
with scaling coefficients [low-pass filter] (Belayneh and Adamowski 2012). In this study, we
used the four decomposed sub-series to train the model. The feed-forward ANN model with a
single hidden layer from the forecast package was used to develop the model in R (Hyndman
et al. 2018). Studies have shown that one hidden layer is sufficient to analyse non-linear
relationships in different problem domains (Hornik et al. 1989). The model was optimised
using

Broyden–Fletcher–Goldfarb–Shanno

quasi-Newton

backpropagation

learning

algorithm (Curtis and Que 2015; Dennis Jr and Schnabel 1996). Each of the four series were
individually predicted and were converted back into the original series (Fig. 5.2). The holdout validation technique was used for model initialisation and validation as defined in Jolliffe
and Stephenson (2003). Evaluating forecasting systems on the same datasets introduces bias
and artificial skill in the results. Hence, the approach of two-way splitting of the data into
training and validation was adopted because it has successfully demonstrated the
performance of feed-forward neural networks previously (Mishra and Desai 2006a;
Mokhtarzad et al. 2017). Therefore, the data were split in a 65:35 ratio, whereby 65% of the
data were retained for training the model (years 1980–2004) and 35% of the data were used
for validating the model (years 2005–2014). In addition to the model training and validation
sets, two independent four-year test sets (2001–2004 and 2014–2017) were used for model
testing. The training set was used to estimate the model parameters, and the validation set
was used to test how well the model performed on an independent dataset. Without changing
the network type, the weights obtained from the training dataset were applied to the testing
stage (Deo and Şahin 2015). The test sets were used to evaluate the skill of an operational
forecast on both the trained model and the validated model for two independent periods. The
error in the validation set often arises from the model overfitting the data or owing to a poor
fitting model. This is generally caused by the starting weights of the neural network model
being too large, leading to a highly regularised solution that ultimately makes the final model
linear (Friedman et al. 2001). To avoid this issue, a weight decay argument was selected in
the training and the testing stage. Additionally, the WANN models were trained with only 20
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iterations as an early stopping mechanism to avoid overfitting (Deo et al. 2017b). The model
was also coupled with bootstrapping to estimate model prediction intervals (Belayneh et al.
2016), which was applied to ensure residuals are homoscedastic.

Fig. 5.2 The wavelet analysis process

5.3.2.4 Forecast
Interviews conducted in Ba revealed that precipitation information would be beneficial if
received at least a month prior to planting sugar cane or vegetables. Farmers identified that it
is essential that the first rains occur shortly after planting to ensure proper germination of the
crops. In case accurate precipitation information is unavailable, they often face a dilemma
whether to plant or not and how much to plant. The farmers rely on traditional knowledge,
past experiences and their instincts to carry out planting; however, in scenarios when
unpredictable weather events occur, the plants do not receive rain and the farmers incur
losses in terms of yield. Based on this information, short-term forecasts (1- 3 month-ahead
forecasts as defined in Chapter 3) will be highly beneficial to the farming communities in
Fiji. Therefore, we set the forecast lead time to 1 month for the models. This study develops
an iterative forecast for EDI , which simply means that the forecast is conducted for one time
step; then, as data become available for the next time step, the training dataset is updated with
the most recent data (or the forecast value). From a practical viewpoint, an early warning
system will generate forecasts by updating the model with the most recent data as these
become available. The following were used as the performance metrics for the forecasts
obtained to provide a quantitative or continuous verification; Correlation of Determinant (R2)
and Mean square error (MSE). Additionally, a confusion matrix was used to verify the

75

categorical forecasts. The actual data and the forecasted data were both assigned the dry or
wet event severity categories based on the EDI scale in Table 4.2. The categorical data were
then summarised in a confusion matrix (Story and Congalton 1986) to examine the accuracy
in correctly predicting the EDI categories (hit) or not (miss) for predicted EDI in the testing
phase. while the performance metrics above (a, b) provide a quantitative or continuous
verification.

5.4 Results
5.4.1 Forecast Skill for ANN
The skills of the models were calculated for the identified grid locations. The forecast skill is
reported for the two test periods, 2001–2004 and 2014–2017, for the ANN model at 1-month
lead time (Table 5.2). Generally, locations in the drier parts of the country (Grid 1, Grid 2 and
Grid 5) have the best results with R2 = 0.78–0.85 and the MSE = 0.12–0.16 in the validation
test set. Areas that are characterised by orographic rainfall and have a generally wet
climatology (Grid 3, Grid 4 and Grid 6) throughout the year have a slightly higher error value
of ~ 0.18–0.3. A marginal increase in error value is also noted in the testing stage for the
best-performing locations. Moreover, improvements are noted in most locations when an
exogenous variable (SOI and/or Niño 3.4) is used for forecasting.
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Table 5.2 Performance of different ANN models for five point locations, using EDI autocorrelation, direct and lagged correlations of SOI and NIÑO 3.4 as input to produce
iterative forecasts at 1-month lead time for a 48-month time span
Locations Model

Training test set

Validation test set

R2

MSE

R2

MSE

Grid 1

(13-1-1)

EDI + SOI Lag 1

0.76

0.11

0.85

0.16

Grid 2

(12-2-1)

EDI

0.82

0.10

0.85

0.13

Grid 3

(12-2-1)

EDI

0.74

0.12

0.77

0.23

Grid 4

(13-1-1)

EDI + SOI Lag 1

0.73

0.17

0.73

0.31

Grid 5

(13-1-1)

EDI + SOI Lag 1

0.74

0.12

0.79

0.15

Grid 6

(13-1-1)

