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Abstract

The main purpose is to develop a new methodology to address existing shortcomings in
spatio-temporally evaluating water stress conditions by employing individual drought indices
for a specific location. The proposed methodology is able to monitor water stress conditions of
terrestrial ecosystems by objectively linking different aspects of the ecosystem such as water
availability and vegetation conditions. The developed index, called Data Fusion-based Drought
Index (DFDI), makes use of advanced statistical methods, and also considers eco-
meteorological characteristics, such as landuse, land-cover, and climate of an area to determine

the water stress conditions at each time step for each specific location.

The capabilities of the DFDI are demonstrated comprehensively making use of data from
three OzFlux tower sites in Australia, as well as satellite data to develop a spatially distributed
weekly water stress evaluation framework across Victoria, Australia. To achieve this,
observations from those OzFlux Tower sites were complemented with nearby synoptic stations,
while the spatial data where obtained from the Australian Water Availability Project, as well

as the Soil Moisture and Ocean Salinity and the MODIS-Terra satellite missions.

One of the main advantages of the spatial DFDI methodology is to present explicit
mathematical equations, ultimately making the process of spatial water stress monitoring at
current and future time steps more user-friendly and consequently more accessible for the
industry. To achieve this objective, the area is first regionalized according to the two criteria
pairs of wetness/dryness and active/non-active vegetation via a K-mean clustering method
using mean monthly normalized data of precipitation and the vegetation cover fraction,
respectively. Then, for each sub-region of the wet/dry (active/non-active) map, a mathematical
equation is developed by employing the Symbolic Regression Method in which the dependent
variable is Standardized Aggregated Water Availability Index (or Standardized Aggregated
Vegetation Index) and independent variables are selected amongst individual drought indices
of the water content (or vegetation conditions) cluster. The final derived mathematical
equations have generally shown promising functionalities and accuracies, especially in

appropriately detecting the spatial trend of the extreme events.

As the methodology was developed using short in situ datasets, a sensitivity analysis has
been implemented to investigate the issues arising from this for the performance of DFDI. A
particular focus was put on the statistical characteristics of such data, specifically how the short-
term observations of the three focus sites compared against long-term model predictions. The



rationale behind this approach is that while ground observations are generally sparse both in
space and time, and satellite data are also often not covering sufficiently long periods, models
provide the only consistent long-term reference for climate-related studies. As an alternative,
short-term observations could potentially provide the same statistical characteristics as long-
term observations would. Thus, the 3-year dataset from the three OzFlux towers was compared
against a long-term dataset (1911-2016) from the AWAP in terms of both their stationary and
dynamic statistical characteristics. The results show that observations and model displayed
similar statistical features of long-term water conditions despite their different lengths,

suggesting that both may be used for validation purposes.
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Chapter 1

Introduction

1.1 Overview

Throughout this research, a set of advanced statistical methods are used in combination to
introduce a novel methodology to derive a more robust and generally applicable drought index,
enabling a more diversified investigation of the different aspects of water stress conditions
across a region or the world. The new index is able to determine the dominant drought type of
an area with respect to the current climate conditions and landuse situations (active/non-active
seasons) for any specific month. Multivariate methods such as the Independent Component
Analysis (ICA), symbolic regressions, and a new clustering methodology are the main
techniques applied to achieve this objective. In terms of data sources, in situ observations (i.e.
OzFlux tower and synoptic stations measurements), satellite data, and modelled data are
utilized to evaluate the performance of this new methodology across point (i.e. in locations of
some OzFlux tower sites) and spatial scales (across whole state of Victoria in Australia). This
study concludes with a sensitivity analysis of the new drought index to assess the effect a
dataset’s length has on the development of the statistical characteristics required for such an

index.

1.2 Importance and motivation of research

Australia is one of the driest countries in the world, consisting mostly of deserts and semi-
arid regions. According to the modified Kdppen climate classification (Peel et al. 2007), only
narrow band along the southern and eastern shoreline areas have humid or temperate weather
regimes effectively limiting where intensive agriculture can take place. Figure 1.1 illustrates
the modified Koppen climate classifications of Australia provided by the Bureau of

Meteorology (BoM). Given these extreme variations in climate regimes across the continent,
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Figure 1.1. Climate map of Australia, based on the Képpen climate classification calculated based
on a standard 30-year climatology from 1961 to 1990 (http://www.bom.gov.au/iwk/climate
zones/map _1.shtml).

most agricultural and livestock activities are concentrated within the south-east (Victoria and
southern parts of New South Wales) and south-west, due to their fertile soils and relatively

moderate temperatures.

Drought in Australia is a recurring and costly natural hazard which is defined by the
Australian Bureau of Meteorology (BoM) as rainfall over a three-month period being in the
lowest decile of what has been recorded for that region in the past. According to BoM records,
a severe drought has occurred in Australia on average once every 18 years (Anderson 2013).
In 2000, the most severe drought since settlement — known now as the millennium drought
(1997-2010) — was detected and continued until late 2009/early 2010, resulting in total drought
relief payments of AU$4.5 billion (Hobday and McDonald 2014). This drought was mainly
due to significant precipitation deficits in the south-east and south-west of Australia, where
most of the agricultural production is taking place. Figure 1.2 illustrates spatial clustering of


http://www.bom.gov.au/iwk/climate%20_zones/map%20_1.shtml
http://www.bom.gov.au/iwk/climate%20_zones/map%20_1.shtml
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Figure 1.2. Regionalizing Australia and specifically in south east regions (depicted by the red
rectangular) in terms of rainfall deciles for a 13-year period (1997-2009) using deciles calculated
based on data from 1900 to 2009 (Taken from SEACI 2011).

Australia in terms of precipitation deciles for a 13-year period (1997-2009) using deciles
calculated based on data from 1900 to 2009.

Water stress information is a crucial type of information in water resources management,
because it is the main input for water resources planning. Given its key role in decision making
processes, inaccurate and unreliable information can provide misleading information resulting
into management decisions that can intensify the water stress conditions of a region. Over the
past century, water stress and drought occurrences and also an increase in water consumption
across different sectors have been documented in Australia. This led to a significant concern
about the future of this country in terms of plant-available water, implicitly associating this
with food security and bushfire hazard prediction skills. In addition, the pressure on arable land
due to urbanization and climate change, as well as likely drier conditions and an increase in

future extreme events will render this precarious situation even worse.

In order to cope with the natural aspects of this problem, water stress and drought
assessments are of primary importance for water resources planning and management (DEPI
2009, FAO 2012). In fact, having sufficient and precise information can help authorities to
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mitigate the costs of water stress conditions. McColl and Young (2010) provided a list of
different policies and tools in managing drought and structural adjustments. They presented
that the current biophysical drought indicators, as input of drought (water stress) assessment
frameworks, are poor tools for detecting and forecasting purposes. They also suggested that the
water authorities have focused in the past more on financial assistance which can often do
“more harm than good”, rather than investing into the implementation of drought preparedness

to increase resilience.

Overall, this research has been motivated by the above issues to derive a more robust drought
or water stress indicator to provide sufficient, timely, and reliable information for water
resources planners and decision makers to mitigate and even possibly prevent the costs and
damages caused by such natural disasters.

1.3 Statement of research

Many governmental organizations in most parts of the world are required to increasingly
pay attention and divert funding to the growing threat of water stress. This has in the past been
very apparent in water-limited environments, nevertheless, there are indicators suggesting that
this will extend to all countries in the near future (Tsakiris et al. 2013). For instance, Australia
has overall sufficient water resources for its human and ecosystem requirements, except that its
water resources suffer from a spatio-temporal imbalance (NCEDA 2010) between its tropical
and semi-arid regions, and their respective population densities, with the added problem that
climate change is expected to decrease annual mean flows by 16 to 48 % by 2100 (Hennessy
et al. 2007). While water demand will increase at the same time, this will put an additional
strain on the existing water resources (Sahin et al. 2015). To mitigate the impact of the expected
water deficits as a consequence of droughts, accurate and reliable spatio-temporal monitoring
of water stress conditions is essential for water resources management and planning (Mu et al.
2013).

From a meteor-climatological point of view, the identification and measurement of droughts
and water stress conditions is more complex than for other natural hazards, such as floods or
storms, especially since drought and water stresses for an area are concepts largely based on
deviations from historical conditions. Droughts and water stress conditions, however, can be
slowly developing processes and their transition may last longer than other natural, short-term
disasters (Logar and van den Bergh 2013). In terms of available data for evaluations, in-situ

observations, satellite data, and modelled data are the three main data sources, though they
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come with their own limitations. For instance, due to the small number of stations and flux
towers, useful in situ observations that can be employed for analyses are sparse in space and
time. In contrast, the volume of modelled data is usually adequate for assessments, but not all
that reliable due to model and forcing uncertainties. Satellite data can be available for any place
in the world, even remote regions, however the presence of a variety of errors such as
atmospheric interferences (i.e. during cloudy days) can be a considerable issue. Moreover,
satellites only see a snapshot of the surface at any given time without any ability to forecast the

conditions into the future without the use of a complex model framework.

In order to tackle those issues, drought indices have been derived and applied to detect,
evaluate, and ultimately mitigate the impact of water stress conditions (AghaKouchak et al.
2015). A variety of drought indices have been introduced and developed subject to different
factors and situations, such as data availability (quality-quantity), user expertise, required
accuracy, and accessibility to sufficient hardware and software (Kousari et al. 2014). However,
these indices often have deficiencies such as arbitrary metrics, lack of historic data, statistical
inconsistencies, non-practicality, complexity, and non-comparability (Steinemann et al. 2015).
In the recent past, it was repeatedly shown that a single drought index (SDI) is not adequate for
consistently monitoring and identifying water stress conditions (Smakhtin and Hughes 2007)
and that information from various drought indices needs to be considered simultaneously (Hao
and Singh 2015). To achieve this aim, two main approaches have been taken into consideration
here: i) framework-based indices (Sheffield et al. 2014, Steinemann et al. 2015, Wood et al.
2015, Mehran et al. 2015), and ii) multi-index drought models (MIDMs) (AghaKouchak et al.
2015).

The main goal of this thesis is to assess and evaluate the water stress and drought conditions
via developing a more robust and reliable methodology based on multi-index drought models.
The developed methodology will be able to appropriately respond to varying types of droughts
in different regions of the world, subject to a wide range of climate conditions and
landuse/landcover situations. Moreover, the proposed methodology will be easily transferable

into simple mathematical functions, for its application across different types of industries.

1.4 Objectives and scope of research
The main questions addressed throughout this research are as follows:
1- To which hydroclimatic variables, as well as what type of data are the different drought types

most sensitive to, and which of those should be chosen for an advanced system?
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Hypothesis: The chosen hydroclimatic variables should cover the main elements of the
hydrological cycle such as water availability and water stress based vegetation conditions.
Therefore, the considered in-situ and satellite products should be able to provide reliable and
accurate data for deriving individual drought indices based on the abovementioned
hydroclimatic variables. It is assumed that a combination of such individual drought indices
can convey better information for the development of a new combination based drought

index than each single one alone.

2- Which statistical methods are more robust/reliable when evaluating and comparing drought
indices?

Hypothesis 2: Through the employment of cluster analyses, as well as making use of
multivariate methods (e.g. factor analysis, and independent component analysis) it will be
possible to identify previously unknown statistical and probabilistic characteristics of a set

of variables, and determine their similarities with each other.

3- Is there any methodology to combine individual drought indices to derive a more
comprehensive one?

Hypothesis 3: By considering the dominant drought types for each single month for an area
with a specified landuse situation, it will be possible to merge information from several
drought indices to derive a new drought index which can be more reliable and

comprehensive than a single common one.

4- Can a single mathematical function describe the water stress conditions adequately, drawing
on individual information from other drought indices?

Hypothesis 4: Using optimization algorithms based on genetic programming, it is possible to
derive the best explicit mathematical equations between the chosen single drought indices

and combination based drought index for a specific area.

Considering the research questions, this research falls into the category of monitoring a
terrestrial ecosystem in terms of water stress conditions. The main purpose is to develop a new
methodology to address available shortcomings in evaluating drought (water stress) conditions.
The proposed methodology will be able to monitor water stress conditions of such ecosystems
by objectively linking different aspects of the system, such as water availability and vegetation
conditions. The developed methodology will make use of advanced statistical methods (i.e.
multivariate methods such as independent components analysis), and also considers the eco-

meteorological characteristics (i.e. landuse, land-cover, and climate) of an area to determine
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the water stress conditions at each time step.

1.5 Outline of research

The project consists of three progressive parts. First, an appropriate set of single drought
indices will be derived at a weekly temporal resolution for the Riggs Creek OzFluz tower site,
and then comparatively evaluated with statistical methods commonly utilized in drought and
water stress assessments. This includes the development of a new approach to comprehensively
cluster those single, previously incompatible drought indices. Secondly, the new methodology
will be applied to data collected at the three individual sites across different climate regimes
(Riggs Creek: Temperate, Howards Springs: Tropical, and Alice Springs: Grassland) as a
proof-of-concept study and subsequently compared with common single drought indices
derived for those locations. The selection of these three sites ensures that the performance of
the new methodology is being tested across different locations with a variety of climate
conditions and landuse/landcover scenarios. Thirdly, the new methodology will be extended
from single points to spatial scale for the state of Victoria in Australia, and the results assessed
for a selection of weeks covering different seasons. Similar to the second part, the results
derived from the new methodology will be compared to commonly used drought indices to
evaluate the new indicator’s accuracy and reliability in a spatial context. Finally, a sensitivity
analysis of the proposed drought index will be undertaken to study the impact of time series
length on the reliability and stability of the index.

The main research tasks completed are as follows:

a) Compiling and quality controlling an hourly database consisting of the required
hydrometeorological data from different data sources such as in-situ observations, satellite
data/information, and estimated data from global models;

b) Implementing quality control of hydrometeorological data and filling probable gaps by
using linear/nonlinear regression methods;

c¢) Providing weekly time series for an appropriate set of common drought (water stress)
indices;

d) Clustering common drought indices to select the two groups which include water
availability and vegetation conditions based indices;

e) Aggregating the indices that fall into each of the two clusters (formed at the previous step)
by making the use of multivariate methods;

f) Deriving the final weekly proposed drought index by integrating the two aggregated
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indices;

g) Demonstrating the efficiency of the developed methodology on three single sites (three

OzFlux tower sites) in Australia as well as spatially across the state of Victoria in Australia.

h) Implementing a sensitivity analysis over the performance of proposed drought index to the

length of observations by making use of long-term modelled data.

1.6 Structure of thesis

In addition to the Introduction chapter, six more chapters form the structure of this thesis as

follows:

Chapter 2: Literature review

This part consists of common approaches which have been introduced and
applied in water stress evaluations. Moreover, it covers information over a
wide range of common and state-of-the-art drought indices and also a
discussion over their strengths and limitations. Finally, knowledge gaps and
methodological development are explained.

Chapter 3: Statistical analysis of short-term water stress conditions at the Riggs Creek

Chapter 4:

OzFlux Tower Site using previously introduced drought indices

Within this chapter, the most common statistics-based methods to compare
previously introduced drought indices are explained, followed by a new
approach for clustering drought indices. Later, all methods are applied to
compare their drought indices at the Riggs Creeks OzFlux tower site at a
weekly temporal resolution. The results of this chapter are also presented in
form of a journal paper as follows:

e Azmi, M., Rudiger, C., Walker, J. (2016) Statistical analysis of short-
term water stress conditions at Riggs Creek OzFlux tower site.
Theoretical and Applied Climatology. DOI 10.1007/s00704-016-
1901-z.

Developing a new data fusion based drought index

Within this chapter, new proposed methodology is elaborated and then
implemented over three case study areas of Riggs Creek, Howards Springs,
and Alice Springs OzFlux tower sites. The weekly results are then compared

to commonly used drought indices to examine the performance of the new
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index. The results of this chapter is also presented in form of a journal paper

as follows:

e Azmi, M., Rudiger, C., Walker, J. (2016) A data fusion-based drought
index. Water Resources Research, 52: 2222-2239, DOI:10.1002/2015
WRO017834.

Chapter 5: Spatial monitoring of weekly water stress conditions in Victoria, Australia,
using the DFDI
Here, the methodology proposed in the previous chapters is developed from
a single point scale to a coarser spatial scale. The method is then applied to
assess the water stress conditions across the state of Victoria in Australia at a
weekly temporal resolution. Similar to the previous chapter, the results
derived from the proposed methodology are compared with the commonly
used drought indices. The results of this chapter are also presented in form of
a journal paper as follows:
e Azmi, M., Ridiger, C., Walker, J. Spatial monitoring of weekly water
stress in Victoria, Australia. Water Resources Management. Under

Review.

Chapter 6: Comparative evaluations of short-term OzFlux tower observations and long-
term AWAP data in weekly water stress monitoring
To identify whether the use of a short-term dataset has negatively affected
the quality of the new index, the statistical static (i.e. quartiles) and dynamic
(i.e. correlations) characteristics of the proposed drought index are derived
from short-term observations and long-term modelled data and those are
compared with each other. First, the differences and similarities in the
statistical characteristics of the short-term observations and the long-term
modelled data are discussed, and then the modelled data are employed to
derive the time series of the proposed drought index for the locations of the
three OzFlux tower sites introduced in Chapter 4. The time series of the
proposed drought index derived from the long-term modelled data is
evaluated against the time series derived in Chapter 2. The results of this
chapter is also presented in form of a journal paper as follows:

e Azmi, M., Rudiger, C., Smith, A.B., Walker, J. Comparative evaluations
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of short-term OzFlux tower observations and long-term AWAP data in
weekly water stress monitoring. Geophysical Research Letters. Under

Review.

Chapter 7: Conclusions and future recommendations
This chapter elaborates the findings and conclusions of this research and

outlines a range of recommendations for future directions and work.



Chapter 2

Literature Review

2.1 Overview

Throughout this literature review, background information on drought and water stress
related issues will be presented, followed by identifying the significance of research in water
stress monitoring with a particular focus on Australia. This is further underlined by discussing
the key motivations for introducing a new index to more comprehensively evaluate the water
stress conditions in a specific region, rather than applying state-of-the-art approaches. At first,
the current methods to determine drought and water stress conditions are explained, again
within an Australian context. This is followed by an elaboration of the most commonly used
drought indices, as well as their capabilities and deficits. Ultimately, the knowledge gaps and
required future research are identified and highlighted.

2.2 Approaches to identify and address water stress and drought conditions

Ecosystem response to global and regional climate changes due to the influence of these
deriving forces on the water availability and surface air temperature. This is mainly due the
relationship between the vegetation activities, vegetation water consumption, and available
energy in form of air temperature in an ecosystem. Seddon et al. (2016) stated that at a global
scale, terrestrial ecosystems located in different regions respond to changes in water and energy
conditions in various ways. Therefore, one of the remaining issues in hydrometeorological
research is to identify the sensitivity and resilience of an ecosystem to the changes of water and

energy conditions; which indirectly can impact on human well-being (Seddon et al. 2016).

Water stress directly and significantly affects water systems and terrestrial ecosystems. In
addition, the processes to identify, measure, and quantify those events is more difficult and

complex than for other natural hazards, such as floods or storms, due to their unique features



Chapter 2: Literature Review Page 2-2

(Logar and van den Bergh 2013), which can vary significantly between regions. For instance,
drought and water stress concepts are relative, depending on deviations from historical
conditions in a certain area. They are known as creeping phenomena, the onset and ending
thresholds are blurred, and usually last longer than other natural disasters (Logar and van den
Bergh 2013). While a variety of definitions and explanations have been presented to date, it
can be stated that water scarcity due to insufficient precipitation (as the main input element of
a water system) and or high water consumptions (i.e. evapotranspiration and human related

consumptions) are likely among the most accessible definitions (Barua 2010).

Water stress conditions in an ecosystem can be defined as a short-term (i.e. daily, weekly),
sustained and regionally extensive occurrence of below average natural water availability.
Moreover, in case of severe water stress conditions over a long period of time (i.e. monthly to
seasonal, or beyond), this natural phenomenon is defined as a drought condition (Svoboda et
al. 2002, Tallaksen and van Lanen 2004, Svoboda et al. 2015).

According to Wilhite (2005), there are four main types of drought: i) hydrological droughts
occur when the quantity of surface and ground water is less than during average historical
conditions; ii) meteorological droughts are related to an insufficient quantity of precipitation;
iii) ecological/agricultural droughts focus on the deficit of soil moisture and the available water
inside the plants for evapotranspiration and physiological activities; and iv) socio-economic
droughts are known as water shortages which affect the health, well-being, and general quality

of life of humans.

The above drought types may occur at different times, i.e. there may be time lags between
their occurrences. Rasmusson et al. (1993) showed that the presence of insufficient
precipitation (meteorological drought) in a specific area for a period of time can lead to the
sharp oscillation of the soil water content (agricultural drought), later impact on streamflow
(hydrological drought), and eventually on groundwater contents (Figure 2.1) become
observable. The result of long-term severe meteorological, hydrological and agricultural
droughts in a region leads to socio-economic drought which can cause social disasters such as

health issues and mandatory migrations.

Half of the Earth’s terrestrial surfaces are susceptible to water stress and drought conditions
(Kogan 1997, Mishra and Singh 2010) and unfortunately almost all of the major agricultural
lands are located in those areas (USDA 1994). It has been extensively shown that amongst all

natural disasters that happened in the 20™" century, water stress and droughts have been the most
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Figure 2.1 Time lags between different elements of a water system affected by a drought condition

(Taken from Rasmusson et al. 1993).

costly and damaging (Bruce 1994, Environmental Canada 2004, Cook et al 2007). For instance,
the impact of a national scale drought in the USA in 1988 has been assessed at around US$ 40
billion, which is 2 to 3 times greater than the loss caused by the 1989 San Francisco earthquake
(Riebsame et al. 1990). In another example, since 1991, the annual economic impact of
droughts and water stress in Europe has been €5.3 billion, with the economic damage of the

2003 drought in Europe amounting to at least €8.7 billion (European Commission 2007).
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Australia’s environment has become increasingly susceptible and vulnerable to water stress
conditions and from 1995 to 2009 suffered through some of the most extreme drought
conditions since European settlement (Gallant et al. 2013). The profound impacts of the
mentioned drought period became evident at various temporal and spatial scales across most
parts of southern and eastern Australia (Risbey 2011). For instance, the 2006 drought alone
reduced the national winter cereal crop by 36% which cost around AU$ 3.5 billion. Over the
past decades, a variety of methodologies, approaches, and policies have been introduced and
applied to mitigate and even prevent such costs, however, direct impacts and side effects of this

phenomenon shows the necessity of more research in this field of study.

Despite early research showing the need for pro-active measures, the Australian
government’s response has generally been reactive (Bond et al. 2008), which essentially led to
an accumulation of a significant amount of cost for drought relief payments. For instance, such
payments for the 1992-1999 period were around AU$100 million per year (DoE&H 2001b).
Furthermore, the direct loss of agricultural production and financial assistance for the 2002 and
2006 droughts totalled AU$ 7.36 billion and AU$ 6.2 billion, respectively (ABS 2004, ABARE
2006). Being prepared for such drought conditions is essential to reducing costs, as some of
those are preventable, or at least can be mitigated, if there were adequate measures in place.
However, to achieve this, a drought prediction framework needs to be in place that consistently

and comprehensively describes both water and vegetation conditions.

A number of studies in Australia (Meinke and Hochman 2000, Everingham et al. 2002,
Meinke and Stone 2005) have shown that drought prediction systems may give clear indications
to agricultural decision makers on a potential drought’s severity and impact, even when
considering the difficulties and uncertainties of predicting weather and climate conditions.
However, more accurate and reliable information is still needed to prepare for droughts and to
decrease costs and mitigate negative impacts as a consequence. This shortcoming underlines
the need for a proactive management approach including an accurate high-resolution prediction
system in Australia. This system should be able to provide tools to decision makers to at least
mitigate, if not prevent, the direct consequences of severe droughts on the Australian ecosystem

and also their negative side effects on the economy (Bond et al. 2008, Mu et al. 2013).

The core of each drought monitoring/prediction system are indicators such as a drought
index (DI), which theoretically should be able to detect, evaluate, and ultimately help to

mitigate impacts of waters stress conditions in an area (AghaKouchak et al. 2015). The different
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variables of a DI often describe the water stress conditions of an area. A DI is generally derived
based either on a single or a set of hydroclimatic variables. Depending on the objective of a
specific drought study, different DIs may be introduced and applied (Hayes et al. 2012). As a
general rule, an ideal DI should be able to represent all different aspects of a drought (or water
stress) event in a given location as precisely and accurately as possible. Conversely, an
inappropriate DI provides insufficient and sometimes incorrect information, which may lead to
misinterpretations of the real water stress conditions (Kiem et al. 2016, Van Loon 2015, Van
Loon et al. 2016a , 2016b).

In addition to in situ observations and also satellite information, significant amounts of
money are spent annually in Australia on a variety of local data collection efforts such as flux
towers. Nonetheless, monitoring and forecasting water stress and drought conditions are still
mainly investigated based on meteorological variables, such as precipitation, which does not
provide sufficient integrating information to comprehensively evaluate the terrestrial
ecosystems (Mpelasok et al. 2008, Risbey 2011), as it does not provide any direct information
on the vegetation state or lower soil moisture contents. Thus, the information provided to water
resource managers has been of limited use (Wilhite 2000). Consequently, the main motivation
of the current research is to introduce a new and more robust methodology to evaluate weekly
water stress conditions of the terrestrial ecosystems in Australia, making use of a range of

observations covering hydrology and plant-physiology.