EDI + SOI Lag 1

0.78

0.13

0.77

0.18

Further verification of the forecasts with the confusion matrix (Table 5.3) indicates that the
ANN model at 1-month lead time has generally good performance to predict the different
EDI categories with an error difference by one-two class, for example, a moderately wet
event is predicted as normal (one-class difference) or an extremely wet event is predicted as
moderately wet (two-class difference). The grey shaded boxes show the number of categories
which were predicted correctly. The shadings in blue shows instances of under-prediction
while the shadings in pink shows instances of over-prediction. The instances of underprediction are higher than over-estimation. The instances of under-prediction are mainly
noted for the wet events, which can be due to heavy rain events associated with the wet
season tropical cycle, while a slight over-prediction is noted for dry events. The model shows
high capability in predicting normal categories but has reasonable performance in predicting
extreme events. Overall, ANN model provides a good indication on the dry and wet events.
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Table 5.3 Confusion Matrix for ANN model and input combination that rendered the
best results for different Grid Locations
Grid 1

EDI + SOI
Lag 1

Predicted

Extremely Wet

Actual
Very
Wet

Moderately
Wet

Normal

Moderately
Dry

Severely
Dry

Extremely
Dry

Extremely Wet

2

0

0

0

0

0

0

Very Wet

0

1

1

0

0

0

0

Moderately
Wet

1

0

1

0

0

0

0

Normal

1

0

2

34

2

0

0

Moderately
Dry

0

0

0

1

2

0

0

Severely Dry

0

0

0

0

0

0

0

Extremely Dry

0

0

0

0

0

0

0

Grid 2

EDI Auto-correlation

Predicted

Extremely Wet

Actual

Very
Wet

Moderately
Wet

Normal

Moderately
Dry

Severely
Dry

Extremely
Dry

Extremely Wet

2

0

0

0

0

0

0

Very Wet

0

0

0

1

0

0

0

Moderately
Wet

1

0

1

0

0

0

0

Normal

0

1

0

38

2

0

0

Moderately
Dry

0

0

0

0

2

0

0

Severely Dry

0

0

0

0

0

0

0

Extremely Dry

0

0

0

0

0

0

0

Grid 3

EDI + Nino 3.4 Lag 2

Predicted

Extremely Wet

Actual

Very
Wet

Moderately
Wet

Normal

Moderately
Dry

Severely
Dry

Extremely
Dry

Extremely Wet

0

0

0

5

1

0

0

Very Wet

0

0

0

0

0

0

0

Moderately
Wet

2

2

1

0

0

0

0

Normal

0

0

4

31

2

0

0

Moderately
Dry

0

0

0

0

0

0

0

Severely Dry

0

0

0

0

0

0

0

Extremely Dry

0

0

0

0

0

0

0
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Grid 4

EDI + Nino 3.4 Lag 2

Predicted

Extremely Wet

Actual

Very
Wet

Moderately
Wet

Normal

Moderately
Dry

Severely
Dry

Extremely
Dry

Extremely Wet

0

0

0

0

0

0

0

Very Wet

0

0

0

0

0

0

0

Moderately
Wet

2

1

0

0

0

0

0

Normal

1

1

4

31

2

0

0

Moderately
Dry

0

0

0

5

1

0

0

Severely Dry

0

0

0

0

0

0

0

Extremely Dry

0

0

0

0

0

0

0

Grid 5

EDI + Nino 3.4 Lag 2

Predicted

Extremely Wet

Actual

Very
Wet

Moderately
Wet

Normal

Moderately
Dry

Severely
Dry

Extremely
Dry

Extremely Wet

0

1

0

0

0

0

0

Very Wet

1

0

0

0

0

0

0

Moderately
Wet

0

1

0

0

0

0

0

Normal

0

1

2

36

1

0

0

Moderately
Dry

0

0

0

1

4

0

0

Severely Dry

0

0

0

0

0

0

0

Extremely Dry

0

0

0

0

0

0

0

Grid 6

EDI + Nino 3.4 Lag 2

Predicted

Extremely Wet

Actual

Very
Wet

Moderately
Wet

Normal

Moderately
Dry

Severely
Dry

Extremely
Dry

Extremely Wet

0

1

0

0

0

0

0

Very Wet

1

0

0

0

0

0

0

Moderately
Wet

0

1

0

1

0

0

0

Normal

0

1

2

36

1

0

0

Moderately
Dry

0

0

0

1

3

0

0

Severely Dry

0

0

0

0

0

0

0

Extremely Dry

0

0

0

0

0

0

0

5.4.2 Forecast Skill for WANN
A trial-and-error approach was used to optimise the WANN model. Initially a one-level
decomposition with a 0.05 weight decay parameter was used to forecast EDI (result not
shown). Next, a two-level decomposition coupled with a lower weight decay parameter was
used, which rendered better results (Table 5.3). Each grid has four different model network
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structure because the four EDI sub-series were forecasted individually first and transformed
back into the original EDI series after. A higher R2 value was noted for the WANN model
(~0.97) when compared to ANN. The error value for the WANN model ranged from 0.05 to
0.09. Again, the best performing locations were those on the drier side of the country.
Table 5.4 Performance measure expressed as R2 and MSE of WANN model with EDI,
SOI and NINO 3.4 as inputs for the five grid locations at 48-month lead time
Training Test
Set
Location
Grid 1

Grid 2

Grid 3

Grid 4

Grid 5

Grid 6

Input
EDI + NINO

EDI + NINO

EDI + NINO
Lag 1

EDI + SOI
Lag 2

EDI + NINO

EDI + NINO

2

Model
(17-9-1)

(14-8-1)

(15-8-1)

(15-8-1)

(26-14-1)

(25-13-1)

(14-8-1)

(25-13-1)

(26-14-1)

(21-11-1)

(26-14-1)

(26-14-1)

(24-12-1)

(19-10-1)

(24-12-1)

(24-12-1)

(26-14-1)

(23-12-1)

(25-13-1)

(25-13-1)

(25-13-1)

(24-12-1)

(25-13-1)

(25-13-1)

Validation Test Set

R
0.83

MSE
0.07

R2
0.97

MSE
0.05

0.80

0.10

0.97

0.06

0.90

0.04

0.95

0.08

0.93

0.06

0.95

0.09

0.93

0.03

0.93

0.06

0.96

0.02

0.93

0.06

Similar to the results of the ANN model, under-prediction and over-prediction of the EDI
classes were noted in the confusion matrix (Table 5.4).However, in contrast to the results
from ANN, WANN only had one class error difference while ANN had more than one class
error difference. The number of hits was higher and misses were lower with WANN model.
The wet events were better captured by the WANN than the ANN, whilst the dry events were
better predicted by ANN than the WANN.
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Table 5.5 Confusion matrix for WANN model combinations as evaluated by the
performance metrics
Grid 1

EDI + NINO

Predicted

Extremely
Wet

Actual
Very
Wet

Moderately
Wet

Normal

Moderately
Dry

Severely Dry

Extremely
Dry

Extremely Wet

3

0

0

0

0

0

0

Very Wet

1

1

1

0

0

0

0

Moderately
Wet

0

0

3

1

0

0

0

Normal

0

0

0

34

4

0

0

Moderately
Dry

0

0

0

0

0

0

0

Severely Dry

0

0

0

0

0

0

0

Extremely Dry

0

0

0

0

0

0

0

Grid 2

EDI + NINO

Predicted

Extremely
Wet

Actual
Very
Wet

Moderately
Wet

Normal

Moderately
Dry

Severely Dry

Extremely
Dry

Extremely Wet

3

0

0

0

0

0

0

Very Wet

0

1

0

0

0

0

0

Moderately
Wet

0

0

1

2

0

0

0

Normal

0

0

0

36

3

0

0

Moderately
Dry

0

0

0

0

2

0

0

Severely Dry

0

0

0

0

0

0

0

Extremely Dry

0

0

0

0

0

0

0

Grid 3

EDI + Nino 3.4 Lag 2

Predicted

Extremely
Wet

Very
Wet

Actual
Moderately
Wet

Normal

Moderately
Dry

Severely Dry

Extremely
Dry

Extremely Wet

2

1

0

0

0

0

0

Very Wet

0

1

0

0

0

0

0

Moderately
Wet

0

0

4

1

0

0

0

Normal

0

0

1

35

3

0

0

Moderately
Dry

0

0

0

0

0

0

0

Severely Dry

0

0

0

0

0

0

0

Extremely Dry

0

0

0

0

0

0

0

Grid 4

EDI + Nino 3.4 Lag 2

Predicted

Extremely
Wet

Very
Wet

Actual
Moderately
Wet

Normal
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Moderately
Dry

Severely Dry

Extremely
Dry

Extremely Wet

1

0

0

0

0

0

0

Very Wet

2

1

0

0

0

0

0

Moderately
Wet

0

1

4

1

0

0

0

Normal

0

0

0

35

3

0

0

Moderately
Dry

0

0

0

0

0

0

0

Severely Dry

0

0

0

0

0

0

0

Extremely Dry

0

0

0

0

0

0

0

Grid 5

EDI + Nino 3.4 Lag 2

Predicted

Extremely
Wet

Very
Wet

Actual
Moderately
Wet

Normal

Moderately
Dry

Severely Dry

Extremely
Dry

Extremely Wet

1

1

0

0

0

0

0

Very Wet

0

0

0

0

0

0

0

Moderately
Wet

0

2

1

0

0

0

0

Normal

0

0

1

37

4

0

0

Moderately
Dry

0

0

0

0

1

0

0

Severely Dry

0

0

0

0

0

0

0

Extremely Dry

0

0

0

0

0

0

0

Grid 6

EDI + Nino 3.4 Lag 2

Actual

Predicted

Extremely
Wet

Very
Wet

Moderately
Wet

Normal

Moderately
Dry

Extremely Wet

1

1

0

0

0

0

0

Very Wet

0

1

0

0

0

0

0

Moderately
Wet

0

1

1

0

0

0

0

Normal

0

0

1

38

4

0

0

Moderately
Dry

0

0

0

0

0

0

0

Severely Dry

0

0

0

0

0

0

0

Extremely Dry

0

0

0

0

0

0

0

Severely
Dry

Extremely
Dry

5.5 Discussion
The results indicate that neural networks can be used successfully to develop short-term
forecasts for Fiji. WANN was found performed better than ANN, and this was also shown
through the meta-regression analysis (Chapter 3). Hydrological data characterise non-linear
and non-stationary properties, and therefore, a model that considers these properties is ideal
to develop hazard monitoring systems (Mishra and Singh 2011). Overall, the results vary
based on different locations. The high variability of rainfall across the region will likely
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affect the models’ performance, particularly when the parameters to optimise the models
remain consistent at all locations (van Ogtrop et al. 2014). The ANN model rendered better
results to predict dry events. Conversely, WANN did not show promising results to predict
dry events; however, it was able to predict wet events well. Temporal variations in the
forecasts can also be attributed to other factors that are not reflected in the model, such as the
Pacific Decadal Oscillation (Power et al. 1999) and orographic effects (Rhee and Yang
2018b). The WANN model results were seen to be highly sensitive to the level of
decomposition and weight decay parameter used. Although different grid cells are
characterised by different climatological conditions, a conclusive trend cannot be identified
without further investigation on the effects of the weight decay parameter and levels of
decomposition on the respective wet and dry events. Future research may include the location
as a dependent variable and determine whether a single space time model can adequately
model both spatial and temporal EDI across Fiji using a Bayesian approach (Dayal et al.
2018; Madadgar and Moradkhani 2014).
For an operational early warning system, it is ideal to be able to forecast the correct wet/dry
event severity to ensure that accurate information is disseminated to the public. In this study,
the reliability of the forecast was further verified using a confusion matrix table that provided
specific information on EDI classes. The overall accuracy was approximately 90%, that is (43
classes predicted correctly out of 48). Previous studies have demonstrated similar results for
SPI class forecasts with 72–89% accuracy (Morid et al. 2007), 70% accuracy (Kousari et al.
2017) using ANN and approximately 70% accuracy (8 out of 12 classes accurately predicted)
using log linear models (Moreira et al. 2008). However, these studies focused on the dry
phase classes only, whereby the categories were either non-drought, near normal, moderate
drought and severe/extreme drought or normal and severe drought. Similarly, SPEI forecasts
generated for Australia showed disparate results with more than 50% to 80% of predictions
being either under-predicted or over-predicted (Deo and Şahin 2015). A downside of this
categorisation method is that the forecasts provide indications of droughts without providing
operational indicators about wet events (Masinde 2014). The models produced reasonable
results in predicting extreme categories, that is , inconsistencies between the predicted and
observed EDI by one class difference was noted; for example, extremely dry categories are
predicted as moderately dry. However, the forecasts are generally in the right direction, that
is, a wet event is flagged as a wet event and a dry event is mostly flagged as a dry event. The
instances of over-prediction are much lower than the under-predicted events. With that in
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mind, one class of error for the under-predicted events is still considered a valuable forecast
(Kousari et al. 2017) when it relates to preparedness, since the same level of effort will be
used to prepare for a ‘extremely wet’ event and a ‘very wet’ event. Therefore, at an
operational level these forecasts are still sufficient to provide early warning to the public in