2.3 Water stress and drought indices

A variety of DIs have been introduced and applied in drought monitoring and forecasting
systems since the 1950s. Those Dls are either based on a single or an incorporation of a range
of hydrometeorological variables, however describe mostly very specific conditions. A review

of the most common indices is presented in the sections below.

2.3.1 Precipitation based Dls
In the early 1950s, Kohler and Linsley (1951) and also recently Crow and Ryu (2009)
introduced and applied the Antecedent Precipitation Index (API) as an indicator for flood and

drought evaluations, which is expressed as

AP| = Z Pk, (2.1)

t=—1
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where i is the number of preceding days, P is the amount of precipitation during day t, and k is
a decay constant which can range from 0.80 to 0.98, as a function of the soil and general

climatic conditions, but which is usually set to 0.9, as suggested by Heggen (2001).

Later, Gibbs and Maher (1967) proposed the Percent of Average (PA) rainfall (runoff or
streamflow) as an applicable DI, where the actual precipitation (runoff) for a given period is
divided by the historical average of the considered variable. Obviously, “simplicity” and “easy
to measure” are the main strengths of this DI. However, this index is independent from other
environmental and ecological factors and does not consider seasonal differences in real water
consumptions (i.e. actual evapotranspiration), which can lead to misinterpretation in the water

stress conditions in different locations.

The Deciles Index is a more complete version of PA (Gibbs and Maher 1967) and is
commonly used in Australia to evaluate meteorological drought conditions. To derive this
indicator, the distribution of occurrences over a long-term precipitation (runoff) record are
divided into tenths of its distribution. The scale of the Decile Index is from 1 to 10, for which
extreme droughts are located in the top 10%-20%. Although, the PA and Deciles Index have
similar merits, in order to have accurate evaluations a long data record along with local
hydrometeorological observations is required, as well as precise frequency distributions.
Ignoring those can lead to a reduction in the accuracy and reliability of the water stress

evaluations of an area.

The Standardized Precipitation Index (SPI) (McKee et al. 1993, McKee and Edwards 1997)
is the most widely applied precipitation-based DI due to the data availability of its input variable
(precipitation), compatibility with different timescales, comparability across different regions,
and the simplicity of its calculation. To create a time series of SPI for a specific area, the long-
term precipitation record is fitted to a probability distribution (generally the Gamma
distribution), which is then transformed into a standard Gaussian distribution. Similar to PA,
beside the requirement of the long record, the main shortcoming of SP1 is neglecting ecological
and landuse conditions, and also water consumption of a terrestrial ecosystem during the
process of water stress evaluations (Kallis 2008). In other words, evaluating real water
requirements of a system only based on the input factors (i.e. precipitation, snow) can lead to
misjudgements in water resources planning. This drawback has persuaded researchers to follow
models and indices which are on the basis of the water balance in an ecosystem.
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2.3.2 Water balance model-based Dls
The most common DlIs derived from water balance models are the Palmer Drought Severity
Index (PDSI) (Palmer 1965), and Crop Moisture Index (CMI) (Palmer 1968), as discussed

below.

The PDSI was initially developed based on a two-layer soil water balance model to estimate
the plant available water, subject to the inputs of temperature, precipitation, and water content
of the soil for a specific time scale. On a monthly scale, PDSI can be computed via the
comparison between actual monthly precipitation and the desirable precipitation which can
sustain a normal climatological condition in a region (Z). Finally, the value of PDSI for the it"

time step can be determined as follows
PDSIi=0.897xPDSl;.1+0.333xZ; , (2.2)

where the weights of 0.897 and 0.333 are “duration factors” which have been empirically
derived based on the original study areas in central lowa and western Kansas, in the USA. This
means that Equation 2.2 can only be utilized in regions similar to the above areas in terms of
landuse, dominant vegetation, and climate conditions. To apply the PDSI across different
regions of the world, the above coefficients should be re-calculated to have a consistency
between the model and the conditions of an area (self-calibrating PDSI; Wells et al. 2004).
While PDSI is one of the most commonly used DIs on a global scale, the original methodology
of this index does not work appropriately in mountainous and snow covered areas (Burke et al.
2006).

Finally, the CMI was introduced based on an experimental framework for short-term
drought evaluations (i.e. weekly) across crop-producing regions. The CMI is the summation of
the evapotranspiration anomalies and the wetness indicator (which is based on soil moisture).
The CMI values are always equal or greater than zero, and are at or near zero at the start of a
growing season, while increasing depending on the water stress conditions of an area. The main
limitation of this index is its inappropriate performance during long-term drought (water stress)
conditions (Hayes 2000). In fact, the CMI tends to rapidly respond to changes in short-term
conditions which provides misleading information about long-term situations. For instance, an
unexpected, significant rainfall event lasting for a few of days during a 5-year drought period
can result in the CMI values to indicate wet conditions for a 2-week period, while the actual

long-term drought in that location still persists.
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2.3.3 Surface water based Dls

As mentioned above, the PDSI was developed based on the difference between actual
monthly precipitation and the desirable precipitation, and was originally meant for regions
where local precipitation events were the sole or primary sources of the landscape moisture.
However, in mountainous regions, such as Colorado in the western United States, where the
main sustainable water resources are in the rivers and reservoirs, the PDSI cannot reflect the
water stress conditions appropriately. Therefore, the Surface Water Supply Index (SWSI)
(Shafer and Dezman 1982) with a range between -4.2 and 4.2, based on the combination of four
hydro-climatological variables of snow water content, streamflow, rainfall, and storage
reservoir volume was developed. It is worth noting that during the summer, streamflow replaces

the snow water content.

The SWSI equation is expressed as:

[(@axP(rs)+bxP(sf or sn)+cxP(pr))-50]
12 ’

SWSI =

(2.3)

where, P represents the non-exceedance probability (%) of historical records of reservoir
storage (rs), streamflow (sf), snowpack (sn) and precipitation (pr). The parameters of a, b and
c are coefficients that determine the contribution of that component to surface water resources,
but which are specified subjectively. The limitation of the SWSI is that its results and processes
are quite subjective and depend on the regional conditions and the experience of the user.
Moreover, in case of adding new stations and or changing water resources policies, the entire

algorithm must be re-formulated.

One of the main elements of the SWSI is the snow water content, which plays a significant
role in regions such as northern Europe where snow is a significant contributor to the water
resources in the form of snowmelt. A deficit in the winter snowpack potentially leads to

hydrological, and consequently, agricultural droughts in spring and summer.

2.3.4 Soil moisture-based DIs
The first introduced soil moisture-based drought index was the Keetch-Byram Drought
Index (KBDI) (Keetch and Byram 1968). However, originally developed for fire potential
assessments, the KBDI essentially measures the amount of precipitation necessary to return the

soil to its field capacity. The original KBDI ranges from zero (completely saturated) to 800
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units (wilting point for vegetation) which is indicative of the moisture regime ranging from
zero to ~20cm (eight inches in the original document) of the top soil layer. KBDI is in fact an
empirical approximation of soil moisture using maximum daily temperature, total daily
precipitation and average annual precipitation, and was developed based on the climate and
landuse conditions of various regions in the USA. However, it has been used for other parts of
the world without any re-calibrations through which associated errors are inevitable (Ganatsas
etal. 2011).

Two more soil moisture-based Dls are the Standardized Soil Moisture Index (SSMI) (Hao
and AghaKouchak 2013) and the Soil Moisture Percentile (SMP) (Wang et al. 2009). Time
series of these two Dls are calculated similarly to the algorithm used for the SPI. The soil
moisture observations as inputs to these DIs can be obtained from in situ observations, land
surface model simulations, or satellite estimations (Wang and Qu 2009). The main limitation
of soil moisture-based indices is the lack of sufficient and reliable datasets (either spatially or
temporally sparse), as satellites are generally providing low-resolution data, and in situ stations
are mere point measurements and may not be representative of the surrounding areas (Yee et
al. 2016).

Another issue with this type of indices is that they only consider the water content in top soil
layer (usually to the depth of 1 m) which necessarily cannot be as representative of water stress
in an area. For instance, if a region with landuse of forest has relatively light soil texture, the
water easily percolates into deeper layers. In this case, soil moisture based indices detect water
stress conditions at top layers, however, the terrestrial ecosystem has sufficient water content

to be taken up by the roots of trees.

Considering the abovementioned limitations, researchers have found a tendency towards
employing soil moisture indices as auxiliary indicators to evaluate and even validate the
behaviour of newly developed DlIs. For instance, Sur et al. (2015) recently considered a
satellite-based soil moisture index as a reference to validate the monthly performance of two
new DlIs across the Korean peninsula: an energy-based water deficit index, and the standalone
Moderate Resolution Imaging Spectroradiometer-based evaporative stress index. The results
showed a moderate linear correlation between the soil moisture behaviour and the two other
developed Dls. They finally stated that due to the uncertainties and errors of satellite data and
also the complexities of the process of deriving the proposed satellite based Dls, the two
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proposed indices may only be valuable for monthly, regional water stress monitoring when the

climate data are not available or are sparsely distributed.

2.3.5 Evaporation-precipitation-based Dls

In addition to soil moisture as an input variable to calculate DIs, evapotranspiration is an
effective element of the water and energy cycles, reflecting mass and energy exchange between
ecosystems and the atmosphere (Wang and Dickinson 2012). Amongst a number of
evapotranspiration-based DlIs, the Crop Water Stress Index (CWSI) (Jackson et al. 1981) and
Evaporative Stress Index (ESI) (Anderson et al. 2013) are two of the most commonly used
water stress indicators. The CWSI is calculated based on the ratio of the actual ET (AET) to
the potential ET (PET) expressed as

cwsi —1- AET (2.4)
PET

The PET depends on climate conditions of a region, however, AET reflects the actual water
consumptions of a region’s dominant vegetation. Therefore, two locations with the same
climate condition (same PET), yet with a different landcover (different AET) would have
different thresholds for CWSI. To address the mentioned issue, CWSI is transformed into a

normalized index called ESI expressed as

(AETJ _(AET]
£ _\PET); \PET ),

o

, (2.5)

AET ) . . _— . o
where PET is the ratio of actual evapotranspiration to potential evapotranspiration at month

i, the subscript mmi refers to the monthly mean of this ratio for month i; and ¢ is the standard

deviation of all its values for month i.

Furthermore, Tsakiris et al. (2007) introduced the Reconnaissance Drought Index (RDI) for

a given month (k) of a year expressed as:

P

K
I
i=1
K 1

D PET,

i=1

e = (2.6)
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where Pj and PET; are precipitation and potential evapotranspiration for month i, respectively,
and k can be determined at 3, 6, 9 or 12 (months) intervals. In case of choosing k equal to 12,
the RDI would be equivalent to the Aridity Index defined by the Food and Agriculture
Organization (FAO) (Tsakiris et al. 2007).

The Standardized Precipitation Evapotranspiration Index (SPEI) was developed as a multi-
scalar drought index, which is based on the standardized difference (D) between monthly
precipitation and potential evapotranspiration (Vicente-Serrano et al. 2010). The process of
standardizing D is similar to what is required for the SPI (see section 2.3.1). Considering the
fact that RDI and SPEI do not use actual ET, their input data can appropriately be provided

either from satellite-retrieved air temperature data (Dalezios et al. 2012) or in-situ observations.

The DlIs of this category are derived based on fixed mathematical equations linking
precipitation and evapotranspiration variables. However, they have been used primarily for
water stress detection, and due to the lack of a variety of hydrometeorological variables from
different drought types (soil moisture from agricultural drought type or surface water from
hydrological drought type), they cannot be regarded as comprehensive indices.

2.3.6 Groundwater and terrestrial water storage-based DIs

Because of existing complexities in evaluating water storage across a terrestrial ecosystem,
including aquifers, only a few drought indices such as the Terrestrial Water Storage (TWS)
have been proposed and applied to assess an integrated measure of water availability. TWS is
based on the combination of land-surface models with the Gravity Recovery and Climate
Experiment (GRACE) data (Rodell and Famiglietti 2002). TWS provides anomalies in the total
water column, consisting of groundwater, moisture stored in vegetation, soil moisture, surface
water, and snow/ice (Rodell 2012). Having TWS, groundwater changes can then be

approximated via a balance model of
AG = ATWS —ASM — ASWE , (2.7)

where A represents changes to a variable; and SM and SWE represent soil moisture and snow
water equivalent, respectively (Rodell et al. 2007). The GRACE-based data and information
have been utilized for drought monitoring over different regions, including the Canadian Prairie
(Yirdaw et al. 2008), Australia (Leblanc et al. 2009, vanDijk et al. 2013), the Amazon River
basin (Chen et al. 2009), and western and central Europe (Li et al. 2012). Also, for the 2011



Chapter 2: Literature Review Page 2-12

Texas drought, Long et al. (2013) found that TWS was a valuable index in water stress and

drought monitoring.

Nevertheless, the main shortcomings of this index are the limited period of data (since 2002),
as well as their coarse temporal (~30 days) and spatial resolution (>150000 km?; Houborg et
al. 2012). Using data with low spatio-temporal resolutions may lead to a loss of information
over an area, as it integrates the positive and negative anomalies over time, essentially ignoring
the natural complexities of the underlying geographical and landcover features within a
terrestrial ecosystem. In turn, this may result in errors in the final interpretation due to an
imprecise picture of the real conditions. In order to circumvent those problems, data
assimilation methods have been shown to result in acceptable scales (Zaitchik et al. 2008,
Thomas et al. 2014). The downscaled data can then be used as input to local water stress

monitoring and forecasting systems for water resources and agricultural water managements.

2.3.7 Vegetation-based DlIs
Vegetation-based DIs can usually evaluate ecological and health situations of vegetation in
aregion affected by water stress conditions (Nemani et al. 2009). However, the main drawbacks
of these indices are during cold seasons when vegetation is dormant, or because of extensive
cloud cover during rainy seasons, when the surface is obscured. Also, external factors such as
crop maturity or senescence, which may be unrelated to hydrological conditions, may
significantly influence vegetation indices (Kallis 2008).

The Normalized Difference Water Index (NDWI) (Gao 1996) is a satellite-derived index
from the Near-Infrared (NIR-MODIS Band 2) and Short Wave Infrared (SWIR- MODIS Band
6) channels and can be derived from instruments on satellites such as Terra/Aqua and Landsat.
Sentinel-2 and others. This index can be a good indicator in retrieving the vegetation water
content (Ceccato et al. 2001) and has a negative correlation with leaf water content (Tucker
1980). NDW!I can be expressed as

NIR —SWIR (2.8)

NDWI = ——,
NIR + SWIR

The main limitations of NDW!1 are the effects of soil background for partially vegetated
covers and also snow cover on the accuracy of the NDWI’s results (Gao 1996, Ceccato et al.
2001). AS mentioned above, other factors can cause a decrease in NDWI, either due to changes

in land cover or the impact of pests and diseases, which all can be responsible for large
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variations of NDW!I. The latter issue would also be true for other vegetation-based drought

indices.

The Normalized Difference Vegetation Index (NDVI) introduced by Rouse et al. (1974) is
one of the most applied vegetation based DI. The NDVI utilizes spectral measurements to detect
greenness and health of the plants, indicating a sufficient level of plant-available water for
evapotranspiration (Karnieli et al. 2010). Therefore, this index can implicitly represent the
water stress conditions of vegetation in a terrestrial ecosystem and is expressed as

NIR -VIS

NDVI = ———,
NIR +VIS

(2.9)
where VIS is the spectral reflectance measurements acquired in the visible (Red) regions
(MODIS band 1). However, for high NDV1 values, it tends to saturate and therefore detailed

information on the vegetation is not accessible anymore.

Some other vegetation-based DIs were subsequently derived from the original NDVI, with
the most common including the Vegetation Condition Index (Kogan and Sullivan 1993),
Temperature Condition Index (TCI) (Kogan 1995), Vegetation Health Index (VHI) (Kogan
1995), Standardized Vegetation Index (SVI) (Park et al. 2008), and Perpendicular Vegetation
Index (PDI) (Ghulam et al. 2007).

For instance, the value of SVI for time i can be calculated based on transferring the NDV1I’s

values into Z scores as follows:

svi, = NDVI, = NDVI,,, (2.10)

(o2

where NDVlave and o are the mean and standard deviation of a NDVI time series, respectively.

The VCI is a standardized form of the NDVI in which

NDVI, - NDVI .
VCI, = , (2.11)
NDVI__ +NDVI

where NDVI; is the value of NDVI at the i time step (and or grid point); while NDVImax and
NDVImin are the maximum and minimum NDVI for a given time series (and or grid points),
respectively. However, this is not easily applicable for northern hemisphere vegetation types,

where leaves are often shed from trees.
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The TCI applies an equation similar to that used for the VCI using brightness temperature
(Tb) reflected from the surface as follows:
Tb . —Th
TCI =100 x —™& —— 2.12
Tbmax _Tbmin ( )
where Tbmax and Tbmin are the maximum and minimum brightness temperature (MODIS Band

4) for a given time series (and or grid point), respectively.
Further, a linear regression of VCI and TCI leads to deriving

VHI = axVCI + (l—a)xTCI , (2.13)

where « refers to the relative contribution of the VCI and TCI, and which is determined subject
to an expert’s understanding and knowledge of the ecosystem. Similar to the NDVI, a weekly
time series of VHI can be utilized for short-term water stress monitoring in different regions
(Seiler et al. 1998, Kogan 2001).

The TCI and VHI were initially derived based on a hypothesis that increasing temperatures
negatively affect vegetation activity and increase the water stress inside the vegetation.
However, Karnieli et al. (2006) showed that for high latitude regions of the Northern
hemisphere, in that case Mongolia, rising temperature positively influences the vegetation
physiological activities, because of the predominantly cold climate. Therefore, the VHI values
should be interpreted with caution in such regions, as the optimal temperature range for gross
primary production is unlikely to be exceeded and plant water is generally available. This shows
the lack of adaptability of VHI and TCI as individual indices.

As a further development, the PDI uses a regression model between spectral measurements

to determine water stress conditions in an area expressed as:

PDI =— 1 (VIS + M xNIF). (2.14)

VM2 +1
where VIS and NIF are visible (MODIS band 1) and near infrared (MODIS band 2) reflectance
measurements, respectively; and M is the slope of the soil line (line connecting B and C in
Figure 2.2) in a NIR-VIS spectral feature space. The values of PDI range from 0 to 1, with
larger values representing higher water stress. Nevertheless, the comparative results of PDI
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with ground evidences show that this index is found to lack accuracy over densely vegetated
fields such as pastures and agricultural fields (Ghulam et al. 2008). Moreover, the index
assumes land cover and soil types are homogeneous across the satellite image in the area of

study (Ghulam et al. 2008), which is not always certain.

2.3.8 Combination- and aggregation-based DIs
There are a variety of studies (Wilhite 2000, Hao and Aghakouchak 2013, AghaKouchak et
al. 2015, Hao and Singh 2015) which have indicated that no single DI can perform appropriately
in all circumstances, and that most individual DIs cannot comprehensively evaluate the water

stress conditions of a single terrestrial ecosystem.

To overcome these drawbacks, a number of studies suggested to make use of combination
and aggregation approaches to derive new Dls, ultimately leading to more accurate and reliable
indices than individual DlIs alone (Keyantash and Dracup 2004, Balint and Mutua 2011, Barua
etal. 2012, Zhang and Jia 2013, Li et al. 2014). The main aim of these approaches is to develop
an inclusive DI that is more accurate and reliable than the individual DIs. Some of the most

common combination- and aggregation-based DlIs are presented below.
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1- Blending objective and subjective indices

This method blends objective indicators with subjective information from local
experts/institutes to develop more comprehensive indices. The two most applied models based
on this method are the U.S. Drought Monitor (USDM) (Svoboda et al. 2002) and the North
American Drought Monitor (NADM) (Lawrimore et al. 2002). The NADM is a continent-scale
program to cover Canada, Mexico, and the continental USA, whereas the USDM focusses

almost entirely on the USA.

The USDM project commenced in 1999 with the goal of spatial, weekly monitoring and
tracking of water stress conditions across the USA by benefitting from various types of
information and data. It consists of water stress indicators/proxies, regional and local climatic

observations, water expert opinions across the country, and the output of numerical models.

After integrating all information and data, the USDM bins the outcome into one of five
drought categories, including abnormally dry (D0O), moderate drought (D1), severe drought
(D2), extreme drought (D3), and exceptional drought (D4). The methodology of categorization
is on the basis of a percentiles concepts for which DO, D1, D2, D3, and D4 correspond to the
301, 20" 10™, 5% and 2" percentiles, respectively. The main considered single Dls and
hydrometeorological variables within the USDM are PDSI, SPI, KBDI, SSMI, 7-day average
streamflow, and precipitation anomalies which are combined based on input from local and
national experts across the US. To blend the individual Dls, two linear regressions are derived
for short- and long-term monitoring in which the coefficients are fixed as follows:

1- short-term: 35% Palmer Z-Index; 25% 3-Month Precipitation; 20% 1-Month Precipitation;
13% Climate Prediction Center Soil Moisture Model; and 7% Palmer (Modified) Drought
Index.

2- long-term: 25% Palmer Hydrologic Drought Index; 20% 12-Month Precipitation; 20% 24-
Month Precipitation; 15% 6-Month Precipitation; 10% 60-Month Precipitation; 10%
Climate Prediction Center Soil Moisture Model.

The output of the above linear regressions for each grid point results in the local USDM
value which finally led to providing maps such as Figure 2.3. Although the USDM has
drawbacks in detecting drought conditions of different time scales, as well as in capturing local
drought conditions, it can generally provide a “bigger picture” of water stress conditions across
coarse spatial scales, which is useful for the public, media, and policy makers (Steinemann et
al. 2005, Wilhite 2005). More information about USDM and the description of categories are

available at http://droughtmonitor.unl.edu/aboutus/ classificationscheme.aspx.
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Figure 2.3. The USDM map of USA in December 1, 2015, available at http://droughtmonitor.unl.edu/

Recently, the Vegetation Drought Response Index (VegDRI) (Tadesse et al. 2015) has been
introduced to assess the water stress of terrestrial ecosystems (with 1-km spatial resolution)
every fortnight. This index employs a regression tree analysis between a set of DIs consisting
of NDVI, SPI, self-calibrating PDSI, and five biophysical variables of the environment
including landuse/landcover, soil available water-holding capacity, ecoregion type, elevation,
and percent of irrigated agriculture. VegDRI can be used independently for water stress

monitoring or as an input to the USDM.

In addition to needing a wide range of spatial and temporal information and data, it is also
suffering from low spatial precision in areas without dense station networks. VegDRI also relies
on spatially interpolated climate data input (Tadesse et al. 2015), which can introduce further
uncertainties. Most importantly, the regression trees combine all input variables, regardless
whether there is any physical and meaningful relationship between them. For instance,
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integrating the elevation information with PDSI is not necessarily meaningful from a

hydrometeorological point of view.

2- Linear combination-based Dls

Indices of this group are based on considering a weighted average between a number of
single Dls to derive a new combined DI. The considered weights may subjectively be chosen
or make use of optimization methods. The most widely used linear combination-based Dls, are
the Optimal Blended NLDAS Drought Index (OBNDI) (Xia et al. 2014a,b), Grand Mean Index
(GMI) (Mo and Lettenmaier 2013), Microwave Integrated Drought Index (MIDI) (Zhang and
Jia 2013), and Combined Drought Index (CDI) (Balint and Mutua 2011), which are explained

in some more detail here.

The OBNDI was developed to form a bridge between the North American Land Data
Assimilation System (NLDAS) and USDM products. The OBNDI allows the derivation of
weights to be used in the USDM for the linear combination of the DIs used for operational

drought characterization. The error function used for obtaining the optimum weights is

1 MT 1 C
E :W;\/E;(At’c _Ot,c) 3 (215)

where MT is the total number of months, C is the number of drought categories, and Atc and
Ot are the drought area percentages derived from NLDAS and USDM, respectively. In
comparison to the original USDM, the OBNDI can detect onset, duration, and magnitude of
drought events more accurately. However, depending on different climate conditions and
landuse situations the results of USDM outweigh the OBNDI’s outputs (Xia et al. 2014 a,b).

The GMI is an arithmetic average between three drought indices of the 6-month
Standardized Precipitation Index, total Soil Moisture Percentiles, and 3-month Standardized
Runoff Index. The thresholds used for the classification of drought events are exactly the same
as what is considered for the USDM. The main limitations of GMI are pre-defined input
variables and coefficients of linear regression, and also the lack of any indicator analysing the
actual vegetation conditions at different growing stages of plants from a water stress point of

view.

Satellite remote sensing products can complement the data/information provided from in-

situ observations and land surface model outputs. Therefore, over the last few years there has
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been an increasing tendency towards making use of those products in a variety of applications,
such as flood and drought monitoring and forecasting. For example, Zhang and Jia (2013)
introduced MIDI on the basis of multi-sensor microwave remote sensing for monitoring short-

term water stress conditions expressed as
MIDI = o, xPCl + ¢, xSMCI + (1- o, -2, ) * TCI (2.16)

where, ai is a coefficient determined subject to the user’s knowledge of the system, PCI is the
Precipitation Condition Index, derived from actual precipitation observations provided by the
Tropical Rainfall Measuring Mission, SMCI is the soil moisture condition index derived from
space-borne products, and TCI is the land surface Temperature Condition Index. The soil
moisture product is generally obtained from operational, gridded remotely sensed soil moisture
products. The land surface temperature is obtained from 37 GHz vertically polarized brightness
temperature measurements. The main drawback of MIDI is the coarse spatial resolution (0.25°)
of the gridded single DIs (PCI, SMCI, and TCI). Consequently, while the MIDI may be
applicable for regional water stress monitoring, it cannot be helpful at the farm scale.

The CDI was initially developed for drought monitoring based on spatio-temporal 10-day
or monthly data and was first applied to conditions from 1992 to 2007 in Kenya and Somalia
(Balint and Mutua 2011). It is a combined drought index based on the weighted average
between the precipitation drought index (with a weight of 0.5), the temperature drought index
(with a weight of 0.25), and the vegetation drought index (with a weight of 0.25). The
thresholds for this index range from 1, which shows no drought condition, to less than 0.4,
which indicates extreme drought conditions. Modified versions of CDI have also been applied
in other regions such as Europe (Sepulcre-Canté et al. 2012) and Australia (GrainGrower
2016). The main limitations of this index is the use of fixed weights for independent variables,
the impact of growing and non-growing seasons on the results of CDI, and finally the influence
of atmospheric errors (i.e. on cloudy days) on the satellite based data of vegetation drought

index which can affect CDI considerably.

Overall, the linear combination-based methods are relatively simple to implement, but in
case that the physical meaning and texture of the primary Dls are different, combining and
interpreting them can sometimes be unreasonable and difficult (AghaKouchak et al. 2015, Hao
and Singh 2015, Hao et al. 2016). Moreover, weights (coefficients) of linear regressions are

hard to determine objectively (because they are dependent on various hydro-climatological and
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natural geographical conditions of a region), which is why they are mostly specified empirically
for a given region, however, would not be accurate and reliable enough to employ to other
regions with different climate and vegetation conditions (AghaKouchak et al. 2015, Hao and
Singh 2015).

3- Joint distribution-based Dls

Some of the common joint multivariate distribution based Dls are the Joint Drought Index
(JDI) (Beersma and Buishand 2004), Multivariate Standardized Drought Index (MSDI) (Hao
and AghaKouchak 2014), and Standardized Palmer Drought Index (SPDI)-based Joint Drought
Index (SPDI-JDI) (Ma et al. 2014).

The SPDI-JDI determines first the joint probability (or percentile) between marginal
distributions of precipitation and streamflow variables via a fitted joint distribution function.
To construct the joint distribution function, one of the Copula family functions (Nelsen 2006),
such as empirical Copula, is utilized to model dependence structures (Kao and Govindaraju
2010). Then, using the Kendall distribution function (Fx), the cumulative probability for
different events with the joint deficit of less or equal to a certain probability threshold (Po) are
found. Finally, the latter probabilities are put into an inverse standard normal distribution to
derive the final values of SPDI-JDI. A similar methodology has been implemented for

precipitation and soil moisture which led to introducing the MSDI.

Ma et al. (2014) showed that it is possible to integrate more than two single Dls (with
independent single DIs) using the joint probability approach by making use of multivariate
Gaussian and t-copula functions, and then combining the Standardized Palmer Drought Index

across different time windows to derive the SPDI-JDI.

A valuable outcome of this approach is in drought risk analysis by deriving time periods of
extreme occurrences (Beersma and Buishand 2004, Kao and Govindaraju 2010). In terms of
shortcomings, the main limitation is to deal with the high number of input variables (single
Dls). Essentially, by increasing the number of independent variables the modelling of joint
distribution functions becomes much more complicated, and sometimes impossible due to an
increase in their dimensions (Hao and Singh 2013). Moreover, this approach only takes into
account statistical properties between primary DlIs, while it cannot consider the physical
process (i.e. time lags between different types of droughts) between individual DIs (Hao and
Singh 2015).
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4- Aggregation-based DIs using multivariate methods

There are also some multivariate methods such as the linear Principal Component Analysis
(PCA) (Hidalgo et al. 2000), which have the ability of dimension (variable/information)
reduction without losing significant variability (variance) of the original data/information.
Keyantash and Dracup (2004) utilized PCA to aggregate six hydroclimatological variables of
precipitation, soil moisture, streamflow, snow water content, reservoir storage, and potential
evapotranspiration. The normalized first principal component (PC1) of the aggregated variables

were then defined as the Aggregated Drought Index (ADI).

It is worth noting that the linear PCA follows assumption of linearity of the data
transformation between primary and aggregated variables. To address the shortcomings related
to the linear assumption, Barua et al. (2012) replaced the linear PCA with a nonlinear PCA
method (Linting et al. 2007) to combine the six abovementioned hydroclimatological variables,
called the nonlinear aggregation drought index (NADI). Recently, Rajsekhar et al. (2015) used
the kernel entropy component analysis (KECA) to aggregate four hydroclimatological variables
(precipitation, soil moisture, runoff, and potential evapotranspiration). The KECA has two
main advantages in comparison to previous aggregation-based DIs, consisting of : 1) using a
nonlinear combination process during the aggregation, and 2) considering all PCs for deriving
a final aggregation variable, meaning that the maximum amount of information of input

variables are kept in deriving the KECA.

Similar to the joint distribution-based approach, it is worth noting that while statistically any
selected set of variables can be aggregated via this approach, combining the variables without
physical and logical similarities may not be reasonable (AghaKouchak et al. 2015, Hao and
Singh 2015). Thus, to avoid this issue, the independent variables (individual DIs) should be
considered consistent, in terms of physics and nature, before starting the aggregation and

combination steps.

2.4 Key points of the presented Dls

A variety of drought indices and proxies have been presented within this chapter which
have distinct properties and characteristics as well as specific abilities and shortcomings. In
order to present them in a comprehensive and critical summary, this section discusses those

indices more closely with references to each other.
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Drought indices such as SPI and SSMI which are constructed based on single
hydrometeorological variables are commonly applied in accordance with their data availability
and computational simplicity. However, such DIs can only concentrate on one aspect of the
water stress conditions (i.e. only from meteorological point of view) within a terrestrial
ecosystem, and therefore cannot be considered as a robust tool for decision making and

operational systems (Wilhite 2005).

The USDM and VegDRI, from the category of the blending objective and subjective
indicators, assess water stress conditions across country and continental scales by integrating
information from various physical indicators and inputs from local experts. These indices have
shown their unique functionalities for operational and research purposes in the USA. However,
besides the need for the large amount of information and data as input, the main limitations
would be in their applications across different time scales and also their limited use for decision

making processes at higher spatial resolutions such as the farm scale (Wilhite 2005).

Drought indices such as PDSI and CMI incorporate hydrometeorological variables via
water balance models. They were initially developed for some regions of the continental USA
and showed adequate performances in drought assessments. The main drawbacks are the
considered assumptions and simplifications in the water balance models, and the applicability
in other parts of the world with different climate and landuse/landcover conditions (Hao and
Singh 2015, AghaKouchak et al. 2015).

According to the literature, it is possible to make use of mathematical transformations to
combine hydrometeorological variables, such as precipitation and evapotranspiration, to derive
univariate drought indices such as CWSI, ESI, and RDI. However, during the process of
combination, physical and meaningful relationships between hydrometeorological variables
should be considered. This limitation can lead to the decrease in the degree of flexibilities to
integrate the indicators of interests (Hao and Singh 2015, AghaKouchak et al. 2015).

To be able to combine Dls regardless of their physical relations, using linear regression
methods seems to be the simplest and easiest choice to derive new DIs such as GMI, MIDI and
CDI. The main problem lies in the fact that in most of the cases relations and dependencies
between hydrometeorological variables (consequently DIs) are essentially nonlinear, and
moreover, weights are determined subjectively (Hao and Singh 2015, AghaKouchak et al.
2015).
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To resolve the issues introduced by the assumption of linearity and introduction of
subjective weights through the linear regression-based combination methods, joint distribution-
based models are employed to introduce Dls such as JDI, MSDI, and SPDI-JDI. Throughout
this approach, complex dependency structures such as tail or extreme dependencies between
single DIs are modelled to analyze statistical characteristics. The selection of the most suitable
multivariate distribution in case of the presence of a large number of single DIs would be the

most challenging part (Hao and Singh 2015).

In order to address the limitations of joint distribution-based models, common multivariate
methods, such as PCA, are utilized to reduce the information in high dimensions. Two of the
introduced DlIs based on this approach are ADI and NADI. The potential issues are associated
with the appropriate selection of single DIs with physical and meaningful relations, and also
the assumption that the first component with the maximum variance can convey sufficient
water stress information (Hao and Singh 2015, AghaKouchak et al. 2015).

2.5 Knowledge gaps
The main shortcomings of the historical Dls presented in this chapter are:

1- Different individual Dls provide different, if not conflicting, information under various
climate conditions, landcover, and the perspective of the application. Therefore, no single

DI works appropriately in all different circumstances.

2- The main drawbacks of the introduced combination- and aggregation-based DIs consist of
i) reliance on subjective selection of inputs, ii) limited statistical and mathematical
frameworks to objectively link or combine a variety of DIs from different drought types (i.e.
hydro-meteorological droughts, and ecological/agricultural droughts) into one new DI, iii)
to derive the values of the combination based DI for the current and future time steps, it is

required to re-implement the whole process of combination from the beginning steps.

3- The process of validating DlIs is generally undertaken by simply comparing the behaviour of
new indices to the traditional DIs such as SPDI and SPI as the ultimate benchmark.
However, if new indices are compared against older ones for validation, what is the purpose
of new indices? However, Hao and Singh (2015) stated that no reliable “ground truth” (for
a drought index) exists that may be used as an ultimate reference for the exact validation of
a new index, so the question truly is how the accuracy of an index can be reliably assessed.

One pathway to address this issue is to benefit from reports gathered from observed
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evidences of fields or drought assessments’ claims received from stakeholders such as
farmers. Converting the mentioned information to quantitative forms (i.e. exceptional
circumstances maps in Queensland, Australia) gives the opportunity of validating newly
developed drought indices and also comparing their performances with commonly applied
Dls properly. In case of the lack of such abovementioned “ground truth”, another solution
to alleviate this problem is to objectively include a larger range of observed variables. Thus,
the main concern in this field of study is to develop a new and more robust methodology to
address the above shortcomings for accurately evaluating water stress conditions in a
specific area. The proposed methodology should be able to monitor water stress conditions
of terrestrial ecosystems by objectively linking different aspects of the system such as water
availability and vegetation conditions. The methodology to be developed may make use of
advanced statistical methods (i.e. multivariate methods such as independent components
analysis), and also consider the eco-meteorological characteristics (i.e. landuse, land-cover,
and climate) of an area to state the ultimate water stress conditions at each time step. In order
to address any issues in the current validation processes of DIs, the behaviour of the new DI
should be logically compared with the physics, nature (landuse/landcover information) and
climate conditions (i.e. wet and dry seasons based on total downfalls) of the considered
terrestrial ecosystem. Finally, for verification and generalization, the new DI needs to be
examined and tested in different regions with a diverse range of surface and atmospheric

conditions.

2.6 Chapter summary

In Australia, the drought indices most widely applied in industry and government
organizations are precipitation based indices, such as the Decile Index (Rahmat et al. 2015, Jain
et al. 2015), which indicate anomalies from a long-term trend. As previously mentioned within
this chapter, in order to have accurate evaluations using precipitation-based drought indices, a
long data record along with local hydrometeorological observations is required, as well as
precise frequency distributions of precipitation. Ignoring those can lead to a reduction in the
accuracy and reliability of the water stress evaluations of an area. Moreover, similar to all other
individual drought indices, they can only reflect one aspect of drought phenomena
(meteorological drought) which is not sufficiently inclusive for robust evaluations. As another
commonly applied dataset in Australia, GRACE data are used in conjunction with models, has
a limited data set length (since 2002), as well as coarse temporal (~30 days) and spatial

resolutions (>150000 km2). Using data with low spatio-temporal resolutions may lead to a loss
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of information over an area, as it integrates the positive and negative anomalies over time,
essentially ignoring the natural complexities of the underlying geographical and landcover
features within a terrestrial ecosystem. In turn, this may result in errors in the final interpretation
due to an imprecise picture of the real conditions. This shows a necessity of developing new
indices which are able to address the currently drawbacks and provide a holistic analysis over

the short- and long-term water stress monitoring and forecasting.

This chapter presented a review of the two common approaches of “reactive” and
“proactive” procedures to address water stress and drought conditions in Australia, and their
economic benefits. It then discussed the most common and state-of-the-art water stress and
drought indices (DIs). Subject to the utilized hydrometeorological variables to derive Dls, the
considered indices were categorized into eight main groups of: i) precipitation-based Dls, ii)
water balance model-based Dls, iii) surface water-based DIs, iv) soil moisture-based Dls, v)
evaporation-precipitation-based Dls, vi) terrestrial water storage-based Dls, vii) vegetation-
based Dls, and viii) combination- and aggregation-based Dls. The latter group also was further
split into four sub-categories of: i) blending objective and subjective indices, ii) linear
combination-based Dls, iii) joint distribution-based DIs, and iv) aggregation-based DIs using
multivariate methods. Then, strengths and limitations of the presented DIs were elaborated; and
the main knowledge gaps available in this field of research were stated and finally solutions
were briefly proposed, essentially highlighting the need for a new, more robust, and

comprehensive drought index.



Chapter 3
Statistical analysis of short term water stress conditions at

Riggs Creek OzFlux tower site

3.1 Overview
This chapter will use a range of spatio-temporally high-resolution (daily and sub- daily) data
sources to evaluate a number of drought indices (DIs) for the Riggs Creek OzFlux tower site in
south-eastern Australia. Therefore, the main aim is to evaluate the statistical characteristics of
commonly used individual Dls subject to short term water stress conditions. In order to derive
a more general and therefore representative DI, a new criterion is required to specify the
statistical similarity between each pair of indices to allow determining the dominant drought
types along with their representative DIs. The results of this chapter has been accepted as a
journal paper as follow:
Azmi, M., Rudiger, C., Walker, J. (2016) Statistical Analysis of Short Term Water Stress
Conditions at Riggs Creek OzFlux Tower Site, Theoretical and Applied Climatology, DOI
10.1007/s00704-016-1901-z.

3.2 Case study area, variables and data sources

The Riggs Creek OzFlux tower was chosen as the case study for this investigation as it
provides both high temporal and spatial resolution data sets, as well as a minimum amount of
data gaps across the 1.5 years (from 18-12-2010 to 1-5-2012) of verified sub-daily data used in
this chapter. The tower is located within the Goulburn-Broken catchment (36° 38.59' S, 145°
34.21' E), in northern Victoria, Australia (Figure 3.1) (Andrykanus 2011, Beringer 2014).
Figure 3.2 illustrates two photos of Riggs Creek OzFlux tower site along with the tower.
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The site’s elevation is 152 m above sea level and the surrounding area is dominated by
broadacre farming practices. The main landuse in this region is dryland agriculture, with a
predominant use as pasture. Based on a nearby weather station operated by the Australian
Bureau of Meteorology (Euroa station, BoM ID: 82016), Riggs Creek has a mean annual
precipitation of 650 mm, a mean maximum air temperature of 12.3 °C in July and 29.7 °C in
February, and mean minimum air temperatures between 4.1 °C in July and 15.3 °C in February.
Carbon dioxide, water vapour and latent/sensible heat are measured via the open-path eddy flux
technique (at height of 2 m). Finally, soil heat flux plates are installed at a depth of 0.08 m to
complement the collection of the soil moisture content (at a depth of 0.1 m) using time domain
reflectometry. According to the report published in 2011 by the South Eastern Australian
Climate Initiative (SEACI 2011), the state of Victoria experienced severe water stress from
1997 to 2009 with an average precipitation rate of 12.4% below the 20" century mean. In 2010-
11, because of a strong La Nina phenomena, significantly higher levels of precipitation were
recorded for Victoria with annual rates exceeding 810 mm (SEACI 2011); while by early 2012

no extreme events (flood and severe drought) had been recorded (Howden 2012).
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Figure 3.1.The geographical location of the Riggs Creek case study site within Australia.
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Figure 3.2. Two photos of Riggs Creek OzFlux tower site located within a grassland (pasture) along
with the tower. Underground based instruments measure soil moisture at depths of 0.1m, 0.2m, 0.4m,
0.8m, 1.2m, and 2 m. Ground based instruments are data logger and rain gauge. Mid-height instruments
measure soil temperature (0.08m) and soil heat flux (0.1m). Top-height instruments measure
atmospheric pressure (2.5m), net radiation (4m), open path CO, H,0, sonic anemometer (2.5m), air

temperature (2.5m), and relative humidity (2.5m).
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Considering the main elements of the hydrological cycle as well as water stress types, a
diverse set of variables/proxies was taken into consideration to derive DIs for this study (Table
3.1). For each DI, the category of the utilized data sources (in-situ observations, satellite
information, and/or a combination of them), their spatial and temporal scale, and the method of
deriving values for the DIs (direct measurement, measurement-calculations) are summarized.

The three main data sources of this chapter are as follows:

1- OzFlux is an Australian ecosystem research network of 37 sites set up to provide half-
hourly, high-resolution flux tower measurements of water, energy and carbon. The variables
observed through this network are used in hydroclimatic research, but may also be employed
in validating micrometeorological theories of fluxes and air flows (Finnigan et al. 2003,
Finnigan 2004). More information can be accessed at http://www.ozflux.org.au.

2- The Asia-Pacific Water Monitor (APWM; Van Dijk 2010) coordinated by the
Commonwealth Scientific and Industrial Research Organization (CSIRO) provides a database
of estimated daily hydrological variables such as precipitation, precipitation, runoff and
catchment water storage. The final data derived from APWM is a combination of the output of
several sources (in-situ observations and satellite data) and models (Australian Water
Resources Assessment Landscape models) to achieve the best possible estimations (Van Dijk

2010). More information is available at http://eos.csiro.au/apwm/apwm.html.

3- The MODerate resolution Imaging Spectroradiometer (MODIS) measures 36 bands of
spectral reflectance. The obtained data are used in deriving ecological, hydrological and
oceanic products on daily to monthly scales. The MODIS instrument from which data were
obtained for this study is installed on board NASA’s Terra satellite and has been in operation
since 18 December 1999. More information about this source can be found

at http://terra.nasa.gov.

Due to the fact that plants are the main elements of the terrestrial ecosystems, and reflect the
water stress (wilting point) with a lag time of around one week (especially cultivated pasture
and rainfed agricultural areas), daily data products show decorrelated results between the
indices and the surface conditions. Moreover, information with longer time spans (monthly and
seasonally) of water stress monitoring cannot be practical for ecological water management
due to the wilting point time span (which is around one week) of many species of vegetation
(Svoboda et al. 2002, Heim Jr 2002). Therefore, weekly temporal resolution were considered

for evaluating water stress conditions in this chapter.


http://www.ozflux.org.au/
http://eos.csiro.au/apwm/apwm.html
http://terra.nasa.gov/
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Table 3.1. Hydroclimatic variables derived from different data sources to calculate drought indices and proxies compared in this chapter.

Temporal | Spatial
Category Data Sources Primary Variables Abbreviation Units Calculation
Scale Scale
Soil Moisture Content
SM mm 0.5 hr
(Depth=10cm)
initati Direct Measurement
_ _ OzFlux Towers Precipitation P mm 0.5 hr
In-situ Observations N « N/A
etwor Moisture Flux (Latent Heat) MF W/m? 0.5 hr
Evaporative Fraction Index EFI No Dim. 0.5 hr EFI = -
n—
A Combination of In- . .
] ) Asia-Pacific Water ] o
situ Observations, . Runoff and Surface Soil A combination of the output of several
. . Monitor (APWM) . RSSM mm 1 day 500 m
Satellite Information and ) Moisture sources and models
Section
Models’sOutput
Normalized Difference _
) NDVI No Dim. 1 day 250m | NDVI = NIR — VIS
Vegetation Index NIR + VIS
. . ) NDVI — NDV I,
Vegetation Condition Index VCI No Dim. 1 day 250m | vcI = NDVI, .~ NDVI, .
Satellite Information MODIS-Terra Satellite
i, . Thypax — Th
Temperature Condition Index TCI No Dim. 1 day 500m | TCI = T —Th
1
Perpendicular Drought Index PDI No Dim. 1da 250 m | PDI = ———=(VIS+ M x NIF

NIR: the spectral reflectance measurements acquired in the near-infrared regions (700-1100 nm), VIS: the spectral reflectance measurements acquired in the visible (Red)
regions (400-700 nm). NDVInax and NDVImin: maximum and minimum NDVI for a given time series, Th: brightness temperature of the spectral reflectance measurements
acquired with band 4 of MODIS. Tbmax and Thmin: maximum and minimum brightness temperature, respectively, M: the slope of soil line in the NIR-Red spectral feature space.
H: latent heat flux (Wm2), Rn: Net radiation (Wm2), G: ground/soil heat flux (Wm).
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To derive weekly Dls, first, the few data gaps that occurred during the considered period
were in-filled using a univariate linear regression, for gaps lasting several hours (in-situ
observations), and multivariate linear/nonlinear regressions for day-long gaps (mainly for the
satellite observations). Next, the time scale of all data was converted to a daily basis using
arithmetic averaging. Finally, daily DIs were calculated based on the latter data set, and
converted into weekly time scale by averaging; and finally weekly DIs were standardized as

described below.

3.3 Standardizing hydroclimatic variables and proxies

As different hydroclimatic variables and proxies represent different physical quantities, they
are not directly comparable (e.g. because of different dimensions/units). Moreover, even
though they are measured at the same time, they may not be related to the same event due to
the existence of lag times. Therefore, in order to compare the different statistical aspects of the

hydroclimatic variables, it is essential to employ a spatio-temporal standardization approach.

The most practical and acceptable method to standardize hydroclimatic variables, and their
proxies, for statistical comparisons, is based on an equiprobability transformation, as presented
by Panofsky and Brier (1958) (McKee et al. 1993, 1995, Shukla and Wood 2008). The
transformation maintains the probability of a given value within its primary sample group to be
the same probability as in the transformed normally distributed variate (Edwards and McKee
1997). It is worth noting that this method of standardizing retains the main statistical

characteristics (e.g. skewness) of the primary time series.

To follow this method, first, the most appropriate cumulative distribution function (CDF) of
each variable is chosen by fitting different CDFs over the variable’s data and using two
goodness-of-fit tests, the Anderson-Darling and p-value (Stephens 1974), to evaluate the

statistical relationship of each data pair

After choosing the most appropriate CDF, the occurrence probability of each observation is
extracted, and finally the corresponding value of the extracted probability derived from a
standard Gaussian CDF (u=0, o=1) (McKee et al. 1993, 1995, Shukla and Wood 2008). After
this process, the hydroclimatic variables and proxies become standardized drought indices
(SDIs). Thus this standardizing method adequately retains the statistical characteristics of the
primary time series. To analyze normal and extreme conditions, thresholds based on a variety
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of percentiles of the SDI’s time series (2.5™, 5 25" 45" 50t 55" 75 95 and 97.5%

percentiles) were considered.

3.4 Comparison between SDIs

The above statistical/probabilistic comparisons allow determining the likelihoods of events
of a given magnitude to occur under the same climatic conditions. As a result, two more aspects
of the considered variables may be investigated: i) the characteristics of the extreme events
subject to each SDI, and ii) the clustering of the SDIs, i.e. the grouping of similar indices into
categories of different water stress types. This information can eventually be used as an

indicator of the statistical dis-/similarities between SDIs under normal and extreme conditions.

3.4.1 Extreme events

Extreme events, as identified by SDIs, can be studied for the behaviour of their three main
parameters: duration, severity and magnitude. Keyantash and Dracup (2002) defined that if the
absolute values of a SDI from time t to t+k (where k is the continuous duration of an event),
are equal or more than the absolute value of the predefined Extreme Threshold (ET), then the
severity of such an event (Sev(t,k)) can be derived as:

Sev(t,k) = (Median {Mag(i)})xk (3.1)
where
Mag(i) = SDI, = NCT i=t,..t+k | (3.2)

Where, Mag(i): the magnitude of an extreme event at time i; SDI;: the value of the SDI at time
i; NCT: the normal condition threshold (50" percentile of the time series of the SDI); and
Median(Mag(i)): the median of all Mag(i) from time t to t+k. The values of dry and wet extreme
thresholds for an SDI were defined as 2.5™, and 97.5™ percentiles of the entire time series of
the SDI respectively.

3.4.2 Clustering SDIs

Hydrological and meteorological drought types describe the availability of water resources
in a water system while agricultural/ecological drought types describe the water stress
conditions inside plants. Therefore, analysing the performance of these drought types is

necessary for comprehensive water resources management of a terrestrial ecosystem. It is worth
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noting that the economic/social water stress type is not considered here due to a lack of relevant

data at the case study area.

Clustering methods are mostly used to categorize the SDIs into the different water stress
clusters. Amongst a variety of clustering methods, the agglomerative hierarchical clustering
method (AHC) is recommended for temporal and spatial hydroclimatic classification issues
(Santos et al. 2010). The AHC consists of two main parts: i) the linkage criterion and ii) the
distance/similarity function. As such, the linkage criteria determine how the algorithm and
process of the distance between two clusters is defined, and the distance/similarity functions
measure the respective distances. The Single criterion (distance between two clusters is the
minimum distance between an item in one cluster and an item in the other cluster), Average
criterion (distance between two clusters is the mean distance between an item in one cluster
and an item in the other cluster), and the Ward criterion are linkage criteria alternatives
(criterion for choosing the pair of clusters to merge at each step based on the optimal value of
an objective function of error sum of squares); similarly the Euclidean (Euclidean Distance),
Pearson Correlation (Linear Correlation) and Spearman Correlation (Ranked Correlation) are
the most common choice for the distance/similarity functions (Soltani and Modarres 2006,
Santos et al. 2010, Sarmadi and Shokoohi 2015, Sarmadi and Azmi 2016).