advance, both at long and short lead times.
Model assessment should be based on suitable lead time selection, such that a lead time of 1–
3 months provides sufficient time to implement proactive measures to reduce drought impact
(Nikbakht et al. 2012). A large majority of the studies have stated optimum results for shortterm forecasts of 1–3 months. In retrospect, other studies have noted lower correlations with a
longer lead time (Mishra and Desai 2006a). However, other studies unlike us, did not
measure skill using a confusion matrix, which limits our ability to fully assess and understand
the performance of their predictions, particularly with respect to their performance of
forecasting more extreme events.
The performance of the forecasts is also dependent on how smooth the input series is as
illustrated in Chapter 3. Previous studies have shown, for SPI calculated at 3-month
timescale, the variability in precipitation is high because monthly data for fewer months are
used, that is, the calculated SPI value is for a accumulated precipitation for 3-month period
(Djerbouai and Souag-Gamane 2016; Guenang and Kamga 2014), resulting in a smoother
time series for SPI at the 12-month timescale (Loukas and Vasiliades 2004); hence the
models generate better forecasts. Bearing this in mind, EDI with a daily timescale
(aggregated to one monthly value) could be considered less smooth than SPI at the 3-month
timescale. Future research could utilise maximum and minimum monthly EDI instead of the
mean to note improvements in the results due to the smoothing effect, since these may be
more relevant for forecasting extreme flood and drought events respectively.
Certain studies have shown that climate indices improved neural network performance and in
turn the forecasts (Kousari et al. 2017; Memarian et al. 2016). It has also been established
that SOI has an important influence on precipitation in Fiji (Kostaschuk et al. 2001; Kumar et
al. 2006; Le Bec et al. 2000). Significant lag-0 (direct) relationships between annual
precipitation and Niño 3.4 have also been previously identified for the South West Pacific
Region, which includes Fiji (McGree et al. 2016). This agrees with the improved
performance by incorporating the effects of Niño 3.4 and SOI in the forecasts in this study.
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Incorporating the climate indices resulted in improvement in the continuous forecast as
opposed to the categorical forecasts.
The summer rain from February to April is critical for re-planting sugar cane since the soil
profile obtains sufficient moisture during this period. Usually, the farmers prepare their land
for planting in advance and plant sugar cane immediately after the first rain (Moynagh 2017).
However, since the planting season is embedded in the wet season, farmers need to avoid
wetter-than-normal conditions. Excessive rain during the early stages of sugarcane growth
tends to cause water logging causing anaerobic conditions and in contrast too little water will
inhibit proper root development (Inman-Bamber and Smith 2005). Often, farmers rely on
value judgement and follow environmental cues to determine an optimum time for sugarcane
planting. However, given the extreme climatic variability in recent times, traditional
knowledge and experience alone may not be adequate for farmers in making these critical
decisions. Climate forecasts can be of paramount importance here, because farmers can defer
or adjust planting periods based on the forecasts (Ritchie et al. 2004). Further, forecasts can
be used to alter tactical cropping management systems, such as fertiliser application
(Hammer et al. 1996). Fertiliser application is a crucial step after plant germination, which
again is dependent on rainfall. Too much rain will result in leaching of nutrients from the
applied fertiliser, while a no-rain event will distress the plants’ water absorption. Categorical
climate forecasts can be used to determine whether a ‘moderately wet’ event will occur,
which will be ideal for fertiliser application (Everingham et al. 2002). In the case of a drier
than usual forecast, Fiji Sugar Corporation can plan for water allocation to farmers in the
planting season prior to the onset of a drought event. This proactive approach will ensure that
all farmers receive the allocated water in a timely fashion. Post harvesting, the cane needs to
be milled in a short turnaround time to ensure preservation of maximum sucrose content
(Moynagh 2017). Wet events hinder the transportation of the cane and cause disruptions
during the cane crushing periods. To avoid this issue, prior planning can be embedded in the
mill operation frameworks. If a rain event is forecasted, alerts can be issued to farmers to
defer cane harvesting to avoid longer waiting periods for the harvested cane to be milled. The
rationale behind the forecasts is to reduce environment-related losses and maximise profits
from agricultural yields (Hansen and Indeje 2004; Moeller et al. 2008).
One of the disadvantages of ANN due to the ‘black box nature’ entails ambiguity in
determining the appropriate architecture of the network (Tu 1996). While some studies
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suggest that there is marginal difference between a one hidden layer network or a two hidden
layer network (De Villiers and Barnard 1993), others state that, theoretically, more hidden
layers will improve the network, which remains an area to be explored in future (Guimarães
Santos and Silva 2014). Owing to the in-built single layer in the R ‘forecast’ package, we had
limited opportunity to experiment with diverse architecture types. A marginal increase in the
error value was also noted in the testing stage of the model. Future recommendation would be
to utilise a k-fold cross validation technique using the ‘tsCV’ function in the forecast package
to minimise overfitting, which may be currently the case. Wavelet analysis reduces the
complexity of the data, causing the series to become more parsimonious (Djerbouai and
Souag-Gamane 2016), resulting in a better-fitting model. However, this needs to be applied
with caution, taking into account the filter type, length, type of decomposition and level of
decomposition to be used, all of which affect the final result.

5.6 Conclusion
It can be concluded that both the ANN and WANN can be used to establish an operational
early warning system for the Fiji region. The Maximal Overlap Discrete Transformation with
the Daubechies 4 filter rendered the best results for the WANN model. The models need
further testing and optimisation for improved prediction of the extremes, because, currently,
these do not predict some of the extreme events. However, this improvement is somewhat
dependent on increased data availability, since it will allow training the model using data
with more extreme events. Importantly, owing to the iterative nature of the forecast, the
model can be updated and improved as more data become available. Improvements were
noted in the results of the model that incorporated Niño 3.4 and SOI. This could potentially
suggest that these are suitable variables to incorporate in hydro-meteorological studies for not
only Fiji but for the South West Pacific region. Additionally, from this study, we strongly
recommend the use of the confusion matrix in addition to quantitative performance measures
to test the skill of the model in forecasting the severity of hydrological events at an
operational scale. Improvement in the results were also noted with the use of wavelet
transform in the WANN. Wavelet analysis is a universal procedure, and thus, a
recommendation is that future research should incorporate the analysis with other model
types, such as Artificial Neuro Fuzzy Inference System, Support Vector Machines and
extreme learning models.
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CHAPTER 6 APPLICATION OF MUTIVARIATE ANALYSIS TO FORECAST
EFFECTIVE DROUGHT INDEX

6.1 Abstract
Multivariate statistical techniques were employed to carry out spatial drought modelling in
Fiji by using sea surface temperature (SST) and the Effective Drought Index (EDI). Principal
component analysis (PCA) was initially applied to raw data and the components were then
analysed using canonical correlation analysis (CCA). The first 10 principal components (PCs)
explained approximately 90% of the variation in the SST data, while the first five PCs
explained 90% of the variation in the EDI. A high canonical correlation of 0.98 was achieved
between the PCs of mean SST and mean EDI, showing the influence of ocean–atmospheric
interactions on precipitation regimes in Fiji. A CCA model was used to perform a hind cast
and a short-term forecast (2-month lead time). The training data on which the hind cast was
performed, produced a coefficient of determinant (R2) value of 0.83 and mean square error
(MSE) of 0.11. The results in the testing stage were more modest, with an R2 value of 0.45
and MSE value of 0.26. These forecasts can be generated with minimal financial burden and
computational time. The easy-to-implement system can be used by stakeholders to aid in
making key agronomic decisions. Future research may focus on exploring patterns in the
loadings to assess the effect of major climate drivers in different parts of the island group in
Fiji and the South West Pacific region as a whole. Other variables such as sea level pressure
and ocean thermocline may also affect precipitation patterns in Fiji and can be used to
generate forecasts in future.
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6.2 Introduction

Large-scale sea surface temperature (SST) gradients are known to displace the South Pacific
Convergence Zone (SPCZ) in the South West Pacific, consequently affecting precipitation
regimes (Griffiths et al. 2003; McGree et al. 2014). During the summer season, the SPCZ
moves southward and rain experienced throughout Fiji is mainly due to the convective mass
of cloud bands associated with the SPCZ (Power 2011). The Southern winter season observes
movement of the SPCZ northward, away from Fiji; therefore, rainfall during winter is a result
of regional features such as orographic lift. This results in continued occurrence of rain
events in the dry season for the windward region (central side) than the leeward region
(western side). The intra-seasonal movement of the SPCZ northward and southward results in
a warm-phase El Niño and a cool-phase La Nina event, respectively, causing unexpected
rainfall anomalies (Juillet‐Leclerc et al. 2006). Changes in the SPCZ alter the hydro-climatic
conditions in small island developing states (SIDS), which may cause environmental and
socio-economic instabilities (Borlace et al. 2014; Kuleshov et al. 2014; Stone et al. 1996).
Statistical techniques such as canonical correlation analysis (CCA) and principal component
analysis (PCA) yield information on important climate features and precipitation such as El
Niño–Southern Oscillation (ENSO), which is derived from SST (Barnett and Preisendorfer
1987). CCA successfully establishes interrelations to identify linear combinations between
more than one response and explanatory variable (Ouarda et al. 2001), while PCA employs
the same approach on a single multi-dimensional dataset. The relationships between the
weights of the response and explanatory data are known as loading patterns, and these can be
used to visualise potential physical mechanisms in large-scale processes (Shabbar and
Barnston 1996). Correlation patterns in SST are one of the large-scale features driving the
precipitation patterns in the Pacific, and can be used in the area of hydrological extreme
monitoring (Salinger et al. 2001). This approach has been successfully applied previously to
predict precipitation from SST and to generate forecasts (Chen et al. 2017; Rana et al. 2018).
Previous study based in Fiji showed greater skill with the use of SST (Niño 3.4) for rainfall
prediction, compared with the Southern Oscillation Index (Walsh et al. 2001).
Unlike floods, which are typically caused by point source locations such as rivers affecting an
area at a time, droughts have a larger spatial extent, which is why it is important to
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understand the spatial distribution of droughts (Ionita et al. 2012). CCA can be used to
understand the spatial distribution of droughts through spatial maps. Maps containing
geographical information are an important communication tool to the wider public and the
stakeholders because of the ease of presenting and understanding the information. Climatic
variations are increasingly recognised in the Pacific, and traditional coping mechanisms are
no longer sufficient to deal with the adversities (Kuleshov et al. 2014). Seasonal forecasts
together with traditional knowledge to enhance coping capacity can yield greater success to
reduce vulnerability in SIDS (Mercer et al. 2007). Therefore, in this study we used
multivariate analysis to develop a spatial drought index forecast for the Fiji region.
6.3 Materials and Methods
6.3.1 Data
6.3.1.1 Precipitation Data
The Climate Prediction Centre (CPC) Global Daily Unified Gauge-Based Analysis of
Precipitation data were extracted from the NOAA Earth System Research Laboratory’s
Physical Sciences Division (NOAA/OAR/ESRL PSD, Boulder, CO, USA) website:
https://www.esrl.noaa.gov/psd/. The dataset has a daily temporal coverage starting from 1979
to the present time. The dataset was checked for quality and homogeneity, and the ‘zoo’
package (Zeileis and Grothendieck 2005) in R was used to carry out linear interpolation in
the case of missing precipitation data (North and Livingstone 2013). The drought index was
calculated on the basis of the principals identified by Byun and Wilhite (1999). The daily
Effective Drought Index (EDI) values were aggregated into monthly EDI values because the
climate index data were available at monthly timescales (Fig. 1).