Previous hydroclimatic classification studies have only used a pair of linkage and distance
functions, with their selection generally based on preconceived expert ideas and/or some other
case studies (Soltani and Modarres 2006, Santos et al. 2010, Sarmadi and Shokoohi 2015,
Sarmadi and Azmi 2016). However, due to the fact that each combination of these pairs can
change the final clustering (due to linear and nonlinear relationships between SDIs), a variety
of combinations should be considered in the clustering in order to gain a clearer and more
accurate understanding of the general similarities between different SDIs. In addition, due to
the complex relationships between SDIs, it seems that categorizing SDIs with deterministic
methods like dendrograms is not sufficient when considering all aspects of the statistical
characteristics of SDIs. Therefore, a probabilistic-based algorithm is proposed here to derive

pairwise similarities between SDIs as follows:

1- Produce two sets of SDIs based on imposed time lags of 1 and 2 on the primary set of SDIs
(it is worth noting again that the temporal scale of the current study is weekly). These two
data sets along with the primary set of SDIs are considered as input data sets, meaning that
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the total number of variables reaches 24 (here primary SDIs are equal to 8 variables and lagged

SDIs would be equal tol16 variables);

2- Use two sizes of clusters equal to 3 (three main water stress types of hydrological,
meteorological, and agricultural/ecological) and 4 (to represent an interstitial group that may

be located between the main groups);

3- Employ three linkage methods (Single, Average, Ward) and three distance functions

(Euclidean, Pearson Correlation, Spearman Correlation);

4- Consider all different combinations of cluster sizes, linkage methods and distance functions
(2 cluster sizesx 3 linkage methodsx 3 distance functions= 18 different combinations).
Obviously, subject to considering the different cluster sizes, linkage methods, and distance

functions, the total number of combinations would be changed.
5- Undertake the clustering of the 24 variables based on the 18 combinations of step 4;

6- Determine the probabilistic similarities between a pair of variables (with and without time

lags) (PSi,;) as follows:

L]

PS. =%><100, (3.3)

where n is the number of times that two variables (i,j) are located in the same cluster; N is the
total number of all different combinations of clustering (here, it would be equal to 18

according to the step 4);

7- Calculate the average between all probabilistic similarities (PSs) of a pair of SDIs (with and

without time lags) to derive a final probabilistic similarity for each pair of SDIs;

8- Develop a deterministic clustering for SDIs by defining thresholds for PSs; *“strong
similarity”: PSs greater than 60%”, “moderate similarity”: PSs between 40% to 60%, and

“weak similarity”: PSs less than 40%.

To define the thresholds, it is first assumed that the degree of consistency between members
of a cluster has a linear correlation with the average PSs of a set of variables. Further, that PSs
between a set of variables statistically follow a standard normal probabilistic distribution
function. Therefore, Z scores between -0.67 and +0.67 cover 50% of all events which are

moderate conditions and the remainder then represents extreme conditions. Transferring this
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range of Z scores to a 0-100 scale, the values would fall within a band of 40-60 out of 100.
Therefore PSs between 40% and 60% (-0.67<Z<+0.67) reflect moderate conditions or in other
words a “moderate similarity”, and consequently, PS values greater than 60% (Z>+0.67) and
less than 40% (Z<-0.67) show *“strong and weak similarities”, respectively (extreme
conditions). All SDIs with a “strong similarity” can definitely be located in one cluster; while
single SDIs which have a “weak similarity” with all others may be considered as a single-

member cluster;

9- Validate the results of step 8 by performing Cronbach’s Alpha (o) test (Cronbach 1951).
This test shows the consistency between the members of a cluster; «>0.9 shows very good
consistency; 0.6<a<0.9, good consistency; 0.5<a<0.6, poor consistency, and finally a<0.5, an

unacceptable (inconsistent) cluster (Kline 2000).

3.5 Results and discussion

For the perpendicular drought index (PDI), the slope of the soil line (M) is determined using
all pairwise values of the NIR-VIS (Near InfraRed-VISible) relationship for the location of the
Riggs Creek OzFlux tower. Those data were obtained from daily MODIS observations on board
NASA’s Terra satellite. In Figure 3.3, according to Ghulam et al. (2007), after manually
defining the triangular region bounded by the observed NIR-VIS pairs, the slope of the base of
the triangle is drawn and then considered as the slope of the soil line (M), which is found to be
equal to 1.024 for this data set. Care must be taken, as the height of the soil line (line AD)
describes the vegetation condition (from full cover at A to bare soil at D), meaning that A
describes the area as fully covered by plants, which will result in the vegetation to be active for
a longer time, while any point between A and D indicates reduced vegetation levels. In addition,
the skewness of a pair-wise distribution towards points B and C shows the conditions of wet
and dry surfaces, respectively. Figure 3.3 shows for Riggs Creek that the area has received
significant levels of water during the study period (with its skewness towards point B).
Nonetheless, the area is only partially covered (relatively short AD line), which can be

explained with continuous grazing as well as seasonal harvesting of the pasture areas.

The weekly time series of SDIs are presented in Figure 3.4. The operational functionality of
the standardization of the indices is apparent in the values of SNDVI and SVCI (the
standardized values of NDVI and VCI, respectively). As VCI is itself a standardized form of
NDVI (Table 3.1), those two normalized indices will generally match. Both SNDVI and SVCI
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are indicative of plant dynamics (growing and senescence seasons), and therefore their
maximum and minimum values are found at the beginning and end of growing seasons,
respectively (Singh et al. 2003, Jackson et al. 2004).

Moreover, the three indices SSMI, SRSSMI and SMFI follow similar patterns, as they are
strongly dependent on precipitation events as well as different seasonal conditions (air
temperature and consequently actual evapotranspiration). STCI shows roughly a seasonal
correlation with air temperature, which was predictable because they reflect temperature
conditions. Surprisingly, no particular pattern was discernible for the last index (SPDI), which
is generally used as a benchmark for new indices, showing the necessity for advanced statistical

analyses to highlight inter-index differences.

Due to difficulties in accurately measuring and calculating the real evapotranspiration, it is
recommended to make use of the EFI (Kustas et al. 1993, Nishida et al. 2003). Here, SEFI is
the only index which reflects the temporal variabilities of water consumption; and this is the
reason why it has an opposing behaviour in comparison with indices such as SSMI which shows

the availability of water.
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Figure 3.3. Pairwise values of NIR-VIS for the location of Riggs Creek OzFlux Tower for deriving

the slope of soil line (M).
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Considering the goodness-of-fit analysis (Anderson-Darling and p-value tests), the log-
normal probability function was determined as the best CDF for most of the SDIs (6 out of 9),
the 3-p Gamma probability function was chosen for SPI and SMFI, and the 3-p Weibull
probability function was chosen for SPDI (Table 3.2). It is worth noting that the minimum, 2.5
and 5" percentile values of SPI are identical, which is due to having a significant amount of
zero precipitation values on the weekly scale. Figure 3.4. Weekly time series of SDIs at Riggs Creek
OzFlux Tower from 18-Dec-2010 to 1-May-2012.

Omitting zero values can markably reduce the skewness of precipitation data; nonetheless,
they need to be kept for representing extreme dry conditions of the area, in terms of
precipitation throughout the process of water stress evaluations. With the exception of the SPI,
the values of percentiles of the remaining SDIs were close to each other, suggesting similar

behaviour under extreme conditions. This finding is discussed in more detail below.

The 2.5", 50" and 97.5" percentiles defined in section 3.4.1 were used to determine the
respective durations of the extreme events. In addition, the severities (Sevs) and magnitudes
(Mags) of the extreme conditions were calculated using equations (3.1) and (3.2). The
durations, Sevs and Mags of extreme dry as well as wet events for all SDIs are presented in
Table 3.3 and 3.4, respectively. Table 3.3 shows that for most of the cases durations of extreme
dry events were 1, meaning that extreme dry conditions lasted generally one week or less. From
a climatological point of view, an extreme event with the duration of one week cannot be
considered as a drought or flood condition. However, one week is long enough for pasture and
rainfed agriculture areas to get remarkable damages due to water stress especially in the
growing season. As a result, all extreme events need to be considered even with duration of one

week.

Under dry conditions, the variable Mags had a narrow range from -2.84 to -1.75, however
Sevs may range from -4.88 to -1.75. Table 3.4 indicates that Mags of extreme wet events had
arange from 1.64 to 2.25, with Sevs ranging from 1.63 to 3.28. To sum up the results of extreme
dry/wet conditions, Figure 3.5 provides a comparison of all extreme dry and wet events at Riggs
Creek, showing that the area experienced much more severe extreme dry events in comparison
with extreme wet events. Moreover, the middle box plot (Dry-SPI) highlights that even when
extreme dry events of SPI were removed from the set of extreme dry events of all SDIs, the

severities of extreme dry events of other SDIs were still larger than extreme wet events.
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Table 3.2. The main statistical parameters, the best cumulative distribution function, and different percentiles for each considered SDI.

Standardized
Variables
SDIs
The best chosen cdf
for standardizing
Skewness
Kurtosis
Min
2.5"Percentile

5t"Percentile
25t"Percentile
45MPercentile
50t"Percentile
55tPercentile
75"Percentile
95"Percentile
97.5"Percentile
Max

Standardized SM SSMI 3-P Lognormal -0.13 -0.90 -2.08 -1.77 -1.63 -0.74 -0.05 0.07 | 0.14 0.81 1.49 1.64 | 1.75

Standardized P SPI 3-P Gamma -0.17 -0.72 -2.30 -2.30 -2.30 -1.10 -0.27 0.02 | 0.21 0.64 1.62 198 | 2.27

Standardized MF SMFI 3-P Gamma -0.017 | -0.56 -2.77 -1.67 -1.48 | -0.083 -0.08 0.07 0.22 0.73 1.46 1.67 1.91

Standardized RSSM | SRSSMI | 3-P Lognormal -0.08 -0.17 -2.69 -1.98 -1.43 -0.70 -0.14 0.01 | 0.17 0.57 1.60 173 | 2.24

Standardized NDVI | SNDVI | 3-P Lognormal -0.04 -0.29 -2.54 -1.93 -1.31 -0.73 -0.11 0.00 | 0.15 0.61 171 175 | 2.16

Standardized VCI SVCI 3-P Lognormal -0.06 -0.38 -2.50 -1.91 -1.33 -0.74 -0.14 | -0.02 | 0.16 0.68 1.67 175 | 213

Standardized TCI STCI 3-P Lognormal -0.06 -0.54 -2.38 -1.85 -1.62 -0.72 -0.16 | -0.07 | 0.02 0.71 1.67 173 | 1.85

Standardized PDI SPDI 3-P Weibull -0.07 -0.78 -2.08 -1.87 -1.66 -0.79 -0.21 | -0.03 | 0.10 0.76 1.46 1.65 | 2.06

Standardized EF SEFI 2-P Lognormal 0.13 -0.36 -1.94 -1.82 -1.64 -0.69 -0.1 0.04 | 0.17 0.61 1.92 201 | 2.22
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Table 3.3. Magnitude and Severity of SDIs under extreme dry conditions (2.5" percentile of the entire

time series of the SDI) calculated based on equations 1 and 2.

Duration Duration
SDI Magnitude | Severity SDI Magnitude | Severity
(weeks) (weeks)
2 -2.32 -4.64 1 -2.08 -2.08
SRSSMI
1 -2.32 -2.32 2 -2.44 -4.88
1 -2.32 -2.32 1 -2.26 -2.26
SNDVI
SPI 1 -2.32 -2.32 1 -2.54 -2.54
1 -2.32 -2.32 1 -2.26 -2.26
SVCI
1 -2.32 -2.32 1 -2.48 -2.48
1 -2.32 -2.32 1 -2.31 -2.31
STCI
1 -2.15 -2.15 1 -2.09 -2.09
SSMI
1 -2.04 -2.04 1 -1.98 -1.98
SPDI
1 -1.75 -1.75 1 -2.05 -2.05
SMFI
1 -2.84 -2.84 1 -1.98 -1.98
SEFI
1 -1.90 -1.90

Table 3.4. Magnitude and Severity of SDIs under extreme wet conditions (97.5" percentile of the entire

time series of the SDI) calculated based on equations 1 and 2.

Duration Duration
SDI Magnitude | Severity SDI Magnitude | Severity
(weeks) (weeks)
1 2.25 2.25 1 1.63 1.63
SPI SMFI
1 2.04 2.04 1 1.84 1.84
SSMI 2 1.64 3.28 1 1.84 1.84
SRSSMI
1 2.09 2.09 1 214 214
SPDI
2 1.89 1.89 1 191 191
SNDVI
1 1.85 1.85 2 2.16 2.16
STCI
2 1.92 1.92 1 1.89 1.89
SVCI
1 2.18 2.18 2 2.15 2.15
SEFI
1 2.03 2.03
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Figure 3.5. Box plot of comparison between extreme dry and wet events severities at Riggs Creek Flux
Tower site from 18-Dec-2010 to 1-May-2012.

In other words, this means that considering different drought types, the area generally
suffered more severe extreme dry events in comparison with wet events during the time period
of this study. Actually, because two dry seasons and one wet season were considered, this was
to be expected, and the limited data set reflected this through its analysis. While such a figure
cannot necessarily be considered as a definitive decision-making tool, it can help water
managers to gain a more comprehensive understanding of the historical water conditions of an
area, due to its simplicity and potential to summarize and present data and information

descriptively.

The probabilistic similarities between all SDIs considered in this study are presented in
Table 3.5, and the final PS between each SDI pair is indicated in Table 3.6. According to Table
3.6, the minimum PS (11.11%) is found between the pairs SEFI-SNDVI, SEFI-SVCI, and
SEFI-SMFI; while the maximum value (87.04%) is found for the pair SSMI-SRSSMI, as it

would be expected due to their both including soil moisture observations.

Five SDIs (SPDI, SPI, SSMI, SRSSMI and SMFI) with an average PS of 62% can be
categorized as a cluster (representing water availability). Three SDIs (STCI, SNDVI and SVCI)
with an average PS of 75.3% can be categorized as a second cluster (representing vegetation
conditions). The index of SEFI with an average PS of 17.8% (average of all PSs between SEFI
and other SDIs) can be considered as a single-member cluster (representing water
consumption). The Cronbach Alpha (o) test was applied to validate the results of the
probabilistic-based clustering. The values of o for the first and second groups were 0.63 and

0.83, respectively, which validates the derived clusters. To confirm that SEFI is not well
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Table 3.5.The probabilistic similarities between SDIs without time lags, as well as with time lags 1 and

2 calculated based on equation 3 (values are in percentage).

STCI SNDVI SVCI SPDI SPI SSMI SRSSMI SMFI SEFI
STCI 88.9 88.9 333 61.1 72.2 72.2 66.7 111
SNDVI 100.0 33.3 72.2 83.3 83.3 77.8 111
SVCI 33.3 72.2 83.3 83.3 77.8 111
SPDI 22.2 333 33.3 27.8 33.3
SPI 88.9 88.9 83.3 0.0
SSMI 100.0 94.4 111
SRSSMI 94.4 111
SMFI 11.1
SEFI

STCI-1 SNDVI-1  SVCI-1 SPDI-1 SPI-1 SSMI-1 SRSSMI-1 SMFI-1 SEFI-1
STCI 44.4 55.6 55.6 33.3 50.0 66.7 66.7 66.7 111
SNDVI 55.6 66.7 66.7 33.3 61.1 77.8 77.8 77.8 111
SVCI 55.6 66.7 66.7 55.6 61.1 77.8 77.8 77.8 111
SPDI 33.3 44.4 111 111 44.4 333 333 55.6 33.3
SPI 44.4 55.6 55.6 44.4 66.7 77.8 77.8 83.3 0.0
SSMI 55.6 66.7 66.7 38.9 66.7 88.9 88.9 94.4 111
SRSSMI 55.6 66.7 66.7 38.9 66.7 88.9 88.9 94.4 111
SMFI 50.0 61.1 61.1 38.9 61.1 83.3 83.3 100.0 111
SEFI 16.7 11.1 11.1 11.1 22.2 22.2 22.2 11.1 100.0

STCI-2 SNDVI-2  SVCI-2 SPDI-2 SPI-2 SSMI-2 SRSSMI-2 SMFI-2 SEFI-2
STCI 50.0 55.6 55.6 44.4 38.9 66.7 38.9 66.7 111
SNDVI 44.4 66.7 66.7 33.3 38.9 77.8 38.9 77.8 111
SVCI 44.4 66.7 66.7 33.3 38.9 77.8 38.9 77.8 111
SPDI 333 44.4 111 333 50.0 333 50.0 50.0 33.3
SPI 33.3 55.6 55.6 88.9 33.3 77.8 33.3 83.3 0.0
SSMI 44.4 66.7 66.7 100.0 38.9 88.9 38.9 94.4 111
SRSSMI 44.4 66.7 66.7 100.0 38.9 88.9 38.9 94.4 111
SMFI 38.9 61.1 61.1 94.4 333 83.3 33.3 100.0 111
SEFI 11.1 11.1 11.1 11.1 61.1 22.2 61.1 11.1 100.0

*SDIs-1: SDIs with time lag equal to 1, SDIs-2: SDIs with time lag equal to 2.

correlated with the other indices, it was located once in Cluster 1 and then in Cluster 2. For the
two cases the derived values of a were 0.55 and 0.52, respectively, showing the poor

consistency of this variable in relation to others.

Overall, the results show that the monitoring of water stress at this case study area can be
done based on evaluating the individual behaviour of three clusters: 1- vegetation conditions
(STCI, SNDVI, SVCI), 2- water availability (SPI, SSMI, SRSSMI, SPDI and SMFI), and 3-
water consumption (SEFI). This indicates, that it is not necessary to assess all SDIs one by one
to derive a comprehensive and informative information set about water stress of an area, but
rather by analysing one of the SDIs from each cluster (e.g. SVCI from group 1, SSMI from

group 2 and SEFI from group 3) or deriving a new index for each group, based on established
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Table 3.6. Final probabilistic similarities derived from the average between all probabilistic

similarities of a pair of SDIs mentioned in Table 3.5 (values are in percentage).

STCI SNDVI SVvCIl SPDI  SPI SSMI SROI SSMFI SEFI
STCI 70.37 7037 48.77 4321 56.17 5123 5185 1296
SNDVI 85.19 53.70 5247 70.99 6049 66.67 11.11
SVCI 53.70 5247 7099 6049 66.67 11.11
SPDI 37.65 53.70 46.91 53.70 18.52
SPI 67.28 6543 59.26 27.78
SSMI 7840 87.04 1852
SROI 70.37 31.48
SSMFI 11.11
SEFI

combination methods (Svoboda et al. 2002, Keyantash and Dracup 2004, Balint and Mutua
2011, Barua et al. 2011) can be quite enough. In other words, monitoring, predicting, and finally
planning/management of water stress situations for a given area requires the consideration of
all derived information (probabilistic behaviours, extreme dry/wet conditions and etc.) of the

representative SDIs.

3.6 Chapter summary

This chapter presented a set of statistical methods to evaluate short term water stress
conditions for a study site in south-eastern Australia. The required data were obtained from the
Riggs Creek flux tower (OzFlux Network), the Asia-Pacific Water Monitor (APWM), and the
MODIS instrument on board NASA’s Terra satellite. A 72-week period spanning across the
years 2010-12 was chosen based on the low level of missing data. The temporal scale of the
data was from 0.5 hr to daily, depending on the observed variable, allowing highly
representative data to be derived at the weekly scale. In addition, the spatial scale of the
different data sources was acceptable and consistent with this case study area, which also had
a high level of homogeneity in its landuse and surrounding topography. The results showed that
by using a probabilistic standardizing method, the main statistical parameters of the SDIs could
be derived and analyzed. The considered SDIs were compared in terms of their normal and
extreme events. Then, using a proposed methodology, probabilistic similarities between
standardized drought indices were presented and analyzed. Finally, dominant water stress types
along with possible representative SDIs were presented. In this chapter, SDIs were grouped

into three main clusters, the first group represented availability of water, the second group
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reflected plant response to water supply across different seasons, and the last one represented
the water consumption across the whole water system. This indicates, that it is not necessary to
assess all individual DIs one by one to derive a comprehensive and informative data set about
the water stress of an area; instead, this can be achieved by analysing one of the DIs from each
cluster or deriving a new combinatory index for each cluster, based on established combination
methods. However, as stated before, single DIs may not be able to fully describe the variations

in water stress, and therefore, it is recommended to develop a more detailed clustering method.

In the next chapter, a drought index based on the clustering method will be introduced and
then applied to the Riggs Creek data set to combine drought indices of each derived cluster and
finally allow conclusions on the water stress conditions. The same approach will also be
employed to using data from a further two OzFlux towers located in different climate and
landcover conditions. Finally, the results of the proposed index will be comparatively evaluated

with common drought indices such as SP1 and SSMI.
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Proposing a new data fusion-based drought index for short-

term water stress monitoring

4.1 Overview

In the course of the previous chapter, the most common drought indices were applied and
comparatively evaluated for short-term water stress monitoring at the Riggs Creek OzFlux tower
site. A new clustering methodology was also introduced which will be used throughout the
current chapter as one of the components of the proposed methodology. Within this chapter, a
data fusion-based drought index (DFDI) will be developed and its performance analyzed for
three different locations in Australia. The proposed index comprehensively considers all types of
drought through a selection of indices and proxies associated with each drought type. By
considering a set of individual Dls, this chapter develops a methodology to monitor water stress
conditions of terrestrial ecosystems by objectively linking water availability and vegetation
conditions. The combination methodology makes use of advanced statistical methods (i.e.
multivariate methods such as independent components analysis), and also considers the eco-
meteorological characteristics (i.e. landuse, land-cover, and climate) of an area to determine the
ultimate water stress conditions at each time step. In order to test the ability of the new approach
to generalize a range of DIs, three case study areas, each with different combinations of landuse
and climate regimes, and subsequently a diverse range of surface and atmospheric conditions, are
presented. The results of this chapter have been published as a journal paper as follow:
Azmi, M., Rudiger, C., Walker, J. (2016), A data fusion-based drought index, Water Resources

Research, 52:2222-2239, DOI: 10.1002/2015WR017834.
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4.2 Data fusion-based drought indices (DFDIs)
4.2.1 Commonly used DFDIs and their main drawbacks
Before discussing the commonly used DFDIs, it is necessary to separate the monthly

conditions of terrestrial ecosystems into two distinct aspects:

e Wet/Dry months: a month can be identified as a wet month if the mean of the historical
precipitation for that month is higher than the total mean of all months of the year; otherwise it

would be considered to be a dry month.

e Active/Non-Active months: during active months, the mean air temperature is usually
between 6° to 40° C with most plant types being physiologically active and growing (Singh
and Dhillon 2006); however the degree of the plant activity depends on the plant available
water (Singh and Dhillon 2006), as well as the vegetation type. In contrast, during a non-
active month, mean air temperatures are generally lower than 6° or higher than 40° C, with
plants having a minimum physiological activity or even shutting down, unless the plant has
adapted to the prevailing local conditions (Brut et al. 2010).

The relationship between the status of a month in terms of dryness/wetness and active/non-
active vegetation, as well as the selection of the appropriate drought indices can be described

based on one of the following categories:

1. If time i falls within a wet month, no matter that the month is plant-physiologically active
or non-active, the water stress monitoring can be appropriately evaluated by drought indicators
reflecting the water contents, such as the standardized precipitation index (SPI). This is because
the water balance of the system is then much more sensitive to inputs such as precipitation and

streamflow than outputs such as real evapotranspiration.

2. If time i falls within a dry and active month, the water stress monitoring can be assessed by
drought indicators such as the Normalized Difference Vegetation Index (NDVI), which can be
seen as a proxy reflecting the water consumption and vegetation growth. This is because the
water balance of the system is much more sensitive to outputs such as actual evapotranspiration
rather than inputs such as the amount of precipitation, which are usually reduced during this

period.
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3. If time i falls within a dry and non-active month, the water stress monitoring can be
appropriately evaluated by drought indicators which reflect the stored water such as the soil
moisture drought index. This is because plants are usually in shut-down conditions and their
water consumption would be insignificant, in addition to there being no remarkable input to the

system in these cases.

The various drought indices presented in the literature can be divided into commonly used
state-of-the-art DFDIs as summarised below (see also Chapter 2 for more detailed descriptions):

e Linear Aggregated Drought Index (LADI) (Keyantash and Dracup 2004):
LADI is based on the combination of six hydro-meteorological variables of precipitation,
potential evapotranspiration, streamflow, reservoir storage, soil moisture content, and snow
water content using the multivariate method of linear principal component analysis (LPCA)
(Hidalgo et al. 2000). LADI utilizes only the first principal component as it explains the

largest fraction of the variance described by the full members.

e Nonlinear Aggregated Drought Index (NLADI) (Barua et al. 2012):
NLADI is an extended form of LADI. Essentially, NLADI employs the nonlinear principal
component analysis (NLPCA) (Linting et al. 2007) to combine the six hydro-meteorological

variables used in LADI. The combination process is similar to LADI.

e Weighted Average based Drought Index (WADI) (Balint and Mutua 2011):
WADI is a combined drought index based on the weighted average method between
precipitation drought index (with the weight of 0.5), temperature drought index (with the
weight of 0.25), and vegetation drought index (with the weight of 0.25).

¢ Arithmetic Average based Drought Index (AADI) (Zhang and Jia 2013):
AADI is an index based on arithmetically averaging standardized variables of precipitation,

soil moisture and air temperature.

The different drought indices have their individual advantages and disadvantages. In
particular, LADI and NLADI only consider hydroclimatological variables which reflect the water
content of a system, which is insufficient for analyzing the water stress of a terrestrial ecosystem
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as it does not consider the level of plant-physiological activity, especially during the growing
months. Consequently, it is necessary to broaden the considered data set and choose indices that
also recognize the physiological stress of the vegetation, which may not be directly related to the
water content based indices. In addition, the aggregation of the variables is performed by only
using the PCA method. One of the main assumptions of the PCA is the Gaussianity of its input
variables and the underlying linear regressions to derive any aggregated variables. To rely solely
on this multivariate method for combining data is a limiting approach, as most hydro-
meteorological variables do not necessarily follow Gaussian probabilistic distribution functions
and therefore, complex relationships between the variables can be better assessed assuming
nonlinear relationships. Moreover, these two DFDIs are already the first principal component
(PC1) of six fixed hydroclimatological variables aggregated by the PCA, irrespective of the
variances of the entire data set that can be covered by PC1. Finally, they cannot be applied easily
for estimating and predicting waster stress in an area, because assessing the water stress for
following time steps requires re-performing all combination stages from the beginning of the
observations. Conversely, WADI is based on a weighted average combination in which the
weights are determined subjectively (or through calibration) for a specific case study area. The
advantage is that the index values are inter-comparable between sites. However, by choosing
standard weights they may lack physical meaning, as the relative importance of the included
variables may change across seasons. Thus, there is no guarantee to get reliable results for any
area with different climate and landuse. Further, WADI and AADI are both derived based on

averaging single Dls, an approach which may neither by naturally nor physically consistent.

4.2.2 Proposed DFDI

To address the abovementioned deficits of commonly used DFDIs, a new index is proposed at
this point. The workflow schematic of the proposed algorithm is presented in Figure 4.1. First, an
appropriate set of indices and proxies is determined based on the available data. Those consist of
a pool of variables covering water contents, water consumption, and vegetation conditions. Then,
the indices and proxies derived from the previous step are standardized based on an
equiprobability transformation (Shukla and Wood 2008) and are consequently labelled
Standardized Drought Indices (SDIs), and are finally clustered via the Probabilistic Similarities
(PSs) method which was previously elaborated in Chapter 3. In particular two of the formed
clusters, which consist of i) water content-based SDIs, such SPI, and ii) vegetation condition-
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based SDIs, such as NDVI, can provide sufficiently relevant information to precisely assess the
water stress of an area, all subsequent steps are only applied to the two abovementioned clusters.
It is well understood that the water stress conditions inside plants are closely related to the level
of plant-available water of an area. Consequently, considering indices from both groups can
provide a more comprehensive evaluation of the ultimate water stress situations of an ecosystem,
and potentially help exclude vegetation states that could be seen as drought-related from
remotely sensed data sources, but are in fact false positives, caused by vegetation cover affected
by pests and diseases.

In order to investigate the efficiency of performing multivariate methods to aggregate the
SDIs located within the two main clusters, the Kaiser-Meyer-Olkin (KMO) test (Kaiser and Rice
1974) is employed. Using this method, a value greater than 0.5 indicates the efficiency of
multivariate methods in combining SDIs. Seeing that the clusters derived from the PSs method
consist of similar indices (either water or plant-physiology driven), it is expected that the
multivariate methods are appropriate to aggregate the SDIs located within the same cluster. This
aggregation is then achieved, using three common multivariate methods, namely the Principal
Component Analysis (PCA) (Hotelling 1933), Factor Analysis (FA) (Kim and Mueller 1978) and
Independent Component Analysis (ICA) (Hyvarinen and Oja 2000). FA and ICA have the
advantage of assuming the aggregated variables to not only be uncorrelated but also statistically
independent, non-Gaussian, and also consider nonlinear regressions between variables
(Hyvarinen et al. 2001).

The indices obtained through the aggregation within the clusters are then standardized by
dividing them by their individual standard deviations. To specify the best number of aggregated
variables derived for the two mentioned clusters when using the different multivariate methods,
the Kaiserl method (Kaiser 1960) is used. For the Kaiserl method, the aggregated variables in
which their Eigenvalues are greater than 1 are selected. Considering that the PSs method forms
consistent clusters, the first principal component (PC1) of each cluster will dominantly cover the
highest amount of variance for all variables located in a group with Eigenvalues greater than 1;
or the difference between the Eigenvalues of the first and second principal components is quite

large enough to only consider PC1 as the aggregated variable of each cluster.
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Pool of Hydrological, Metecrological, and
Ecological Variables/Proxies

Cluster A

Explicit Mathematical Equations for SAWAI and
SAVI using Symbolic Regression Method

SAWAL=fISDIk ; k=1:n)j j=i+l,..,o

SAVI=g(SDIz; z=1:m)j ]=i+1,...,=

Figure 4.1. Schematic outline of the proposed drought index.
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After standardizing the PC1s by dividing them by their standard deviations; an arithmetic
average between the PCls of the two mentioned clusters derived from different multivariate
methods (PCA, FA, and ICA) is calculated, giving the final aggregated variable of that specific
cluster. Here, as those two clusters represent either water or vegetation, they are named
Standardized Aggregated Water Availability Index (SAWAI), and Standardized Aggregated
Vegetation Index (SAVI), respectively.

In order to make the current methodology more applicable in a real-time scenario, explicit
mathematical equations are derived for SAWAI and SAVI by employing the Symbolic
Regression Method (Koza et al. 2003). The independent variables for the mathematical equations
are drawn from a set of SDIs from within the SAWAI and SAVI clusters. Emphasis is given to
select more readily available SDIs as independent variables, such as the standardized
precipitation index (SPI), rather than more complex ones, in order to make the final drought
index as practical and directly applicable as possible. The final proposed data fusion based

drought index (DFDI) may be expressed as follows:

If time i is at a wet month, irrespective of whether that month is physiologically active or non-

active, the water stress monitoring can be appropriately evaluated by SAWAL.
DFDI; =SAWAI;; & DFDI; =SAWAI, = f(SDI;k =1:n); j=i+1...,% 4.2)

If time i is during a dry month, as well as an active season, the water stress monitoring should

be assessed by SAVI, which reflects the water consumption and vegetation growth, therefore
DFDI, =SAVI;; & DFDI, =SAVI, =g(SDI,;z=1:n); j=i+1..,0 4.2)

If time i is during a dry month, as well as a non-active season, the water stress monitoring
should be evaluated by SAWAI which reflects the amount of stored and plant-available water,

again following Equation 4.1.

In the above equations, i includes all previous time steps until the current time; j is all time
steps after i; f and g are the optimum mathematical functions between the selected SDIs to
calculate SAWAI; and SAVI;, respectively; SDIx and SDI, are k and z selected SDIs as
independent variables to derive SAWAI and SAVI, respectively.
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Due to the fact that the output of the considered aggregating methods (PCA, FA, and ICA) is
based on Gaussian distribution functions, thresholds of dry, normal, and wet events can also be
defined based on the Gaussian variates of the standard deviations (Barua et al. 2012, Keyantash
and Dracup 2004). Following the justifications for the thresholds used for the Probabilistic

Similarities mentioned, the thresholds proposed are as shown in Table 4.1.

In terms of temporal resolution, weekly data sets, derived by averaging the daily information
of that week, are considered for the evaluation of water stress in the present chapter. This
aggregated temporal window is necessary as the physiological conditions of plants are the main
elements of the terrestrial ecosystems and reflect, or integrate, the water stress (wilting point)
with a lag time of around one week. In fact, daily data products may show decorrelated results
between the indices and the surface conditions for this same reason. Moreover, information of
water stress monitoring with longer time spans (monthly, seasonally) cannot be practical for
ecological water management due to the wilting point onset for many vegetation species
(Svoboda et al. 2002, Heim Jr 2002).

4.3 Case study sites and data sources

Due to the fact that characteristics of an ecosystem’s water stress mainly depend on its climate
and landuse, three case study sites have been chosen (Figure 4.2) to evaluate the capacity of the
proposed methodology, with each having different climate and landuse conditions.

Table 4.1. Proposed thresholds for the DFDI.

Threshold Range Gaussian Function Curve Areas | Classifications
DFDI < -1.65 5% Extreme Dry
-1.65 <DFDI<-1.15 | 12.5% Severe Dry
-1.15<DFDI<-0.67 | 12.5% Moderate Dry
-0.67 <DFDI<0.67 | 50% | 75% | 90% | 100% Normal
0.67<DFDI<1.15 | 12.5% Moderate Wet
1.15<DFDI<1.65 | 12.5% Severe Wet
1.65 < DFDI 5% Extreme Wet
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e Riggs Creek OzFlux tower site (RG)

The Riggs Creek OzFlux tower is located within the Goulburn-Broken catchment (Lat: -
36.650° Lon: 145.576°), in northern Victoria, Australia (Beringer 2014). The predominant
landuse in this temperate region consists of dryland agriculture and pasture. Carbon dioxide,
water vapour and latent/sensible heat are measured via the open-path eddy flux technique (at
height of 2 m). The soil moisture contents and soil temperature are collected using installed
sensors every 0.1 m across the profile. The utilized time series of verified data from this OzFlux

tower is 1.5 years (having a minimum amount of data gaps) starting in December 2010.

e Alice Springs OzFlux tower site (AS)

The Alice Springs OzFlux tower is located on Pine Hill cattle station (Lat: -22.287°, Lon:
133.640°), near Alice Springs in the Northern Territory, Australia (Cleverly 2011). The landuse
of this area is woodland characterized by a Mulga canopy in a generally arid to semiarid climate.
The soil is overlying a 49m deep water table. The tower is 13.7m tall; and carbon dioxide, water
vapour and heat measurements are collected via the open-path eddy covariance technique at
11.6m. Soil moisture and temperature measurements are collected in bare soil, Mulga, and
understory habitats. Here, considering the availability of verified data from this OzFlux tower
with a minimum of gaps, data from 2010-09-03 to 2013-06-30 are considered for this site.

e Howard Springs OzFlux Tower Site (HS)

The Howard Springs flux station is located in the Black Jungle Conservation Reserve in the
Northern Territory, Australia (Lat: -12.495° Lon: 131.150°) (Beringer 2013). The flux tower site
is categorized as an open woodland Savanna (average tree height is 14—16m), and is found within
a tropical climate. The tower is 23 m tall and instruments are installed at approximately 10 m
above the ground. Carbon dioxide, water vapour and heat measurements are collected via the
open-path eddy covariance technique. Soil moisture content is also measured at the site. Again
considering the data gaps, for this OzFlux tower, data from 2011-01-01 to 2013-12-31 are
applied.

Except for the observed data from the OzFlux network (Finnigan et al. 2003, 2004), the
remaining two data sources used in this chapter are obtained from model output (APWM) (van
Dijk 2010) and satellite data from MODIS on NASA’s Terra (Table 4.2). In the current chapter,
standard, processed, freely available satellite data products are being used. Data quality flags, e.g.
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for cloudiness or significant retrieval errors, were considered and the respective data points were
filtered out. As this chapter uses point observations, it is assumed that the MODIS products used
here (with a native resolutions of 250-500m) are representative of the location where the towers
are found, and that no further processing is required in that regard. Considering the main
elements of the hydrological cycle as well as drought types, a diverse set of variables/proxies was
taken into consideration to derive the single DIs for this chapter (Table 4.2). For each DI, the
category of the utilized data sources (in situ observations, satellite information, and/or a
combination of them), their spatial and temporal scale, and the method of deriving values for the

Dls (direct measurement, measurement-calculations) are summarized in Table 4.2.
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Figure 4.2. Locations of the three OzFlux tower sites and adjacent synoptic stations used in this study.

HS: Howard Springs OzFlux Tower Site, DAS: Darwin Airport Station, AS: Alice Springs OzFlux Tower
Site, GFS: Grape Farm Station, RC: Riggs Creek, ES: Euroa Station.
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Table 4.2. Hydroclimatic variables/proxies used in this chapter.
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. . o . Temporal | Spatial .
Category Data Sources Primary Variables Abbreviation Units Calculation
Scale Scale
Soil Moisture Content
SM mm 0.5hr
(Depth at 10cm)
Precipitation P mm 0.5hr Direct Measurement
In sity ob i OzFlux Towers -
n situ observations - m
Moisture Flux (Latent
Network ( MF wim? | o5hr
Heat)
Evaporative Fraction Index
EFI - 0.5 hr EFI =
(Shuttleworth et al. 1989) Rn—G
A combination of ) .
o . Asia-Pacific Water . o
in situ observations, ) Runoff & Surface Soil A combination of the output of
o ) Monitor (APWM) ) ROI mm 1 day 500 m
satellite information . Moisture several sources and models
Section
and model output
Normalized Difference
. NIR - VIS
Vegetation Inde NDVI - 1da 250 m =— "
g ! X Y NpvI NIR + VIS
(Maki et al. 2004)
Vegetation Condition Index NDVI — NDVL...
MODIS-Terra VCI - 1 day 250m | vcr = fmm
Satellite information _ (Patel et al. 2012) NDVlInax = NDVimin
Satellite
Temperature Condition _
P TCI ; 1day | 500m | rere—Tbmex=Tb
Index (Patel et al. 2012) Thyngx = Thmin
Perpendicular Drought PDI L4 250 1 ( )
- ay m | PDI = ——={VIS + M X NIF
Index (Ghulam et al. 2007) VMZ+1

NIR: the spectral reflectance measurements acquired in the near-infrared regions (700-1100 nm), VIS: the spectral reflectance measurements acquired in the
visible (Red) regions (400-700 hm). NDVImax and NDVImin: maximum and minimum NDVI for a given time series, Th: brightness temperature of the spectral
reflectance measurements acquired with band 4 of MODIS. Thmax and Thmin: maximum and minimum brightness temperature, respectively, M: the slope of soil

line in the NIR-VIS spectral feature space. H: latent heat flux (Wm), Rn: Net radiation (Wm2), G: ground/soil heat flux (Wm2). *This is an approximation.
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e Data limitations
The generally accepted approach to calculate long-term drought and water stress conditions
requires time series data that extend beyond 30 years, so as to cover the full dynamic range of the
local hydrology, while retaining sufficient data for validation purposes. The development of a
general drought or water index, such as presented here, would therefore require a complete set of
variables, including soil moisture, land surface water and energy fluxes, amongst others.
However, such a data set does not exist in situ for such an extended range of variable and length

of time.

The only observational data available for such a study come from comprehensive tower sites,
such as the FluxNet network (ORNL DAAC 2016), which provides data for selected sites of up
to 15 years, but with most sites in the range of 4-7 years of data availability. Hence, it is
necessary to develop new algorithms with the limited data that are currently available. For all
sites, the period chosen has covered a wide dynamical range of the local hydrology including the
2010 period when Australia transitioned from an extreme drought condition to a significantly
wetter climate with significant precipitation events in the following years. It was therefore
possible to capture almost the full range of conditions within a short time window. While not
optimal, the simplifying assumption is made that this wide range of conditions has the same
statistical properties as a longer time series, therefore allowing for the development of the
drought and water stress index presented here. This aspect is taken up again in the Chapter 6 to

address this limitation for future studies.

4.4 Results and discussion

For the calculation of the time series of the Perpendicular Drought Index (PDI), the values of
the soil line slope in the NIR-Red spectral feature space were found to be 1.4, 0.94, and 1.02 for
the Howard Springs, Alice Springs, and Riggs Creek tower sites, respectively. Depending on the
environmental conditions and the available data (and therefore the derived DIs), the number of
DI clusters may be more than two. This is actually expected, in particular for environmental
conditions that are significantly different to the arid- and semi-arid examples in this chapter, as
the underlying physical drivers may be different from region to region. In addition, inaccurate
primary selection of individual Dls (i.e. selecting irrelevant indices with water stress issue which

leads to forming more clusters) and/or inconsistencies stemming from data errors may influence
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the clustering. For the present chapter, considering only two clusters consisting each of water
content and vegetation conditions, is considered sufficient for the appropriate evaluation of an
ecosystem’s water stress conditions. For example, Table 4.3 shows the SDIs of RG categorized
into three clusters, of which Cluster 3 had only a single member (SEFI). This suggests that the
information contained within SEFI (at least at RG), can be considered redundant or even
irrelevant for the derivation of the main index, maybe due to data errors rooted within the
measurements. As SEFI basically shows the output of a terrestrial ecosystem in form of
evapotranspiration, it should consequently be located within the cluster representing water
content-based indices. As for AS and HS, the SDIs were distributed into two clusters, in which
Cluster 1 includes indices generally representing water availability, while Cluster 2 consists of
proxies which describe vegetation conditions. The average values of PSs between members of
each cluster are greater than 60%, underlining the accuracy of categorizing SDIs. Further, having
values of the KMO test greater than 0.5 shows that performing multivariate methods on each
cluster to derive aggregated variables was effective. In addition, with the Eigenvalues of PC1 (all
exceeding 1) as well as variable variances covered by PC1 (with the minimum value of 70%), it
can be stated that the PC1 derived from each cluster appropriately represents that cluster, as it

can properly cover the majority of the statistical characteristics of the members of that particular

cluster.
Table 4.3. Primary statistical information of individual SDIs at different regions.
Regions Clusters 55 | KMO Test Eigenvalues | Variance of variables
of PC1 covered by PC1

Cluster 1: SPI, SSMI, SMFI, SROI, SPDI | 62 0.59 2.3 7%

RG Cluster 2: SNDVI, SVCI, STCI 75 0.61 2.2 70%
Cluster 3: SEFI N/A
Cluster 1: SPI, SSMI, SMFI, SEFI, SPDI 80 0.78 35 2%

A Cluster 2: SNDVI, SVCI, STCI 62 0.56 2.1 70%
Cluster 1: SPI, SSMI, SMFI, SEFI, SPDI 87 0.84 3.7 75%

S Cluster 2: SNDVI, SVCI, STCI 62 0.59 24 81%

*PSs : The average of PSs between members of each cluster; PC1: first principal component of variables located at
a same cluster; RG: Riggs Creek; AS: Alice Springs; HS: Howard Springs; N/A: non-applicable for a single
member cluster.
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In this chapter, the lack of runoff data at the Alice Springs (AS) and Howard Springs (HS)
OzFlux tower sites meant that the standardized runoff and surface soil moisture index (SROI)
was only calculated and subsequently used to derive the SAWAI for the Riggs Creek (RG)
OzFlux tower site. To determine the sensitivity of SAWAI to SROI at Riggs Creek, the process
of deriving SAWAI was repeated but this time without considering the SROI (named SAWAI*).
The four goodness-of-fit criteria of Spearman rank correlation coefficients (Scc), Pearson
correlation coefficients (Pcc), Root Mean Square Error (RMSE), and VVolume Error (VE) were
then derived to compare SAWAI and SAWAI*.

The values of Scc=0.96, Pcc=0.97, RMSE=0.028, and VE=0.44 suggest that the impact of
missing the runoff variable in deriving SAWAI can be mitigated by including other variables
such as precipitation (eg. Standardized Precipitation Index (SPI)) and soil moisture (or
Standardized Soil Moisture Index (SSMI)). Based on the presented sensitivity analysis and given
that the main drivers of runoff are precipitation and antecedent soil moisture conditions, the
assumption has been made that SROI may not be needed for the two other case studies, as SPI
and SSMI implicitly contain the key information provided by SROI. A further analysis of the
validity of this assumption and its transferability to other climatic zones, in particular temperate
and humid regions is required, but it is suggested to be valid here, given the closeness of the

surface hydrological characteristics of the three sites.

In order to implement the proposed methodology, the wet and dry, as well as the plant-
physiologically active and non-active months were determined for each of the case study areas
(Table 4.4) according to Section 4.2.1. For that purpose, 30 years of monthly data were used to
classify active/non-active months. At Riggs Creek, the monthly historical data of precipitation,
mean minimum and mean maximum air temperature of the synoptic station of Euroa (1980-
2010), as well as historical information of monthly pasture growth in Victoria (DEPI 2015) were
used for this purpose. Also, historical data of the synoptic stations at Grape Farm and Darwin
Airport (1980-2010) were used to define wet/dry as well as active/non-active months for Alice

Springs and Howard Springs, respectively (Table 4.4).

Time series of SAVI, SAWAI and the proposed DFDI for the study sites are shown in Figure
4.3. Figures 4.3A, 4.3D and 4.3G present the time series of SAWAI along with SSMI at the
different locations. For all sites, SSMI and SAWAI appear to have similar trends; however,
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Table 4.4. Specification of wet/dry months, active/non-active months, and proposed DFDI based on
SAWAI/SAVI for each month at the different locations.

Riggs Creek Alice Springs Howard Springs

Month Active/ Proposed Active/ Proposed Active/ Proposed
Wet/Dry Non-Active DFDI Wet/Dry Non-Active DFDI Wet/Dry Non-Active DFDI

January Dry Non-Active | SAWAI Wet Active SAWAI Wet Active SAWAI

February Dry Non-Active | SAWAI Wet Active SAWAI Wet Active SAWAI

March Dry Non-Active SAWAI Dry Active SAVI Wet Active SAWAI
April Dry Active SAVI Dry Active SAVI Dry Active SAVI
May Wet Active SAWAI Dry Non-Active SAWAI Dry Active SAVI
June Wet Non-Active SAWAI Dry Non-Active SAWAI Dry Active SAVI
July Wet Non-Active SAWAI Dry Non-Active SAWAI Dry Active SAVI
August Wet Non-Active SAWAI Dry Non-Active SAWAI Dry Active SAVI
September Wet Active SAWAI Dry Active SAVI Dry Active SAVI
October Wet Active SAWAI Dry Active SAVI Dry Active SAVI

November Dry Active SAVI Wet Active SAWAI Wet Active SAWAI

December Dry Non-Active SAWAI Wet Active SAWAI Wet Active SAWAI

SSMI usually reflects water stress conditions more gradually and smoothly throughout a
specified time span, and consequently cannot show significant sensitivities to short-term water
stress fluctuations. This pattern is due to the long-term hydrologic memory of soil moisture
(equivalent to low-frequency variability), in particular in comparison with other hydrological
variables such as precipitation, which is spectrally white (Blender and Fraedrich 2006). This is
one of the main reasons why drought indices such as SNDVI and DFDlIs are preferred at weekly
temporal resolution (Keyantash and Dracup 2004, Barua at al. 2011, 2012). Further, Figures
4.3B, 4.3E and 4.3H show that the time series of SAVI are close to SNDVI at all three case study
sites. The reason of this high similarity lies in this fact that all SDIs which are located in Cluster
2 are derived from spectral measurements directly related to the vegetation conditions. In
general, the highest values for SAVI are associated with growing months and the lowest ones are
related to non-growing months or growing months with high water stress. In terms of memory,

both SNDVI and SAVI have a relatively short-term memory when compared to SSMI.
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Figure 4.3. Time series of A) SAVI compared with SSMI, B) SAWAI compared with SNDVI and C) the proposed DFDI compared with SSMI at
Riggs Creek OzFlux tower site. Descriptions of Panels D, E and F are same as A, B and C but for the Alice Springs OzFlux tower site.

Descriptions of Panels G, H and | are same as A, B and C but for the Howard Springs OzFlux tower site.
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After deriving the time series of the aggregated variables SAWAI and SAVI, the final
proposed DFDI can be derived based on the results of Table 4.4 and Equations 4.1 and 4.2.
Therefore, according to Table 4.4, at Riggs Creek the proposed DFDI was equal to SAVI for the
months of April and November, and equal to SAWAI for the remainder of the year. While the
soil moisture conditions in April and November may be described as “normal” (Figure 4.3A), the
vegetation water stress are between moderate wet and severe wet (Figure 4.3B). The reason for
this difference lies in the water consumption of the natural system. In fact, for both of these
months, mean maximum air temperature is usually mild (at Riggs Creek it is between 10 °C and

25 °C) and therefore evapotranspiration is moderate and energy limited, rather than water limited.

For Riggs Creek, the drought conditions in April and November cannot comprehensively be
described by water content-based indices such as SSMI and SAWAI, because at Riggs Creek
these two months are categorized as dry and active months (Table 4.4), and consequently, it is
necessary to employ a vegetation condition based index such as NDVI or SAVI to obtain more

accurate information on the prevailing conditions (Figure 4.3C).

At Alice Springs, the DFDI values were equal for the months March, April, September and
October based on SAVI. Performing cross-correlation analyses between SAWAI and SSMI
showed a 2-month time lag which can also be noticed in Figure 4.3D. This is explained with the
vegetation conditions of this area in September and October 2011 being associated with the soil
moisture of July and August 2011, or rather the deeper root-zone conditions that are a
consequence of the antecedent surface soil moisture. This is also reflected in an upward trend for
DFDI between September and October 2011, while SSMI drops remarkably (Figure 4.3F).