Fig. 6.1 Annual time series of mean EDI in Fiji from 1980 to 2017 showing an increasing
precipitation trend
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6.3.1.2 Sea Surface Temperature Data
The

Kaplan

SST

data

used

in

this

analysis

were

retrieved

from

https://climatedataguide.ucar.edu/climate-data/kaplan-sea-surface-temperature-anomalies.
The dataset has a temporal coverage starting from 1856 and a global spatial extent. The data
are produced by various steps, such as EOF projection, optimal interpolation (OI), the
Kalman Filter (KF) forecast, KF analysis and an optimal smoother (OS), which ultimately
minimise the number of missing data and error values (Reynolds and Smith 1994). A
bounding box was created in Arc GIS, ranging from 150° E to 80° W between the Tropic of
Cancer and the Tropic of Capricorn, which resulted in 259 grid points. This ensured that the
SST would be extracted for the region surrounding Fiji. The series length extracted was the
same for the EDI and SST, from 1980 to 2017 (Fig. 6.2). The data were checked for
homogeneity, and grids with missing data were omitted.

Fig. 6.2 Annual time series of mean SST from 1980 to 2017 showing an increasing
temperature trend
6.3.2 Method
The multivariate analysis was performed according to the guidelines provided by Wilks
(2011). SST was used as the explanatory variable and the gridded EDI as the response
variable, from which a probabilistic forecast was generated. If a dataset x (t) leads y (t), then
CCA can be used to forecast the y variable by using the x variable in a gridded form. A lag of
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2 months was introduced in the data matrix between the EDI and the SST. Therefore, a
forecast of EDI could be provided at short term (2 months ahead), which is adequate to assist
farmers in making useful agronomic decisions (Refer to Section 5.3.2.4

for detailed

information on forecast time). As a first step, the data were standardised and centred to
remove any trend. This ensures that the principal components (PCs) are mutually orthogonal
(Westra and Sharma 2010). Previous studies have also applied pre-processing of data using
empirical orthogonal analysis (Landman and Mason 1999; Tang et al. 2000; Yu et al. 1997).
This has a number of advantages such as, reduces dimensionality and noise in the data, and
gives equal opportunity for predictors to contribute to forecasting models (Shabbar and
Barnston 1996).
We selected the first 10 PCs from the SST and EDI to perform the CCA. Forecast evaluation
was performed by splitting the data into two parts, whereby a hindcast was generated which
entailed model training on data from 1980 to 2004 and the forecast was tested using the data
from 2005 to 2017 (See section 3.4 on distinction between a hindcast and a forecast). The
forecast skill was verified using the coefficient of determination (R2) and mean square error
(MSE). A spatial plot was generated to determine how well the forecast and the hind cast
predicted the EDI classes as shown in Table 6.1.
Table 6.1 EDI drought classes
Value

Category

EDI

3

Extremely Wet

≥2

2

Very Wet

1.5 to 1.99

1

Moderately Wet

1.0 to 1.49

0

Normal

-0.99 to 0.99

-1

Moderately Dry

-1.0 to -1.49

-2

Severely Dry

-1.5 to -1.99

-3

Extremely Dry

≤-2
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6.4 Results
6.4.1 Principal Component Analysis
The first five PCs explained approximately 86% of the variation within the SST data, while
the first five PCs explained 98% of the variation in the EDI data (Table 6.2). The first 10 PCs
were retained for further analysis.
Table 6.2 Variation for the first five PCs performed on SST and EDI
PC1

PC2

PC3

PC4

PC5

Standard deviation

5.99

3.50

2.38

1.83

1.64

Proportion of variance

0.52

0.18

0.08

0.05

0.04

Cumulative proportion

0.52

0.69

0.77

0.82

0.86

Standard deviation

2.81

0.84

0.73

0.60

0.41

Proportion of variance

0.80

0.07

0.05

0.04

0.02

Cumulative proportion

0.80

0.87

0.92

0.96

0.98

SST

EDI

6.4.2 Canonical Correlation Analysis
CCA was performed on the leading principal components derived from (Table 6.2).
According to Table 6.3, the first canonical variate pair shows that 98.6% of the variation in
the EDI was explained by the variation in the SST.
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Table 6.3 Pearson-product-moment correlations between the pairs of canonical variates
of EDI and SST
Pair

Canonical Correlation

1

0.9860

2

0.9620

3

0.8753

4

0.8484

5

0.7076

6

0.6284

7

0.5942

8

0.4372

9

0.2376

10

0.0009

6.4.3 Spatial Modelling

Fig. 6.3 Graphical representation of a hind cast and a forecast for the predicted and
observed mean EDI for Fiji
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The predictive skill of the model was assessed for both the hind cast and the forecast (Fig.
6.3). The hind cast was the model training stage (Fig. 6.4), which obtained an R2 score of
0.83 and an MSE value of 0.12. The model was tested in the forecasting stage (Fig. 6.5) with
a noted decrease in the R2 skill and increase in the MSE value by almost 50%. The colour
sequence revealed that class error predictions in both the hind cast (Fig. 6.4) and the forecast
(Fig. 6.5) were generally well predicted. The grid cells for the Central Division, which is
mainly affected by orographic rainfall, were not correctly predicted in both the training and
the testing stages. The time series plot (Fig. 6.3) shows instances of under-prediction in the
testing stage and to a lesser extent in the training stage. Comparisons between observed mean
EDI showed an increase in precipitation trend across the Fiji island group. In 2004, a number
of dry events were observed; however, in 2017 no dry conditions were observed across Fiji.