The overall climate conditions and vegetation cover at Howard Springs may be considered as
being between that of Riggs Creek and Alice Springs. Thus, the water stress conditions for this
area should be analyzed based on a combination of reasons already considered at Riggs Creek
and Alice Springs. According to Table 4.4, the months of April to October are active and dry.
Therefore, according to Equations 4.1 and 4.2, the proposed DFDI was determined based on
SAVIL. In this region, the average mean maximum and mean minimum air temperatures from

April to October are approximately 22 °C and 31 °C, respectively.
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Those local conditions result in a moderate level of evapotranspiration, which can also be
defined as the water consumption of the full terrestrial system, which is a combination of the lack
of precipitation and lower average daily temperatures in winter. Based on the available data, both
SAWAI and SSMI indicate significant levels of water stress, while the ecosystem is now defined
as slightly under stress by the DFDI (within the range of 0 to -1). Consequently, throughout the
period April to October, SSMI (or SAWAI) determined the water stress of this region to be
higher than that proposed by DFDI (Figure 4.31). Similar to Alice Springs, a 2-month time lag
was also found between SAVI and SAWAI. For example, in March 2011 SAWAI started
decreasing until May 2011, before increasing again until July 2011. This behaviour was imitated
by SAVAI from May 2011 with a minimum in June 2011. However, during this period, SSMI
was only decreasing (Figure 4.3I), showing that individual SDIs such as soil moisture (SSMI)
cannot be used to evaluate and interpret all different aspects of water stress of a terrestrial
ecosystem (Wilhite 2000, Van Loon and Van Lanen 2012).

e Deriving mathematical equations for SAVI and SAWAI

To complete the proposed methodology, explicit mathematical formulations for SAVI and
SAWAI were derived using the symbolic regression method (Table 4.5), such that the proposed
index could be applied in a practical way. As mentioned in the methodology section, the SDIs
should be selected as independent variables of SAVI and SAWAI, as these indices are usually
easy to quantify and have high similarities with dependent variables. At the study sites of Alice
Springs and Howard Springs, considering the time series of available SDIs (as independent
variables) and dependent variables (SAWAI and SAVI), three indices of SPI, SSMI and SEFI
were applied to estimate SAWAI values. The SNDVI was used for deriving SAVAI values. At
Riggs Creek, because of omitting SEFI after the clustering step, only two indices of SPI and

SSMI were considered as independent variables to estimate the values of SAWAI.

In order to derive the final equations for the DFDI, the “Eureqa Formulize” software
developed by Schmidt and Lipson (2009) was chosen to derive explicit mathematical equations
between independent and dependent variables. In recent years, this software has been utilized in
a variety of environmental issues as a reliable and accurate tool to evaluate symbolic regression
based problems (Abrahart and Beriro 2012, Drobot et al. 2014).
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Table 4.5. Derived mathematical equations along with goodness-of-fit criteria calculated on validation data for SAVI and SAWAI at the different

locations.
Goodness-Of-Fit values
. Dependent | Independent . . calculated on validation data Formula | Confidence | Confidence
Regions ) ) Mathematical Equations ) . )
Variable Variables Max. | Mean Abs. | Evaluations | Stability Maturity

r2
Error Error

SAVI = SNDVI - 0.19%sin[delay(SNDVI,3) +
SAVI SNDVI _ 96% | 0.34 0.14 3.4e10 91.2% 99.5%
sin(110.79*SNDV1)]

RG*
SAWAI = 0.58*SPI + 0.54*SSMI + 0.15*delay(SSMI,2) +
SAWAI | SPI, SSMI 93% | 0.66 0.19 8 el 93.3% 98.2
0.15*SPI"2 - 0.09*SSMI"2
SAVI = SNDVI + 0.07*SNDVI*sin(2.13*SNDVI +
SAVI SNDVI 94% | 0.36 0.11 5.5 el0 98.4% 99.5%
1.15*SNDVI"2)
AS*
SPI, SSMI,
sawAl | L SAWAI = 0.13 + 0.52*SEF| + 0.27*SSMI + 0.23* SPI 96% | 0.37 0.08 5.3 el 99.6% 99.8%
SAVI = SNDVI -0.003/(1+ sin(L.17 + 130.17*SNDVI -
SAVI SNDVI 95% | 0.70 0.17 3ett 94.5% 96.5%
. 11.48*SNDVI"2))
SPI, SSMI, | SAWAI = 0.06 + 0.55*SEFI + 0.34*SSMI +
SAWAI 96% | 0.30 0.10 6.5 el0 99.8% 99.8%
SEFI 0.07*SPI*SEFI + 0.09*SSMIA2 - 0.12*SPI2

* RG: Riggs Creek; AS: Alice Springs; HS: Howard Springs; Formula Evaluation is the total number of equations which are examined; “Confidence Stability
refers to how long the solution list has not changed; “Confidence Maturity” relates to how much computational effort has been put into the current listed

solutions. (Adapted from Eureqa User-Manual/website, http://formulize.nutonian.com/documentation/eurega/).
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Five main mathematical operators, exponential, trigonometry, and delay functions to derive
the optimum mathematical equations subject to a variety of the regression complexities have
been considered. The level of equation complexities grows when the number of contributing
independent variables and mathematical functions increases. The optimum solution is an
equation in which by increasing its complexity, the degree of its accuracy would not be changed
meaningfully. This optimum explicit equation can be easily used to derive the values for the
dependent variable. According to suggestions of previous research in modelling data by data-
driven methods (Azmi et al. 2010, Araghinejad et al. 2011, Gharun et al. 2015), 50% of the entire
data should be considered for the calibration stage, 25% for the validation stage and 25% for the
verification stage; and for all these three stages both normal and extreme events should be
present amongst the considered data set. As discussed above, only limited temporal data
coverage is available for this study, which affects the approach that can be taken to derive and

validate these equations.

In order to include a diverse range of hydrologic and vegetation conditions, a partial sampling
approach is therefore considered here for the different stages of calibration, validation and
verification (Araghinejad et al. 2011). This approach also overcomes the problem of overfitting
the regression to dynamic regimes that may not be representative of the entire data set, as would
be the case for a short and very dynamic data range when applying the traditional split sampling
technique, and generally results in a better performance when compared to other approaches. The
advantages and limitations of different sampling strategies for hydrological models have been
presented in other papers, such as Juston et al. (2009), and therefore are not discussed in detail

here.

Table 4.5 presents selected mathematical equations for modelling SAVI and SAWAI in the
different regions. The goodness-of-fit results, confidence stability, and confidence maturity
criteria show that the selected solutions were accurate and reliable. Amongst the selected
equations, the regression which belongs to SAWAI at Howard Springs had the highest accuracy
(Deterministic coefficient (r?)=96%, maximum error=0.3, and mean absolute error=0.1) and
reliability (confidence stability=99.8%, and confidence maturity=99.8%). Confidence stability
and maturity values close to 100% show that the final list of solutions is strongly reliable (Eurega

User-Manual/website, http://formulize.nutonian.com/documentation/eurega/). By using these
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explicit mathematical equations, users can easily derive the values of the proposed DFDI for
future water stress monitoring over the considered case study areas; which presents a user-

friendly and practical characteristic of the proposed methodology.

For the Riggs Creek OzFlux tower site, the accuracy of the mathematical solution versus its
complexity is presented in Figure 4.4A and 4.4B. Figure 4.4A indicates that the optimum
equation for SAWAI at Riggs Creek has a complexity size of 26 with mean absolute error of
0.19; while Figure 4.4B presents the optimum equation for SAVI at Riggs Creek as having a
complexity size of 38 with mean absolute error of 0.14. Further, the plot of observations versus
predicted values of SAWAI and SAVI are shown in Figure 4.4C and 4.4D respectively. These
scatter plots show that the selected equations have the ability to model both non-extreme as well

as extreme events appropriately, which is a desirable outcome for water stress monitoring issues.

It is expected to have different mathematical equations for areas with different climate
regimes and/or landuse-landcover conditions. To apply this methodology spatially (i.e. national
scale), the following steps need to be undertaken: 1- following the proposed methodology of this
chapter, SAWAI/SAVI values would be derived for each grid point, 2- the area would be
regionalized once, subject to climate regimes and also according to the landcover/landscape (the
outcome of this step would be two regionalization maps), 3- for each regionalized map, a
mathematical equation would be derived between SAWAI (SAVI) and the corresponding
independently observed variables.

e Proposed DFDI versus commonly used DFDIs

So far, the proposed DFDI was derived on the basis of addressing the deficits of commonly
used SDIs and DFDIs, and their advantages presented in comparison to single SDIs. Here, a
quantitative comparison between the proposed DFDI and previously used DFDIs is presented.
Time series of four commonly used DFDIs and the proposed DFDI are presented in Figure 4.5
for the three case studies. It is worth noting that to be able to compare the time series, each of the
commonly used DFDIs were standardized by their standard deviation. To comparatively evaluate
between commonly used DFDIs and the proposed DFDI, Spearman Rank Correlation
(constrained between +1) were used for determining the best aggregate correlation (Wilks 1995,
Keyantash and Dracup 2004), as it removes the problem of non-Gaussian distributions.
According to Table 4.6, the highest rank correlations were between LADI and NLADI (97%), as
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well as between WADI and AADI (89%), due to their similar base and foundations. The average
rank correlations between the proposed DFDI and other DFDIs ranged from 60% (proposed
DFDI vs NLADI) to 65% (proposed DFDI vs AADI), which shows a moderate correlation.

According to Figure 4.5, all DFDIs present similar trends from a general point of view.
Interestingly, under circumstances in which the proposed DFDI is considered equal to SAWAI,
the values of the proposed DFDI are mostly located between the maximum and minimum values
derived from other DFDIs. Nevertheless, in other cases in which the DFDI is equal to SAVI, the

proposed DFDI mostly presents maximum or minimum values with reference to others.
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Figure 4.4. A & B) Accuracy of the mathematical solution versus complexity within the Symbolic
Regression method for SAWAI and SAVI at Riggs Creek respectively; C & D) observations versus
predicted values derived from the selected mathematical equation for SAWAI and SAVI at Riggs Creek

respectively.
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Table 4.6. Comparison between commonly used data fusion based drought indices and the proposed
drought index using the Spearman rank correlation coefficient at the different locations.

LADI NLADI WADI AADI
RG | AS|HS | RG|AS | HS | RG| AS | HS | RG | AS | HS
PDFDI 0.72 | 047 | 0.72 | 0.72 | 0.42 | 0.67 | 0.55 | 0.67 | 0.67 | 0.58 | 0.62 | 0.76

DFDIs

LADI 0.97 | 0.97 | 0.97 | 0.55 | 0.54 | 0.73 | 0.68 | 0.66 | 0.87
NLADI 0.44 | 0.46 | 0.71 | 0.58 | 0.59 | 0.84
WADI 0.85|0.91 | 0.91

*RG: Riggs Creek; AS: Alice Springs; HS: Howard Springs

For all three cases, AADI and WADI tend to reflect minimum values from April to September
in comparison with others. In fact, the above-mentioned period covers the end of autumn, winter
and early spring in the southern hemisphere, therefore the values of air temperature are the
lowest, and consequently the values of AADI and WADI which are based on a weighted average
of air temperature and two other hydrological variables drop regardless of the actual water

availability situation and vegetation conditions.

Considering that LADI and NLADI are in fact aggregated drought indices of a set of SDIs
derived from water contents variables, it was expected to have high similarities between these
two indices and the proposed DFDI in months in which it is calculated based on SAWAI.
However, during other months (proposed DFD is equal to SAVAI) remarkable discrepancies are
apparent at times. This occurs because the reference of the proposed DFDI to detect the water
stress of an area during those months is based on the vegetation conditions which in turn depends
on the water availability of the area during the immediately preceding time steps (here previous
weeks) due to the presence of a lag time between water availability and its influence on
vegetation. One limitation of any statistical model is the requirement for data that describe the
diverse hydroclimatological and plant-physiological variables, both in space and time. This study
makes use of data collected at a variety of stations that provide such local datasets. In areas
without advanced instruments, the current algorithm can be applied using input data from nearby
synoptic stations (suitable where there is a comparatively low spatial variability in the surface
conditions), along with global distributed data sources such as model outputs (e.g. reanalysis
datasets such as NCEP/NCAR) and remotely sensed data products (e.g. MODIS and Landsat).
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Figure 4.5. Comparison between commonly used and proposed DFDIs at A) Riggs Creek, B) Alice
Springs, and C) Howard Springs.

4.5 Chapter summary

A comprehensive, robust and user-friendly water stress (drought) index is required by decision
support system models to obtain information for an improved water resources management and
planning. Nonetheless, evaluation and monitoring of water stress over a terrestrial ecosystem is
much more complicated than using single drought indices such as SSMI or PDSI. In the current

chapter, a data fusion-based drought index (DFDI) has been introduced to describe water stress
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based on coincident information from different single drought indices. In this way, the proposed
DFDI uniquely describes water stress conditions beyond the traditional individual
meteorological, hydrological, and agricultural subcategories. The proposed DFDI considers
simultaneously the water availability of the system and the water stress conditions of vegetation
to analyze different situations. Three case studies, with different climate and landuse conditions
were selected to describe the ability to generalize the proposed methodology. The high resolution
data and information required were provided from three sources; the OzFlux Network, the Asia-
Pacific Water Monitor (APWM), and the MODIS-Terra satellite.

In the next chapter, the proposed drought index will be used for the spatial monitoring of
short-term water stress conditions across Victoria, Australia. To validate the results of the spatial
DFDI product, weekly DFDI time series of the Riggs Creek OzFlux tower site (from December
2010 to June 2012) derived in the current chapter will be used as a benchmark. Further, the
derived DFDI’s spatial maps will be comparatively evaluated with the maps derived from

common drought indices such as SP1 and SSMI.



Chapter 5
Spatial monitoring of weekly water stress across Victoria
using DFDI

5.1 Overview

Throughout the previous chapter, DFDI was applied to evaluate weekly water stress
conditions for three different point locations with a spatially limited data set. In the current
chapter the previously developed approach will be applied to more extensive spatio-temporal
data set with a longer time series to investigate its applicability in a spatial context. The study
in this chapter demonstrates a spatial monitoring approach for weekly water stress across
Victoria, Australia, using three data sources: i) the Australian Water Availability Project
(AWAP), ii) the Soil Moisture and Ocean Salinity (SMOS), and iii) MODIS-Terra mission.
Under diverse climate conditions and landuse/landcover situations, the DFDI maps are
capable of showing meaningful results across different seasons throughout the state. Further,
a set of mathematical equations have been derived for the state of Victoria to facilitate water
stress forecasting. The contents of this chapter has been submitted as a journal paper:
Azmi, M., Rudiger, C., Walker, J. Spatial Monitoring of Weekly Water Stress in Victoria,

Australia, Water Resources Management. Under review.

5.2 Case study area and data sources

The state of Victoria is located in south-eastern Australia (from 33.97° S, 140.96° E to
39.2°S, 149.96°E), and is considered as the study area for this research. It is the second most
populated state in Australia despite having the second-smallest land area (237,629 km?)
(Nedovic-Budic et al. 2004). The capital city of Victoria, Melbourne, is the second largest
city of Australia with four distinct seasons and highly variable weather. In Victoria, spring

generally lasts from September to November, and summer from December to February, while
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autumn conditions occur during March to May, and finally winter from June to August. From
a climatological point of view, this state contains wet and temperate climate in the southeast,
in winter snow-covered Victorian alpine areas, and extensive semi-arid regions in the west
and northwest. This shows that precipitation events vary significantly across the state (Abdul
Rauf and Zeephongsekul 2014). According to the Australian Valuation Property
Classification Code (AVPCC), there are nine primary categories of land use in Victoria (VRO
2015) with a high ratio of essential industrial sectors suggesting that Victoria will be
susceptible to adverse climatological conditions, and requires a comprehensive water stress

monitoring framework.

This study utilizes three main data sources: i) spectral reflectance data from the MODerate
resolution Imaging Spectroradiometer (MODIS) on NASA'’s Terra satellite (Salomonson et al.
2001), ii) gridded precipitation and vegetation cover fraction datasets from the Australian
Water Availability Project (AWAP) (Raupach et al. 2007), and iii) the gridded soil moisture
dataset from Centre Aval de Traitement des Donnees SMOS (CATDS) (Jacquette et al. 2010).
More information about each data source is presented as follows.

The MODIS instrument observes 36 spectral reflectance bands for hydrological, oceanic,
and ecological applications with temporal resolutions ranging from daily to monthly. The
MODIS/Terra instrument has been in operation since 2000 (Salomonson et al. 2001). Here,
Version 5 of the daily spectral reflectance bands 1, 2, and 4 were used to derive the related

drought indices with a nominal spatial resolution of 1 km (Table 5.1).

The original daily precipitation data for AWAP were supplied by the Australian Bureau of
Meteorology (BoM), and are based on a 34-year observation period (1980-2014) collected
from synoptic stations throughout the country. The data are already gap filled and verified,
and gridded onto a 0.05° continental grid by the AWAP team (Raupach et al. 2007) (Table
5.1). In terms of vegetation cover fraction, this product is globally available at ~0.04° spatial
and monthly resolutions (from 1998-2005) (Gorbon et al. 2002), however it has been
resampled to 0.05° to suit AWAP (Table 5.1).

CATDS has been providing gridded SMOS L3/L4 products since 2010. Here, the daily
gridded (~0.25°) surface soil moisture (L3) product of the ascending orbit was selected (Table
5.1). This product provides an estimate of the soil moisture for grid points with a temporal

coverage of at least every 2-3 days (Jacquette et al. 2010).
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Table 5.1 The main data sources and their primary products that are used in this chapter.
Category . . o . Temporal Spatial
Data Sources Primary Variables Abbreviation | Units
Scale Scale
Combination of in situ T
Australian Water Availability Project (AWAP) under the _ _ Precipitation P mm 1 day
o ) ) observations, satellite
supervision of CSIRO Marine and Atmospheric Research . . 0.05°
(CMAR) in Australia information Vegetation Cover Fraction VCF % Mean Monthly
and model output
. . o Soil Moisture Content (depth=5 m?
Soil Moisture and Ocean Salinity (SMOS) SMC — 0.25°
cm) m?
Band 1: Near-Infrared Region NIR
o . 1 day
Satellite information — -
MODIS-Terra Satellite Band 2: Visible (Red) Region VIS nm 1 km?

Band 4: Thermal Infrared

TIR
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5.3 Methodology of spatial water stress monitoring using DFDI

This chapter provides a spatial application of the DFDI methodology introduced by Azmi
et al. (2016), and also discussed in the previous chapter, to demonstrate its value for future
global applications. Figure 5.1 shows the detailed algorithm flow-path applied to the current
study. After collecting the required hydroclimatological variables/proxies (Table 5.1), the
spatial and temporal scales of all variables were aggregated to match the SMOS 0.25° grid (by
using a nearest neighbour interpolation approach to resample between cells with finer spatial
scales to the sample size of 0.25°) and a weekly basis, respectively. Next, six drought indices
(Table 5.2) covering water content, water consumption, and vegetation conditions were
derived for each grid cell and then standardized based on an equiprobability transformation
(Shukla and Wood 2008). These standardized drought indices (SDIs) were then clustered via
the Probabilistic Similarities (PSs) method introduced by Azmi et al. (2016). In particular, the
clusters consisting of i) water content and ii) vegetation condition based SDIs have been
found to provide relevant comprehensive information to reliably evaluate the water stress of
an area. Thus, all subsequent steps only used the two above-mentioned clusters. Next, the
multivariate method of the principal component analysis (PCA; Hotelling 1933), and Factor
Analysis (FA; Kim and Mueller 1978) were performed on each of the clusters, and the first
principal component (PC1) was derived. After standardizing the PC1s by dividing by their
standard deviations, an arithmetic average between the PC1s of the two mentioned clusters
derived from PCA and FA multivariate methods was calculated giving the final aggregated
variable of that specific cluster. Hereafter, the final aggregated variables for clusters including
water content and vegetation conditions based SDIs are labelled as standardized aggregated
water availability index (SAWAI) and standardized aggregated vegetation index (SAVI)
respectively, as defined in the previous chapters.

Following the defined steps, historical time series of the DFDI for each grid point g were
determined subject to the conditions of time step i in terms of “wetness/dryness” and
“activeness/non-activeness” (Figure 5.1). According to Azmi et al. (2016), for grid point g, a
month is wet if the historical mean of the precipitation at that particular location and for that
month is higher than the historical annual mean, otherwise it would be considered a dry
month. For grid point g, a month is defined as photosynthetically active if the available plants
are physiologically active and growing, otherwise it would be non-active. To allow for a
qualitative interpretation of the DFDI, the thresholds introduced by Azmi et al. (2016) were

utilized as shown in Table 5.3.
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According to Figure 5.1, the final proposed data fusion based drought index (DFDI) was

calculated as follows:

If time t is during a dry month and an active season, the water stress monitoring is assessed

by SAVI, which reflects the water consumption and vegetation growth, according to
DFDI, = SAVI,; & DFDI, =SAVI, =g(SDl,;z=1:n);, j=t+1..,00, (5.1)

If time t is during a wet month, irrespective of whether that month is physiologically active

or non-active, the water stress monitoring is assessed by SAWALI:
DFDI, = SAWAI; & DFDI; = SAWAI, = f(SDI,;k=1:n);, j=t+1...,00 (5.2)

If time t is during a dry month and a non-active season, the water stress monitoring is
evaluated by SAWAI which reflects the amount of stored and plant-available water following
Equation 5.2. One of the advantages of the DFDI methodology is to present explicit
mathematical equations which make the process of water stress monitoring at current and

future time steps more user-friendly.

To achieve this objective, the area is first regionalized according to the two criteria of
wetness/dryness and active/non-active vegetation via a K-mean clustering method using mean
monthly normalized data of precipitation and the vegetation cover fraction (or other
vegetation-based indices such as NDVI which can detect the growth and activity of plants),
respectively. The outcome of this step is to spatially cluster the state into regions where all
points falling into each cluster follow similar behaviour in terms of wetness/dryness and
active/non-active vegetation criteria in different months. Then, for each sub-region of the
wet/dry (active/non-active) map, a mathematical equation is developed by employing the
Symbolic Regression Method (Koza et al. 2003) in which the dependent variable is SAWAI
(or SAVI) and independent variables are selected amongst members (SDIs) of the water
content (or vegetation conditions) cluster.

Emphasis is given to select more readily available SDIs as independent variables, rather
than more complex ones, in order to make the water stress monitoring as practical and
directly applicable as possible. Finally, following the last step of the algorithm shown in
Figure 5.1, DFDI values at the current and future time steps are calculated.
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Data Pre-Processing Step Selecting Two Clusters
Pool of Hydrological, Meteorological, and Cluster 1: Including water contents based
Ecological Variables/Proxies mentioned in > SDIs
1
Table Cluster 2: Including vegetation condition
l based SDIs
Harmonizing spatial scale of all variables
and proxies (0.25 degree) l
l Performing the multivariate methods of PCA
and FA on each mentioned clusters to derive
Standardizing Individual Drought Indices the first aggregated variables (PC1s)
mentioned in Table 2 l
l Standardizing PC1s by dividing them by their
- - standard deviations; and then averaging
Clustering SDIs using PSs Method between the PC1s of the two above clusters
|
The PC1 for cluster which included the vegetation The PC1 for cluster which included the water
conditions based SDIs is called as Standardized contents based SDIs is called as Standardized
Aggregated Vegetation Index (SAVI) Aggregated Water Availability Index (SAWAI)
I
water stress conditions at previous time steps based on Regionalizing area in terms of wetness/dryness
the DFDI as well as activeness/non-activemness

If grid point q at time J s at a wet month: (The outcome would be two regionalized maps)

Then DFDIgi=SAWAIgi T

x
If grid point g at time /is at a dry month & an active Deriving explicit mathematical equations for
month: Then DFDIg/=SAVIgi SAWA/SAVI using symbolic regression method for

each derived region

If grid point g at time J is at a dry month & a non-active
month: DFDIgi=SAWAIgi SAWAI=f(SDIk ; k=1:n) SAVI=g(SDlz ; z=1:m)

h 4

Monitoring by the proposed DFDI at current and future time steps (subscribed as j)

If grid point g at time j is at wet month:
Then DFDIj will be equal to value of SAWAIj which is derived from f(SDIkj ; k=1:n)

If grid point g at time j is at dry month & active season:
Then DFDIj will be equal to value of SAVIj which is derived from g(SDlzj ; z=1:m)

If grid point g at time j is at dry month & non-active season:
Then DFDI;j will be equal to value of SAWAIj which is derived from f(SDIkj ; k=1:n)

*f and g are mathematical functions between dependent variables and their related independent variables.

Subscribe k and z show the selected independent variables with total number of n and m respectively.

Figure 5.1. Schematic outline of water stress monitoring in spatial scales using DFDI.
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Table 5.2. Overview of the individual drought indices used in this chapter.

Temporal Spatial

Primary Variables Abbreviation Calculation Time period used to derive SDIs
Scale Scale
—i
Antecedent Precipitation Index (Kohler and Linsley 1951) API APl = z F’tk’I
=t 1980-2014
Standardized Precipitation Index (McKee et al. 1993) SPI Standardizing Measurements
Soil Moisture Index SMI Direct Measurements There is no need to use a historical
time series for calculating these
0 —
Normalized Difference Vegetation Index (Maki et al. 2004) NDVI weekly 0.25 NDVI = % indices. Values of SMC, NIR, VIS,
IR IR and TIR are used to calculate daily
Temperature Condition Index (Patel et al. 2012) TCI TIR= — " SMI, NDVI, TCI, and PDI. These

TIRpax — TIRmin
SDiIs are then rescaled to weekly

. 1 i i i
Perpendicular Drought Index (Ghulam et al. 2007) PDI PDI = e (VIS + M x NIF) scales by calculating the arithmetic
M=+ average over seven days.

Note: i: the number of antecedent days (here set to 7 days), P: the mount of precipitation during day t, k: a decay constant which can range from 0.80 to 0.98 (at current
study k is set to 0.9 as suggested by Heggen (2001). NIR: the spectral reflectance measurements acquired in the near-infrared regions (700-1100 nm), VIS: the spectral
reflectance measurements acquired in the visible (Red) regions (400-700 nm). TIR: Thermal Infrared of the spectral reflectance measurements acquired with band 4 of

MODIS, TIRmax and TIRmin: maximum and minimum Thermal Infrared values within the considered area, respectively. M: the slope of soil line in the NIR-VIS spectral

feature space (Ghulam et al. 2007) calculated as 1.024 for Victoria.
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Table 5.3 Proposed thresholds for the DFDI (after Azmi et al. 2016).
Threshold Range | Classifications
DFDI < -1.65 Extreme Dry
-1.65 <DFDI <-1.15 Severe Dry
-1.15 <DFDI <-0.67 | Moderate Dry
-0.67 <DFDI <0.67 Normal
0.67 <DFDI<1.15 | Moderate Wet
1.15 <DFDI<1.65 Severe Wet
1.65 < DFDI Extreme Wet

o Validation of DFDI maps

To validate the results of the spatial DFDI product, weekly DFDI time series derived by
Azmi et al. (2016) from data collected at the Riggs Creek OzFlux tower site (from December
2010 to June 2012) were used as a benchmark reference (also see previous chapter). The
location of this tower is within the Goulburn-Broken catchment (Lat:-36.650°, Lon:145.576°)
in northern Victoria, Australia (Beringer 2014). The closest map value to the OzFlux site is
subsequently compared with those reference values. In addition to the qualitative
comparisons which will be presented based on the thresholds shown in Table 5.3, a
quantitative comparison via the index of agreement (d) (Willmott 1984) was also performed

as follows:

N 2
> (ref, —est;)
d=-1 E

, (5.3)

iqesti — ref oo | +|ref; - ref )’
i=1

mean)
where ref; and est; are the i reference (observed at Riggs Creek site) and estimated (derived
from spatial maps) values of the considered variable (SAWAI/SAVI); and N is the total
number of samples of the considered variable. The index of agreement (d) varies between
zero and one; in which d=1 indicates a perfect agreement between reference and estimated
values. Due to the fact that the aggregated hydroclimatological variables derived from the
PCA method follow the standard Gaussian distribution function after standardization, by
dividing by their standard deviations (Keyantash and Dracup 2004), the mean of the
SAWAI/SAVI time series for Riggs Creek (refmean) can be set to zero for the current study.

5.4 Results and discussion
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Considering the relatively short length of the available DFDI time series at Riggs Creek
for validation, the availability of all used data sources, errors caused by atmospheric factors
such as cloud cover, and different seasons in Victoria (leading to different combinations of
wetness/dryness and activeness/non-activeness situations), eight time steps including the 1%
and 2" weeks of April 2011, the 1%t and 2" weeks of July 2011, the 1%t week of October 2011,
the 2" week of January 2012, and the 1% and 2" weeks of March 2012 were selected to

derive DFDI maps for Victoria.

For instance, Figure 5.2 shows the maps of the traditional SDIs for the 2" week of January
(the middle of summer in Victoria) 2012 underlining the significant variations between the
different indices. Here, larger positive values of SDIs such as the standardized SMI (SSMI)
and NDVI (SNDVI), as well as SPI reflect a historically wet ecosystem as well as a higher
level of activity for this vegetation and point in time, while more negative values show more
severe water stress conditions, with the exception of the Standardized PDI (SPDI) in which
the situation is reversed (more positive values indicate more severe water stress conditions).
An initial evaluation of this figure suggests that during this period the entire state underwent a
water content deficit (most clearly according to SSMI). However, at the same time the south-
east and north-west appear to experience wetter conditions (according to SPI and SAPI).
From a vegetation condition point of view (values of SNDVI, STCI, and SPDI), the
vegetation in the southern parts of Victoria is in a relative sense more subjected to water
stress, while the vegetation water stress conditions in the north-east region has eased.
Available discrepancies in the evaluation and interpretation of water stress conditions subject
to considering different SDIs is the main motivation to use new indices such as DFDI, which
is based on the combination and integration of a set of SDIs to derive more comprehensive

and consistent information.

As mentioned in the methodology section, the PSs method is employed for the SDIs to
categorize them into different clusters. The aim of this step is to determine SDIs which will
be the members of two clusters, representing water content and vegetation conditions,
respectively. The results of this process are presented in Table 5.4, which shows that three
groups have been formed. The members included in the first two groups have very high
similarities (averaged PSs=100%, and o>0.9) with each other, in which the first group
includes vegetation condition-based indices of STCI and SNDVI. The second group consists
of the water content-based indices SPI, SAPI, and SSMI; and the third group consists of a
single member (SPDI).
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Figure 5.2. SDI maps for the 2" week of January 2012 in Victoria. Dark blue colour shows the

wetness of the ecosystem and or activeness of vegetation, while dark red colour indicates higher levels

of the ecosystem dryness and or non-activeness of vegetation. The white grid points within the spatial

data are due to extensive water bodies (i.e. wetlands).

Table 5.4. Probabilistic similarities, and Cronbach a test amongst members of derived clusters, and

also statistical charactristics of PC1s derived from each cluster.

Clusters PSs | a test Eigenvalues of PC1 | Variance of members by PC1
STCI, SNDVI 100 0.92 1.76 7%

SPI1, SAPI, SSMI 100 0.91 1.66 75%

SPDI N/A

*N/A: Non-Aplicable.
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According to the equation of SPDI (Table 5.2), this index holds some information related
to both water content and vegetation conditions, and that is why it was detected as a new
cluster with redundant, overlapping, and more importantly partly inaccurate information. In
terms of accuracy, SPDI was found to lack accuracy on densely vegetated fields such as
pastures and agricultural fields (Ghulam et al. 2007, Ghulam et al. 2008), which are common
in northern and western Victoria. In order to assess the impact of SPDI on the cohesiveness of
each cluster, it was added to two other variable groups, and an a test was performed, which
led in both cases to values of less than 0.4. This shows that merging SPDI with other clusters
of the current study can decrease the accuracy of those clusters remarkably, and consequently
SPDI was ignored for the remaining steps. After aggregating the SDIs of each cluster
representing vegetation water content conditions, the aggregated variables which are
representative of all SDIs were selected. To achieve this goal, the Eigenvalues (>>1) as well
as variances of indices covered by the PC1s (>0.75) were considered according to the Kaiserl
method (Kaiser 1960). Subsequently, it was concluded that the PC1s of the first two groups
can appropriately contain the charactristics and information of the entire cluster, and
consequently can be regarded as representatives of water content and vegetation conditions-
based SDIs, respectively.

Following the clustering of the SDIs, the combination process was performed to derive
two aggregated variables of SAWAI and SAVI. For example, Figure 5.3 presents the results
of this process for the 2" week of July 2011. Considering the left panels of this figure, water
content based SDIs (SSMI, SPI, and SAPI) indicate drier conditions in the north, south-east
and particularly north-west in comparison to other parts of Victoria, which is well reflected in
the SAWAI (lower left panel). In addition, the right panels represent the water stress of the
vegetation particularly across the eastern half of the state, with the exception of the very east
and south-east regions due to precipitation events during the 1% and 2" weeks of July 2011
across those areas which provided enough water vegetation activities. As for the SAWAI,

SAVI is able to represent the spatial patterns reasonably well.

It is worth noting that these vegetation-based indices show some inconsistencies in the
maps, which can be due to a spatially diverse landuse-landcover in Victoria, and also spectral
measurement errors in deriving the vegetation based SDIs such as NDVI and STCI at an
aggregate level.
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Figure 5.3. SAWAI map (bottom-left panel) derived from the aggregation of SSMI, SPI and SPAI
maps, as well as SAVI map (bottom-right panel) derived from the aggregation of SNDVI and STCI
maps for the 2" week of July 2011. The white grid points within the spatial data are due to extensive

water bodies (i.e. wetlands, and natural lakes).
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Figure 5.4 presents the results of regionalization with respect to active/non-active
vegetation (three regions of north-west, center and some parts of west, and finally east and
some parts of south-west) and wet/dry conditions (seven regions from north-west to very end
east) criteria. As mentioned before, the regionalization is implemented via the K-mean
clustering method using mean monthly normalized data of precipitation and the vegetation
cover fraction for wetness/dryness and active/non-active criteria respectively. Considering the
modified Koppen climate classification (Peel et al. 2007) and employing 30 years of data
from 1961-1990 (BoM 2016), in Figure 5.4 (the top panel) Region 1 can be regarded as
grassland and Region 2 and 3 as temperate. According to Table 5.5, wet months mostly occur
from the end of autumn (May) to the end of spring season (November), while in terms of
vegetation activity, September and October (spring season) are considered as active months

for the whole of Victoria.

Regionalizing VIC based on the wetness/dryness criterion
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Figure 5.4. Regionalization of Victoria in terms of wet/dry (top panel), and active/non-active (bottom

panel) criteria.
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Nonetheless, in southern and north-eastern Victoria (Region 3 based on active/non-active
criterion), active months start from July and end in November. By comparing the lower panel
of Figure 5.4 with the landuse/land-cover information of Victoria, Region 1 is covered by
sparse woody plants and wheat and cereal fields, Region 2 covered almost entirely by cereals
and legumes fields as well as pastures, and finally Region 3 mostly included softwood and

native woody plants.

Finally, based on the results of the two aggregated variables SAVI and SAWALI, as well as
the information provided in Figure 5.4 and Table 5.5, the final DFDI maps for the considered
time steps are derived and presented in Figure 5.5. A qualitative assessment of those maps
shows consistent spatial patterns throughout. In Victoria, April is a non-active month
throughout, therefore DFDI is derived based on the values of SAWAI. The calculations for
the 1% week of April 2011 indicate severe and extreme dry conditions for the north and south-

west while the remainder of the state is in normal conditions.

Table 5.5. Monthly wetness/dryness and activeness/non-activeness situations of derived regions in

Victoria.
Regions regionalized based on the Reglons regionalized
Month Wetness/Dryness Criterion based on the

Act./Non-Act. Criterion

1 2 3 4 5 6 7 1 2 3
Jan. w D D D D D D NA NA NA
Feb. D D D D D W D NA NA NA
March D D D D W D D NA NA NA
Apr. D D wW D D D wW NA NA NA
May w W W D D D wW NA NA NA
June w W wW D W wW wW NA NA NA

July w W wW W W D wW NA NA A

Aug. w w w w w D D NA A A

Sep. w w w w w D w A A A

Oct. w w w w w w w A A A

Nov. w D w w w w w NA NA A
Dec. w D w w w w D NA NA NA

*W: Wetness, D: Dryness, A: Activeness, NA: Non-Activeness.
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Figure 5.5 Final water stress maps of Victoria based on the DFDI for the eight different time steps.
The white grid points within the spatial data are due to extensive water bodies (i.e. wetlands, and

natural lakes).

With respect to precipitation events during the 2" week of April, severe and extremely dry
conditions in northern and south-western Victoria have turned into moderately dry and
normal conditions in the 1% week of April. In contrast, for the 1% week of March 2012,
Victoria generally experienced less water stress conditions compared to the following week,

due to the lack of precipitation events in the 2" week of March and also the presence of water
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consumption in form of evaporation and possibly percolation. Considering Figure 5.5, water
stress conditions throughout Victoria during the first two weeks of July 2011 generally
indicated a range of normal (north and north-west) to extreme wet conditions (small areas in
east and south-west), which were caused by precipitation events in winter and a generally low

level vegetation water consumption.

In terms of validating these spatial maps, comparisons were made to the Riggs Creek
OzFlux tower site. Table 5.6 shows the comparative evaluations between the values of DFDI
derived from the different panels of Figure 5.5 with the DFDI time series of Riggs Creek
OzFlux tower site derived by Azmi et al. (2016). The index of agreement (d) of 0.81 suggests
a strong fit between the point and spatial data, supporting the assumption that spatial maps
can be dervied from satellite data.

Table 5.6 Comparison between the DFDI values derived from spatial maps at the same geographical
location as the Riggs Creek OzFlux tower site with the time series of Riggs Creek OzFlux tower data
derived by Azmi et al. (2016).

Qualitative
Events Areas DFDI’s value o
Conditions
) Riggs Creek -0.36 Normal Conditions
April 2011, week 1 _ _
Spatial Maps 0.50 Normal Conditions
Riggs Creek 0.08 Normal Conditions
Apr. 2011, week 2 _ _
Spatial Maps 0.41 Normal Conditions
Riggs Creek 0.03 Normal Conditions
July 2011, week 1 _ _
Spatial Maps 0.97 Moderate Wet Conditions
Riggs Creek 0.09 Normal Conditions
July 2011, week 2 _ _
Spatial Maps 0.27 Normal Conditions
Riggs Creek 0.74 Moderate Wet Conditions
Oct. 2011, week 1
Spatial Maps 1.30 Severe Wet Conditions
Riggs Creek -0.79 Moderate Dry Conditions
Jan. 2012, week 2 _ _
Spatial Maps -1.6 Moderate Dry Conditions
Riggs Creek 0.78 Moderate Wet Conditions
March 2012, week 1 _ _
Spatial Maps 1.90 Extreme Wet Conditions
Riggs Creek 0.60 Normal Conditions
March 2012, week 2 _ _
Spatial Maps 0.91 Moderate Wet Conditions
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The qualitative interpretation of the DFDIs following Table 5.3 shows that in 50% of the
cases, the descriptors from both spatial maps and Riggs Creek tower are identical; while in
other cases spatial maps tend to reflect the water stress conditions more extreme than what
has been derived by Azmi et al. (2016) at the location of Riggs Creek OzFlux tower site. As
the Riggs Creek OzFlux tower is the only available point scale reference in Victoria located
in relatively open conditions, it is assumed here that the accuracy of the spatial DFDI maps

with respect to this reference can be appropriately accepted.

In order to derive the final DFDI equations for future time steps, the “Eureqa Formulize”
software developed by Schmidt and Lipson (2009) was used. Five main mathematical
operators together with exponential, logical, and trigonometric functions were considered to
derive the optimum mathematical equations, subject to a variety of regression complexities.
The level of equation complexities grows when the number of contributing independent
variables and mathematical functions increases. The optimum solution is an equation in
which by increasing its complexity, the degree of its accuracy would not be changed
meaningfully. Table 5.7 presents the optimum derived mathematical equations for each
region along with their goodness-of-fit values calculated with the validation data set.
According to this table, the best values of goodness-of-fit criteria belong to equations of
SAVI (r?=0.85, maximum error=0.7, and mean absolute error=0.25) for Region 1, and
SAWAI (r?=0.80, maximum error=0.7, and mean absolute error=0.23) for Region 4. While
the worst results are r>=0.81, maximum error=1.3, and mean absolute error=0.46 for SAVI for
Region 3 as well as r?=0.5, maximum error=1.8, and mean absolute error=0.41 for SAWAI

for Region 2.

Using the derived mathematical equations, DFDI maps can be provided for different time
steps as shown in Figure 5.6. Comparing Figures 5.5 and 5.6 then indicates that the central
north and south-west regions of Victoria have the highest differences. This point is
highlighted through the maps of the 15t week of April 2011, 2" week of January 2012, and 2"
week of March 2012. However, the estimated maps have been able to appropriately track the
spatial trends of the extreme events. These differences are mostly due to highly diverse spatial
patterns of landuse/landcover and climate regimes in these parts of Victoria and the
significantly lower spatial scales of the input data and their associated uncertainties, when

compared to local point measurements.
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Table 5.7 Derived mathematical equations along with goodness-of-fit criteria for SAVI and SAWAI calculated on the validation stage of modelling

mathematical equations at different regions of Victoria.

Goodness-Of-Fit

Regions Total
. Dependent | Independent . . Values
Categories Based on No. of Mathematical Equation
Variable Variables .
Categories Obs. r2 | ME | MAE
. 1 448 SAVI = (-25.417 - 1.845xSNDVI)/(STCI - 5.854) - 4.630 0.85| 0.7 | 0.25
Activeness/ SNDVI
Non- 2 SAVI sTel ' 832 SAVI = 0.595xSNDVI + 0.573xSTCI - 0.097 079 | 1.1 | 0.33
Activeness _ 2 2
3 1168 | SAVI =0.218 + 0.565xSNDVI + 0.427xSTCI + 0.026xSTCIXSNDV I - 0.071xSTCI 081 | 1.3 | 0.46
1 312 SAWAI = 0.368 + SSMI/(2.327 + SAPI) 0.72 |1 05 | 0.14
2 1400 | SAWAI = SSMI/(1.483 + SPI? + SSMIxif(SSMI>0, SSMI, SPI) - 1.941xSSMIxSPI) 052 | 1.8 | 041
3 104 SAWAI = 0.823 + 0.479%SPI + 0.096xSPIXSAPI + 3.042/(-2.491 - SSMI) 062 | 0.7 | 0.21
Wetness/ SPI, SSMI, SAWAI = SPI2 + 0.317xif(SP1>0, if(SAPI1>0, SSMI?, SSMI), SAPI) - 0.125 - 0.145x0.1525M! -
4 SAWAI 184 ] 0.80 | 0.7 | 0.23
Dryness SAPI 0.302xSPI3xif(SSMI>0, SPI?, SPI)
5 285 SAWAI = 0.280xSSMIxSPI + 0.280xSPIxSAPI - 0.120 049 | 09 | 0.28
6 83 SAWAI = 0.649 + 0.740xSSMI 0.66 | 0.6 | 0.11
7 80 SAWAI = 0.053 + 1.026xSAPI + 0.621xSSMIXSAPI - 1.262xSPI - 0.311xSSMIxSPI3 0.64 | 0.4 | 0.18

* Total No. of Obs: Total number of observations (samples) for each dependent/independent variable used to derive the regressions (including calibration, verification

and validation stages). MAE: Mean Absolute Error. ME: Maximum Error.
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Figure 5.6. Final water stress maps of Victoria based on the estimated DFDI for the eight different
time steps. The white grid points within the spatial data are due to extensive water bodies (i.e.

wetlands, and natural lakes).

This issue needs to be investigated more thoroughly in the future by splitting the central
north and south-west parts of Victoria into more homogeneous sub-regions by considering
other regionalizing techniques and methodologies. In fact, a variety of more sophisticated

geostatistical methods, as well as different sets of data (i.e. using NDVI instead of vegetation
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cover fraction) can be considered for regionalizing a specific area which may lead to different
rationalizing maps with different uncertainties. However, this is well beyond the scope of this
thesis, as other items that would also have to be considered then are the observational
uncertainties and heterogeneities of each pixel, the annual changes, in particular for

agricultural zones, and how this can be incorporated into the DFDI.

In order to use this methodology for practical operations such as spatial water stress
predictions, forecast values from global/local distributed land surface or climatological model
outputs may be converted into SDIs. Those are then substituting the historical/current
observations in the derived equations to determine future levels of SAVI and SAWAL
Eventually, using Table 5.5 and also Equations 5.1 and 5.2, the final DFDI values are
determined much in the same way as with the satellite data.

Since there is a lack of real ground-truth across Victoria in the form of accessible maps
and information, the validation process is limited to comparing the DFDI maps with
commonly used drought indices, such as soil moisture and precipitation. Nonetheless,
Exceptional Circumstances data available through the Queensland government can be
regarded as an acceptable ground truth for validating any new indices such as the DFDI. First
results have shown promise in terms of the accuracy of the DFDI in spatio-temporally
detecting drought events in comparison with the commonly used drought indices (e.g. SPI
and soil moisture). Nonetheless, further analysis would be one of the main future research
directions. For instance, Figure 5.7 presents spatial DFDI map along with Rainfall Percentile
Ranking (RPR) and an EC map for March 2013. Comparing the maps obviously illustrates
that DFDI has been able to detect the water stress conditions much more properly in
comparison with RPR which is currently utilized by the Australian Bureau of Meteorology, in
particular across the northern parts of the continent. An in-depth quantitative comparison
between the accuracy and reliability of different drought indices in Australia would be one of

the future directions.

5.5 Chapter summary

In order to develop a more inclusive and efficient water resources management and
planning system, a comprehensive and reliable drought index is required to detect and even
predict the water stress conditions of an area. Azmi et al. (2016) introduced a data fusion
based drought index (DFDI) that combines different single drought indices by considering

simultaneously the water availability of the system and the water stress conditions of the
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Figure 5.7. Comparison between DFDI (left panel), Rainfall Percentile Ranking (middle panel) taken from http://www.bom.gov.au/, and Queensland drought
situation map (right panel) taken from https://www.longpaddock.qld.gov.au, for March 2013.
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vegetation. They showed that at a point scale (OzFlux Tower sites) DFDI can be more
accurate and reliable than commonly used drought indices such as SPI. This research
investigated the suitability of the DFDI across larger spatial scales, such as the state of
Victoria in Australia, using spatio-temporally sparse datasets.

In order to evaluate this ability, modelled data such as AWAP, and satellite data such as
SMOS, and MODIS-Terra were used to provide daily data for evaluating weekly water stress
conditions for eight different weeks during 2011-12, and compared against in situ benchmark
values. A set of mathematical equations were also derived to facilitate the process of

determining DFDI values for future time steps (water stress forecasting).

Throughout the last three chapters, limited observations (less than four years of weekly
data) were successfully employed to evaluate water stress conditions. However, the question
is whether this set of data is sufficient for this type of applications or whether longer datasets
are needed to be applied. The next chapter provides an analysis of long- and short-term data
sets available in Australia (and in part used in this study) to address this issue. The statistical
characteristics of those data sets will be compared to answer the above question.
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Chapter 6
Comparative evaluations of short-term OzFlux tower

observations and long-term AWAP model data

6.1 Overview

Studies in a variety of fields have dealt with determining sufficient sample size (or the length
of time series) in order to accurately describe the statistical properties of a dataset population
(i.e. McDonald and Green 1960, Farajzadeh et al. 2010). For hydro-meteorological applications,
a 30-year period is generally considered sufficient to detect all extreme and normal conditions
across a region (McDonald and Green 1960, Shahabfar and Eitzinger 2013, Jain et al. 2014,
Bayissa et al. 2015). However, for observed variables such as soil moisture and
evapotranspiration such long-term data are not available, making it necessary to use short-term
observations, which is possible if the temporal stationarity of the statistical characteristics is
ensured (Seneviratne et al. 2010, 2012). In contrast to the commonly stipulated data length
requirement of 30 years for water stress (drought) monitoring, a number of studies have
suggested that the sufficient length of a variable depends on its nature, temporal dynamics and
stationarity of their statistical characteristics. For instance, Porth et al. (2001) indicated that
under certain conditions, considering five years of streamflow is sufficient to estimate 50% of
the return intervals correctly. Similarly, Wu et al. (2005) discussed that if the short-term data
sets (in their case, precipitation) can convey the statistical probabilistic characteristics (i.e.
probabilistic distribution functions and quartiles) of long-term climatic conditions of a region,
the short-term data may be deemed acceptable for hydro-meteorological evaluation and
validation scenarios. This is supported by a recent study developing a coastal drought index
which also examined the effect of different time series lengths (Conrads et al. 2016). There, it
was shown that only 5 to 10 years of data to derive the index can be sufficient to provide useful

information on coastal drought and freshwater conditions.
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Here, 3-year datasets from three distinct OzFlux towers are compared against a long-term
dataset (1911-2016) from the Australian Water Availability Project in terms of stationary and
dynamic statistical characteristics. To compare the data sources, box plots and empirical
cumulative distributions functions are applied to analyze the stationary statistical characteristics,
and also four further criteria (Pearson coefficient, Spearman coefficient, Nash-Sutcliffe
coefficient, and Index of agreement) are employed to assess the dynamic similarities between
two different datasets. The results of this chapter have been submitted as a journal paper as
follows:

Azmi, M., Rudiger, C., Smith, A.B., Walker, J. Comparative evaluations of short-term OzFlux
tower observations and long-term AWAP data in weekly water stress monitoring.

Geophysical Research Letters. Under review.

6.2 Data and methodology

6.2.1 Data

The in situ observations were prepared by aggregating high temporal resolution (0.5h) data
collected at the three OzFlux towers of Riggs Creek (Beringer 2014, data coverage Dec-2010
to May-2012), Alice Springs (Cleverly 2011; Sep-2010 to June-2013), and Howard Springs
(Beringer 2013; Jan-2011 to Dec-2013). These three study sites were chosen because of their
different climate and landuse conditions, representing temperate to arid climate regimes.
Overall, five variables were considered here: soil moisture at 10 cm, accumulated precipitation,
moisture flux (latent heat), evaporative fraction, and runoff, which would be aggregated to
derive the hydrological cluster’s representative of the DFDI (Standardized Aggregated Water
Availability Index — SAWAI; Azmi et al. 2016).

The long-term (1911-2016) daily modelled data were provided by the Australian Water
Availability Project (AWAP; Raupach et al. 2007). The data are continuous and gridded onto a
regular 0.05° grid. Here, considering the available data and information, five hydro-
meteorological variables of accumulated precipitation, real evapotranspiration, runoff, and soil
moisture from depth zero to 10 cm and from 10cm to 100cm were aggregated to derive SAWAI
based on the AWAP dataset. To collocate the data, the values of the closest grid points with

respect to the locations of the OzFlux tower sites were chosen.
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It is worth noting that according to the Azmi et al. (2016), the hydrological variables which
are employed for aggregation are not fixed and only need to cover the main hydrological

variables of a terrestrial ecosystem.