Fig. 6.4 Hind cast of mean EDI in 2004 for the training data with R2 = 0.83 and
MSE = 0.12 (with the colour sequence representing the different EDI classes)
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Fig. 6.5 Spatial plot of forecasted and observed mean EDI across Fiji with R2 = 0.45 and
MSE = 0.26 (with the colour sequence representing the different EDI classes)
6.5 Discussion
The analyses revealed that there is potential to develop spatial monitoring tools using
multivariate techniques with reasonable accuracy. An approach that identifies physical
relationships between precipitation and climate drivers can yield useful information to
understand the risks better (Ntale et al. 2003; Shabbar and Barnston 1996; Singh et al. 2012).
The accuracy of the forecast through CCA is dependent on the feature that is responsible for
rain events in a given geographic location. The high correlation between the first canonical
pair suggests a significant influence of the SST on precipitation regimes in Fiji. It is therefore
also expected that the rainfall is well correlated to the ENSO patterns. This is in agreement
with other studies that have previously shown the dominance of ENSO in Fiji (Kostaschuk et
al. 2001; Terry et al. 2001). For example, the 1997–1998 drought in Fiji has been linked to a
strong El Niño event (Terry and Raj 1999). However, it is important to consider that ENSO
events do not occur every year, which may cause low predictability in the years when ENSO
events are not recorded (Landman and Mason 1999). Precipitation in the South West Pacific
is also influenced by underlying climate drivers occurring at decadal scales (Folland et al.
2002b; Salinger et al. 2001). In a European study by Ionita et al. (2012), long time series of
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data from the 1900s were used to show associated quasi-periodic trends for the self-calibrated
Palmer Drought Severity Index (PDSI) and the Pacific Decadal Oscillation (PDO) and
Atlantic Multi-decadal Oscillation. The study also noted a significant drop in the EDI every
10–15 years. In our study, the relatively short data series (37 years) was sufficient to capture
shorter-scale oscillations such as ENSO, which occurs seasonally. Conversely, one phase of
PDO can last from 20 to 30 years (Mantua and Hare 2002); therefore, more data are required
to capture effects of longer-scaled decadal phenomena.
The overall skill of the model is similar to that obtained by Landman and Mason (1999) and
Chu and He (1994). The spatial drought variability between the period 1980–2004 and the
period 2004–2017 revealed an increase in precipitation trend across Fiji. The forecasting
model was able to capture the increasing trend in precipitation in 2017, with few out-of-phase
predictions. Boulanger et al. (2005) highlighted the importance of understanding non-linear
relationships between precipitation and the SST for statistical forecasts. Skill comparison
between neural network (non-linear method) and CCA (linear method) models to predict the
Pacific SST previously reported a marginal difference in the skill for the model types (Tang
et al. 2000). We also found that the artificial neural network (ANN) model performed
marginally better than the canonical model (Chapter 3). While neural network analysis may
outperform CCA, CCA has the added advantage to identify spatial patterns that can suggest
physical climate-related processes such as ENSO, hence can be used with other techniques.
CCA models have been used, for example, to improve results in global climate models
(GCMs) (Shabbar and Barnston 1996; Singh et al. 2012). Additionally, the CCA model
forecasts are robust and easy to compute and implement, which makes CCA a good first
choice option where limited expertise and no warning system exist. The forecasts generated
from CCA are skilful but not necessarily perfect. Therefore, the method defined here can be
extended further according to the targeted needs of farmers or stakeholders, and can be
incorporated through a reflective decision framework among the different parties (Moeller et
al. 2008; van Ogtrop et al. 2014).
Inconsistences in the results can also be attributed to the effect of topographical features (Lal
et al. 2008). This was highlighted in an African-based study where exceptions in the dry
season were noted as a result of moist westerly Congo air masses (Ntale et al. 2003).
Similarly, in Fiji the South Easterly trade winds are responsible for much of the rain in the
south-eastern side of the island (Suva, Navua and Nausori) and minimum rain in the north-
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western side during the dry (winter) season is observed. The Western Division in Fiji has
lower correlation with the Southern Oscillation Index during the winter (dry season) (Walsh
et al. 2001). This may indicate that winter precipitation has no systematic link to large-scale
circulations controlled by SST particularly and is influenced by regional features such as
orographic lift. Tropical cyclone activity can also influence forecasts as heavy rains
associated with cyclones are not usually reflected in the SST (Yu et al. 1997). Therefore, SST
alone may not be the best predictor of rainfall in Fiji, and features such as spatial atmospheric
pressure data (Chu and He 1994) and ocean thermocline (Ruiz et al. 2006) warrant further
investigation.

6.6 Conclusion
The mean SST and annual mean EDI series in Fiji indicate an increasing trend in temperature
and precipitation respectively. The study has also identified a strong link between the SST
and the EDI, with a correlation of 0.98. A CCA model shows reasonable skill in predicting
EDI over the Fiji region; hence, this model can be used as a 2-month advance spatial drought
forecasting tool for Fiji. Future study can incorporate sea level pressure and ocean
thermocline as explanatory variables of the EDI to further improve the forecasts. The loading
patterns can also be explored to assess the effect of major climate drivers in different parts of
the island group in Fiji and the South West Pacific region as a whole. In the absence of an
operational early-warning system, this relatively simple and easy-to-implement system can be
made available locally in Fiji to various stakeholders.
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CHAPTER 7 REVIEW OF FINDINGS AND CONCLUDING REMARKS
This study aimed to develop an operational hydrological extreme early-warning system for
Fiji by using hydrological indices. The summary of the findings and recommendations for
future work are outlined in this chapter.

7.1 Summary of Findings
The narrative review of the literature in Chapter 2 provided insightful information on the
inherent conditions that make nations in small island developing states (SIDS) uniquely
susceptible to hydrological and meteorological hazards:


Social factors such as poverty, unemployment, level of development and low standard
of living are at the core of the lives of people in SIDS, which ultimately decreases
resistance to hazards.



Sparsely located islands, varying island topography and dependence on subsistence
living inhibit mobilisation of resources during disasters, cause unequal distribution of
water resources and affect food sources.



Large-scale seasonal, annual and decadal circulations such as the South Pacific
Convergence Zone (SPCZ), El Niño–Southern Oscillation (ENSO), Inter-decadal
Pacific Oscillation (IPO) and Madden–Julien Oscillation drive the climates in island
nations. While these are naturally occurring phenomena, the changing climate is
increasing weather variability, changes in precipitation regimes and cyclone activity,
making SIDS more prone to hazards.



A significant gap in the literature on risk-mitigation studies in Fiji has been identified.
Fiji Meteorological Services uses the Standardised Precipitation Index (SPI) to
monitor wet and dry phases; however, the SPI has a number of limitations. The
performance of hydrological indices and forecasting methods are largely climate
dependent and it is imperative to test these for the local conditions in SIDS.

The meta-regression analysis in Chapter 3 synthesised information on several data-driven
models that have been used previously for drought forecasting using the SPI:
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The wavelet-transformed artificial neural network (WANN) model showed the most
skill in predicting SPI. Additionally, performance of the regular artificial neural
network (ANN) was similar to other simple data-driven models.



The best timescales to calculate the SPI were 24 and 12 months, yielding the highest
correlation and lowest error. The performance values of the SPI calculated at 3, 6 and
9 months were significantly different from those at 24 and 12 months.



Short-term forecasts had greatest accuracy, and the results of short-term forecasts
were significantly different from those of mid-term to long-term forecasts.



A limitation of this study can be attributed to the small sample size; therefore, the
results may change in future with the availability of more studies in this area.

In Chapter 4, we first investigated the suitability of using satellite-derived precipitation data
to carry out hydrological studies in island topographies. The best-performing satellite product
was thereafter used to calculate various hydrological indices. The applicability of the indices
was tested against the Normalised Difference Vegetation Index (NDVI) and Enhanced
Vegetation Index (EVI):


Analysis of CHIRPS, PERSIANN-CDR and CPC data revealed reasonable
performance for all when evaluated against recorded rain gauge data. The high
correlation in CHIRPS and CPC might have been due to the methodology used to
devise these gridded products, which already incorporate station data. PERSIANNCDR, although lacking as high a correlation as the other two products, may still be
useful because of its higher spatial resolution.



CPC temperature and precipitation data were selected, and three hydrological indices
were calculated: SPI, Standardised Precipitation Evapotranspiration Index (SPEI) and
Effective Drought Index (EDI). The gridded Palmer Drought Severity Index (PDSI)
product was also extracted for Fiji.



Validation of the above indices with vegetation cover showed high direct correlation
between the EDI and the NDVI/EVI. Under dry conditions, a reduction in vegetation
cover was noted; vegetation cover increased as the EDI categories progressed into
wetter states. Although the results had a lot of variability, it can be concluded that on
a tropical island, precipitation mainly influences vegetation and vegetation has a short
response time to precipitation deficits.
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The analysis in Chapter 5 employed neural network models to predict the EDI at a lead time
of 1 month for development of an operational early-warning system:


The wavelet transformed neural network performed marginally better than the
artificial neural network. The coefficient of determination (R2) values for ANN were
between 0.7 - 0.8, while WANN had values around 0.93. The mean square error
(MSE) ranged from 0.05 - 0.29 for ANN and 0.02 - 0.09 for WANN, in the training
and testing stages, respectively. Therefore , we recommend the use of the neural
networks (both ANN and WANN).



As part of the operational early-warning, the forecasting system should be able to
assign appropriate ‘watch’, ‘alert’ or ‘warning’ notifications. Bearing this in mind, we
used a confusion matrix to observe how well the EDI categories were predicted. The
model was mostly accurate in predicting events on the dry or wet spectrum but tended
to underestimate or overestimate at the more extreme extents with one class difference
for WANN and two class difference for ANN.

The last section, Chapter 6, employed canonical correlation analysis (CCA) to predict the
EDI at a spatial scale by using the sea surface temperature (SST):


It was identified from CCA that the SST and EDI shared a strong relationship, with
the SST explaining approximately 97% of the variation in the EDI. This further
confirms that SST is one of the main drivers of precipitation in Fiji.



The skill of the canonical correlation model ranged from 0.45 to 0.6, which is
consistent with previous studies. Other confounding factors such as the orographic
effect, cyclones and periodicity (not captured by CCA) may influence the forecast
skill.



Multivariate techniques can also be used to generate spatial drought maps, which may
be useful for communication to the general public.
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7.2 Future Recommendations
Future study may investigate the following aspects:


A meta-analysis can be performed on the efficacy of data-driven models to forecast
other drought/flood indices such as the SPEI, Reconnaissance drought index (RDI)
and the EDI.



Similar scaled satellite-derived precipitation products, which do not use existing rain
gauge data, can be verified for the wider Pacific region.



Performance of different drought indices can be assessed against gridded soil
moisture products, and results can be tested for significance.



The wavelet transformed neural network performed marginally better than the
artificial neural network. Therefore , we recommend the use of both the neural
networks (ANN and WANN) to develop an operational hydrological extreme
monitoring system using EDI. However, this study suggests reclassifying the EDI
categories making it more applicable to Fiji conditions.



Many types of wavelet-transform techniques exist, such as continuous wavelet
transform, discrete wavelet transform and maximal overlap discrete wavelet
transform, as well as wavelet filter types (e.g., Haar, Daubechies and Least
Asymmetric). The different combinations can be assessed with respect to the number
of levels of decomposition. The wavelet transform can be used to create other hybrid
models using support vector machines or fuzzy inference systems.



Multivariate techniques can be used to assess the effects of SST in the wider Pacific
region, and the associated loading patterns can be useful to establish a better
understanding of phenomena driving the climate in the Pacific.
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