6.2.2 Methodology

For each hydro-meteorological variable, three different populations were obtained,
consisting of 1) short-term, standardized observations from the OzFlux towers, 2) long-term,
standardized model data, and 3) short-term, standardized model data with the same length of
data as observations. The mean and standard deviation of each variable’s population is

standardized as follows:

z =4"H (6.1)

where xi is the value of variable x at time step i; and # and o are the respective mean and

standard deviation of the associated population.

Using the long-term standardized data of the AWAP dataset, SAWAI time series were
derived and compared with time series which were already available from the tower
observations presented in Azmi et al. (2016). To calculate the SAWAI, three multivariate
methods of the Principal Component Analysis (PCA) (Hotelling 1933), Factor Analysis (FA)
(Kim and Mueller 1978) and Independent Component Analysis (ICA) (Hyvarinen and Oja 2000)
were utilized for aggregating the considered standardized hydro-meteorological variables. An
arithmetic average of the first Principal Components derived from the above multivariate
methods was then calculated to determine the SAWAI time series (for more detailed

information about the process of deriving the SAWAI, refer to Azmi et al. (2016)).

To derive the SAWALI time series, all abovementioned hydro-meteorological variables were
utilized. However, for the assessment of the statistical characteristics between variables with
different populations, only precipitation and soil moisture were considered as representatives

of whole system.

In order to evaluate the probabilistic behaviour of standardized precipitation and soil moisture
calculated from different populations, box plots (quartiles, mean, median and ranges of data)
and empirical cumulative distributions functions (CDFs) were used. Moreover, four criteria

were applied to analyze the consistency, similarities and dynamic relationships between the
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tower observations and long-term modelled time series with the same time windows as
observations. The abovementioned criteria are the Pearson correlation (Pe), the Spearman rank
correlation (Ra), the Nash-Sutcliffe efficiency (NSE), and the Index of Agreement (d).

The Pearson correlation coefficient (Pearson 1895) is defined as

_ Cov(Obs, Mod)

O 0bs O Mod

Pe (6.2)

where Cov(Obs,Mod) is the covariance between observations and modelled data; o, and

Owos are the standard deviations of observations and modelled data, respectively.

As the Pearson correlation only considers linear relationships between two variables, the
Spearman rank correlation coefficient (Spearman, 1904) was introduced to consider non-linear
relationships between variables. It is expressed as

Ra = Cov(rgobs ' rg Mod) , (63)

MJobs o I Mod

where Cov(rgons,rgmod) is the covariance between the rank observations and rank modelled

data; o, and o, ~are the standard deviations of the ranked observations and ranked

modelled data, respectively.

In order to include the impact of bias between two datasets, the Nash-Sutcliffe efficiency
(Nash and Sutcliffe, 1970) was introduced to evaluate the ability of models to represent the
dynamics of a system with the correct magnitude. The NSE is defined as follows:

N
> (Obs, —Mod,)?
NSE =1-—1=L : (6.4)

N

Z (Obsi - Obsmean ) ?
i=1

where Obs; and Mod; are the i observation and modelled data of the considered variable; N is
the total number of samples of the considered variable; and Obsmean is the mean of the observed

variable over the entire time series.
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Finally, Willmott (1984) proposed the Index of Agreement (d) to overcome the insensitivity
of the Nash-Sutcliffe efficiency and Pearson/Ranking correlations to differences in means and

variances of observed and model data as follows:

2

i(Obsi —Mod,)

d :1— N =1 ' (65)
> (Mod; - Obs,,,|+|Obs;, —Obs, ,.|)*
i=1

mean

where Obs; and Modi; are the i observation and modelled data of the considered variable; and
N is the total number of samples of the considered variable. The Index of Agreement (d) varies
between zero and one; in which d=1 indicates a perfect agreement between reference and

estimated values, as it is the case for the other coefficients.

6.3. Results and discussion

In the current study, two hydro-meteorological variables, namely precipitation and soil
moisture (top 10 cm), are evaluated as representatives of all available hydro-meteorological
variables. Figure 6.1 and 6.2 show the box and CDF plots of the two variables (observed and
modelled). Moreover, the statistical charactristics of different datasets including the results of
K-S test over two datasets are presented in Table 6.1. The statistics of the observed data include
all available observations, whereas those of the modelled data are either based on the same
length as the observations (AWAP_short) or the entire modelled data range. As discussed above,
the standardized long-term AWAP data were calculated using the entire modelled data set, and
the dynamic statistics (four criteria) presented here are calculated between observations and

long-term data with a time window length identical to the one of the observations.

In both figures and also Table 6.1, the difference between the mean, median and also
skewness values across all sites implies a biasness in the distribution of both precipitation and
soil moisture, highlighting that the data do not follow a Gaussian distribution. As the mode of
all data is less than zero, there is a persistency and domination of dry events across all sites.
However, the distribution tails have very high positive values which shows that wet conditions
are more likely to be in the form of extreme conditions. Most important is the fact that,
according to the results of K-S test (Table 6.1), the CDFs graphs for precipitation and soil

moisture across all sites appear to be relatively consistent, irrespective of the time length,
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suggesting that both the long-term modelled data and short-term observations similarly

represented the probabilistic characteristics of a location.
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Figure 6.1. Left panels: Box plots (Outliers are not displayed) of standardized weekly precipitation based

on the observations of OzFlux towers (left box), short-term data from AWAP for the same time period

as towers (middle box), and long-term data from AWAP (right box); Right panels: CDFs of standardized

weekly precipitation based on the observations of OzFlux towers (black line), short-term data from

AWAP for the same time period as towers (red dash line), and long-term data from AWAP
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Figure 6.2. As for Fig.

1, but for Soil Moisture.

(green dash line). Tables inside the right panels represent the goodness-of-fit criteria between the

observations of OzFlux towers and long-term data from AWAP with the same time window as towers.

According to Figure 6.1, the precipitation data for Howard Springs are very close, both in

terms of dynamic and stationary characteristics for any of the three datasets, with the box plots

and CDFs of this location being almost identical. The goodness-of-fit criteria of the Pearson

and Rank correlations, as well as the d index are greater than 0.9, while the Nash-Sutcliffe is

just under 0.8, underlining the strong dynamic similarities between the different datasets in this

region.
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Table 6.1. Statistical charactristics between different datasets at three OzFlux tower sites.
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P1S51
Observations (dataset 1) vs P2 52] where P; and S; are the statistical charactristics of precipitation and soil
P3S3
Tower | Climate short term modelled data (dataset 2) moisture for different datasets
. - Landuse
site regime T I
: . wo-sample
Goo_dness Rainfall SOI.I 1%t quartile | Median 3 quartile 1Q Skewness | K-S test between
of-fit moisture Range
datasets 1 and 3
Woodland ;Z 83? 82; -0.96,-0.56 | -0.45,-0.26 | 0.86,0.25 1.92,0.81 | 4.10,2.33
HS Tropical savanna NS 0'79 0'75 -0.93,-0.56 | -0.43,-0.26 | 0.74,0.30 1.67,0.86 | 4.80,0.89 Similar
. . -0.89,-0.60 | -0.47,-0.32 | 0.69,0.25 1.55,0.85 | 3.73,1.02
d 0.96 0.93
Arid to Mulaa ;Z 8;8 8;2 -0.47,-0.60 | -0.41,-0.45 | -0.09,0.21 | 0.48,0.82 | 3.14,2.05
AS Semiarid canog ios NS 0'40 0'45 -0.40,-0.66 | -0.39,-0.43 | -0.10,0.25 | 0.31,0.96 | 4.43,2.31 Similar
P . . -0.36,0.58 | -0.37,-0.44 | -0.16,0.19 | 0.27,0.76 | 4.91,2.84
d 0.88 0.84
Dryland ;Z 822 823 -0.71,-0.81 | -0.28,-0.15 | 0.33,0.75 1.07,1.56 | 2.23,0.59
RC Temperate | agriculture NS 0'31 0'27 -0.61,-0.83 | -0.36,-0.21 | 0.28,0.59 0.85,1.34 | 3.99,1.10 Similar
and pasture g 0.76 0.67 -0.71,-0.82 | -0.38,-0.17 | 0.33,0.64 1.04,1.46 | 2.45,0.77

HS: Howards Springs, AS: Alice Springs, RC: Riggs Creek, Pe: Pearson Correlation, Ra: Ranking Correlation, NS: Nash—Sutcliffe Correlation, d: Index of agreement.
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The Riggs Creek tower site observations appear to have similar stationary characteristics
when compared to the long-term AWAP data, rather than over the short-term AWAP data.
However, this is only the case for the extreme conditions, and the values of the median for all
Box plots are close. Despite this difference, the CDFs of the observations and the short-term
AWAP data follow quite similar patterns, with a distinct deviation from the long-term curve
around the 80" percentile data. While the statistical coefficients show lower values for the
Riggs Creek site compared to Howard Springs, and therefore indicating a lesser dynamic
relationship between the datasets, the correlations are still acceptable.

In contrast to the similarities at the other sites, the Alice Springs tower site indicates
significant differences between precipitation observations and modelled data. However, the soil
moisture patterns on Figure 6.2 show strong similarities. As there has been a significant level
of variation in the locations of the rain gauges in this region this is assumed to be the main
factor for this difference. However, while the data range indicates a narrower distribution of the
precipitation events, the overall dynamics appear to be well represented (i.e. Pe=0.72, Ra=0.74,
d=0.88).

Figure 6.2 presents the same approach used for precipitation applied to the soil moisture data
(top 10 cm). The box plots show a high consistency and similarity between the different datasets
for all sites, in particular for the first and third quartiles, and the median. The highest level of
discrepancies between two CDFs are found at Howard Springs, where observations indicate
drier conditions than AWAP, while in the wet conditions the modelled data has specified more
extreme events, pointing towards a wet bias in the model. This may be a result of surface soil
moisture decoupling in the observed data, which may not be reflected as such in the modelled
data. The CDFs for the observations and short-term modelled data of the Howard Springs site
reveal that during 2011-13 the area experienced several extreme conditions resulting in an
apparent bi-modal distribution, which is shown in the curvatures in the CDFs around its median.
The analysis of the Riggs Creek site shows a considerable difference between the CDFs derived
from observations and short-term modelled data, in particular for data between the 70" and 90™"
percentiles, where the short-term modelled data shows water conditions drier than the
observations, which are even indicating generally wetter conditions. In contrast, for data below
the 20" percentile, short-term modelled data display wetter conditions than their long-term
counterpart and observations indicate, which may be due to soil parameterizations and an

artificially high wilting point.
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Figure 6.3. Comparison between SAWAI time series calculated from OzFlux towers observations and

long-term AWAP dataset. Tables inside the panels represent the goodness-of-fit criteria calculated

between two time series with the same time windows.

In general, the results shown in Figures 6.1 and 6.2 indicate that for the considered time

period, the aggregated weekly observations of precipitation and soil moisture at the towers have

appropriate consistencies and similarities with the long-term AWAP modelled data. Since these

two hydro-meteorological variables are the two key variables in the hydrological cycle of the

terrestrial eco-systems, it can be argued that the periods contain sufficiently similar statistical
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characteristics of the overall long-term conditions to reliably inform the DFDI. The available
differences in the results are likely due to uncertainties in modelling gridded datasets,
measurements and observation errors propagated through atmospheric model forcing and in
situ observation equipment, but most importantly due to the discrepancies of data representation

at different scales (point observations against 5km model resolution).

To confirm that the differences in the time series is not significant, SAWAI values were
calculated from long-term AWAP modelled data and compared with the SAWAI time series
already derived from tower observations by Azmi et al. (2016). Figure 6.3 shows the SAWAI
time series for all three OzFlux tower sites based on observations as well as long-term modelled
data. As it could be expected from the previous analysis, Howard Springs achieved the highest
values across the four statistical criteria. Despite lower scores, Alice Spring and Riggs Creek
also have close time series similarities, with most extreme events being identified. One caveat
is that the CDFs of Figures 6.1 and 6.2, as well as the time series of Figure 6.3, identify a slight
positive bias of the modelled data against the observations, which is akin to a wetter overall
state of the system when comparing the period 2010-2013.

6.4. Chapter Summary

This study evaluated the difference in the statistical properties of weekly hydrological
variables obtained by both in situ monitoring sites and model predictions, across three different
climate conditions and landuse situations. While the OzFlux towers provided the short-term
observational dataset (less than 4 years between 2010 and 2013), the AWAP modelled data
were used to derive a long-term dataset (106-year data). Results showed that observations and
model displayed similar statistical features of long-term water conditions despite their different
lengths, suggesting that both may be used for validation purposes. Furthermore, the evaluation
of a water stress index using the two datasets indicates high consistencies and similarities
between the indices across all towers. Consequently, it can be assumed that the data used in the
previous chapters to develop the DFDI are providing the necessary statistical properties to
derive indices that resemble those developed using long-term data.



Chapter 7

Conclusions and future directions

7.1 Overview

Throughout this dissertation, commonly used drought indices and statistical methods to
assess water stress and drought conditions were explained and applied. Moreover, this research
introduced a new methodology which is able to evaluate different aspects of water stress
conditions for different months throughout the year, which are subject to a variety climate and
landuse/landcover situations. The contributions of the presented research to the general
knowledge have been presented across two main categories: i) water stress evaluation at the
point-scale, and ii) spatial analysis of water stress conditions, with a focus on the state of
Victoria, Australia. In addition to those points, future directions of this work have been
suggested to continue the current study in the previous chapters, and are being discussed at the

end of this chapter, as well.

7.2 Conclusions
7.2.1 Water stress evaluation at the point scale

The proof-of-concept of a more comprehensive water stress study using advanced statistical
methods and sources was presented in Chapter 3. There, limited point data were obtained from
three flux stations across different climate regimes in Australia, to compare, develop, and test
existing and new ways to classify droughts or water stress. Despite the limited length of data,
the results were promising and showed the value of the applied methods in the case of data
shortages. As any approach based on statistics, larger data sets would make this type of studies
more robust in its predictive skills. In fact, despite the limited amount of available data, it was
shown that by using appropriate statistical analysis methods, it is possible to derive initial useful
information which can be applied for evaluating water stress issues. Moreover, the results
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showed that only relying on few common indices, such as the Standardized Precipitation Index,
cannot be sufficient to evaluate all different aspects of water stress issues. It was therefore
argued that there is a need to consider an appropriate set of indices and proxies from different
drought types, rather than single indices alone. Furthermore, the information obtained from
such an approach on extreme events by deploying descriptive statistical methods will provide
clear, quick, and uncomplicated predictions of extreme water stress situations over an area to
the responsible authorities, allowing them to develop a better understanding of the current and

future conditions.

Chapter 4 confirmed the hypothesis developed from the previous studies that individual
SDis are not sufficient to be applied in all circumstances, particularly in the presence of diverse
land-use and climate conditions. Moreover, some DFDIs, such as WADI and AADI, which are
formed on the basis of empirical equations along with subjective assumptions, cannot be
generalized as a comprehensive index. Furthermore, two DFDIs (LADI and NLADI) always
require fixed hydro-meteorological variables/proxies during their aggregating process.
However, human or measurement errors may render some of those variables inconsistent with
others, due to their fixed parameters, leading to a degradation of the prediction and monitoring
capabilities of those indices. The approach taken in this chapter was then to filtering the SDIs
using a Probabilistic Similarity Method to allow for the removal of inaccurate or unreliable
data.

The presence of more SDIs during the combination process has been shown to lead to a
more robust DFDI, and automated selective ignorance of some SDIs does not appear to affect
the results significantly, as long as their characteristics are implicitly mapped through other
indices. For instance, the inclusion of the standardized runoff and surface soil moisture index
(SROI) at Riggs Creek showed that the proposed DFDI does not have a high sensitivity to this
indicator due to the presence of individual precipitation and soil moisture indices. Therefore,
the unavailability of the SROI at Alice Springs and Howards Springs was assumed not to be an
issue for the results of the proposed DFDI, as long as the other indices are available.

One of the main advantages of the proposed methodology is the explicit inclusion of
vegetation condition-based indices alongside water content-based indices to derive the
developed DFDI. Regarding the physical concepts of terrestrial ecosystems during dry and
active months, employing only water content based SDIs during the combination process is

quite insufficient. Therefore, to have a comprehensive DFDI, it is necessary to consider both
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aggregated indices, that were presented as the Standardized Aggregated Water Availability
Index (SAWALI) and Standardized Aggregated Vegetation Index (SAVI), which are subject to
different wet/dry and active/non-active conditions throughout a year.

It is worth noting that determining wet/dry and active/non-active months is based on the
historical climatologies which, technically, could mean that a shift in the current climate would
not be reflected properly. However, this type of process is currently implicitly taken into
consideration. If the SAVI identifies a low level of vegetation activity during a climatologically
active month, the first step must be to check the values of the SAWAI to investigate whether
the low rate of activity is subject to water stress in the system or not. In case that the SAWAI
does not show water stress conditions, air and even soil temperature would be the next
alternative to identify the reason. Therefore, the DFDI can also handle the mentioned situation

simply by checking the air temperature as an auxiliary variable.

In order to make the proposed DFDI as user-friendly and applicable as possible, a symbolic
regression approach was used to derive explicit mathematical equations for SAVI, SAWAI and
consequently the proposed DFDI. Here, the three considered case studies resulted in average
values of the goodness-of-fit criteria for SAVI and SAWAI as follows: r?=95%, Maximum
Error=0.45, and Mean Absolute Error=0.13. In this case, users such as water managers and
other decision makers can rely on the equations to derive values of the proposed DFDI at any
specific time for the considered areas.

In the past, new proposed indices have been validated based on their degrees of similarities
(correlation) when compared to SPI or PDSI (Keyantash and Dracup 2004, Balint and Mutua
2011, Barua et al. 2012, Zhang and Jia 2013, Li et al. 2014). l.e., in case the new indices
followed the behaviour of SPI and or PDSI, they were considered as validated. However, this
negates the development of new indices, as they then simply mimic the behaviour of the
existing ones. According to a recent review (Hao and Singh 2015), no reliable “ground truth”
exists (for a drought index) that may be used as an ultimate reference for the exact validation
of a new index. In particular, the traditional indices (eg. SPI and PDSI) have limitations and
follow assumptions which have led to the development of new indices (Keyantash and Dracup
2002, Van Loon and Van Lanen 2012). The results of Chapter 4 validated the behaviour of the
proposed DFDI by comparing the physics and nature of the considered terrestrial ecosystems
in addition to the climate conditions (classifying each month to wet and dry) and landuse of the

area (clustering each month into active and non-active, subject to the type of dominant plants
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of the area). For this purpose, the two main elements of the terrestrial ecosystem, consisting of
the water balance (input water, storage water, output water) and the vegetation growth, were
considered for each month to identify the most appropriate driver responsible for the actual
system’s water stress. According to the proposed methodology, SAWAI can specify the status
of the water balance in terms of input (i.e. SPI), the storage (i.e. SSMI) and the output (i.e. SEFI
and SROI) elements together, and SAVI can reflect the period of active vegetation (i.e.

SNDVI), which together may indicate the water stress of the ecosystem.

The methodology section of Chapter 4 has presented as the first step the acquisition of an
appropriate set of hydro-climatological variables to cover different aspects of water contents,
plant water consumption, and vegetation conditions. It does not mean that the current set of the
considered individual Dls is a fixed and strict selection. The selected indices will ultimately be
driven by data availability, but will need to represent those three main domains. Moreover,
regional differences may be found, as the underlying hydrological and plant-physiological

drivers are unlikely to be the same between water- and energy-limited environments.

Overall, Chapter 4 is to be considered as a proof-of-concept study, developing a robust index
for a comprehensive water stress monitoring system by using advanced statistical methods and
sources. The temporal coverage of the full range of variables is very limited throughout the
world, making the development and validation of such an approach challenging. This study
focused on data collected from flux stations throughout Australia, providing a broad range of
climatological and hydrological conditions across their short observation period. Despite the
limited length of data, the results of the validation process are nonetheless promising and show
the value of the methodology when confronted with significant data deficits. As with any
statistics-based approach, longer data sets will make this type of index more robust in its
predictive skills to estimate water stress conditions at any one time. However, no in situ
monitoring site provides observations across the full spectrum of variables for a sufficiently
long period to allow the development of index parameters for all potential conditions.
Consequently, future studies should assess the use of modelled data from climatological
reanalyses to provide a consistent, long-term data set. This approach would then allow
quantifying the uncertainty introduced by the initial assumption that the long-term statistics of
the hydrological dynamics throughout the monitoring stations were indeed covered by the short
period of available data. Despite the limitations of the data set used in Chapter 4, it was shown

that it is possible to derive useful information and create meaningful variable clusters by using
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an appropriate drought index which can be further developed for evaluating water stress based

issues, provided such long-term data sets are accessible.

To address the data limitations faced in Chapters 3 and 4, the AWAP modelled data were
used to obtain a long-term dataset (106-year data), as discussed above (It is worth noting that
Chapter 5 deals with spatial monitoring of water stress conditions which its highlights will be
elaborated in section 7.2.2). Hence, Chapter 6 evaluated the difference in the statistical
properties of weekly hydrological variables obtained by both in situ monitoring sites and model
predictions, across the three different climate conditions and landuse situations of the chosen

OzFlux tower sites.

In spite of available discrepancies between modelled data and observations due to errors
caused by models uncertainties, equipment errors, and different spatial resolutions of AWAP
data and towers (Tozer et al. 2012, Parana Manage et al. 2016, King et al. 2016); the results
showed that during the considered time period, data of the hydro-meteorological variables
based on the short-term observations could appropriately convey the long-term statistical
stationary and dynamic features of the selected regions. Consequently, there were strong
similarities and consistencies between the weekly time series of SAWAI calculated from short-
term observations and long-term modelled data. Therefore, it can be concluded that given any
length of time series may be used for deriving water stress or drought indices, if a dataset
appropriately reflects the dynamic and stationary statistical specifications of the long-term
conditions. In the present case, this was applied to the SAWAI of the DFDI, which is indicative
of the water stress conditions of the regions. It was shown that the differences of this index

derived from observations and long-term datasets, respectively, are negligible.

The results of this assessments can have important implications for the validation procedures
of future indices. For instance, the statistical properties of short-term datasets can either be
validated by using high-quality, long-term simulations, or those simulations may be used to
derive robust indices, after validating their performance against short-term point observations.
Further, such research can be implemented to determine and then adjust the bias of modelled
data to prepare more reliable and accurate long-term datasets to be employed for analyzing

historical water stress conditions.

7.2.2 Spatial analysis of water stress conditions across Victoria, Australia
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After successfully applying the DFDI to evaluate water stress conditions at the three OzFlux
tower sites, the same methodology was employed across the Victoria, Australia, for eight
different events across the period 2010-12. Geographically, Victoria consists of a range of
diverse climate conditions and landuse/landcover situations. Nonetheless, the DFDI maps have
shown very consistent and realistic results in comparison to individual drought indices, natural
geography, and landuse/landcover situations. The final derived mathematical equations have
generally shown promising functionalities and accuracies, especially in appropriately detecting
the spatial trend of the extreme events. Nevertheless, some areas showed less accurate results
than others. It was found that these differences are mostly due to highly diverse and inconsistent
spatial patterns within the landuse/landcover and climate regimes in these parts of Victoria.
This can be addressed by either splitting the central northern and south-western parts of Victoria
into smaller more homogeneous sub-regions by considering other regionalizing techniques, or
using other methods to derive the mathematical equations. However, given the accurate
representation of the spatio-temporal patterns in most regions, the latter may not be an effective
solution. Overall, Chapter 5 successfully applied the original approach developed for single
points across larger spatial scales. While some additional work remains to be addressed (i.e.
spatial heterogeneity and influence of time lags), the results highlighted the value of DFDI to

provide a spatio-temporally consistent product to assess water stress across large scales.

7.3 Future directions

The future directions of this research can be categorized as:

1- In addition to updating the DFDI time series of the Riggs Creek, Howard Spring and Alice
Springs towers observations, attempts can be made to derive DFDI time series for other
available OzFlux towers and also equipped synoptic stations in Australia which are
located in other types of climate and landuse/landcover situations. This can help the
community to accept the reliability of this new index across the continent to gradually
replace the commonly used DIs such as SPI, by comparing their respective merits and

performance against locally experienced drought and water stress conditions.

2- As mentioned in the conclusion section, one of the most important issues in developing
and introducing new drought indices is the process of validation. By utilizing long-term
data and information provided by local authorities, it would be likely feasible to compare
the results of DFDI against “ground truths” such as drought relief payments and

agricultural productivity yield maps to validate its performance.
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3-

Determining the sources and magnitudes of errors in OzFlux towers and AWAP data in
different parts of Australia can be invaluable for other researchers to address the degree
of uncertainties in water stress evaluations in spatial scales. Using validated satellite data
coupled with successful downscaling methods besides in situ observations can be one of

the solutions to encounter this issue.

Output of land surface water-energy flux models may be a source for validating drought
indices such as DFDI. However, these kinds of models usually have considerable
uncertainties (inevitable input errors, poorly defined parameters, inadequate model
structures) and need a variety of parameters and information (i.e. moisture flux, heat flux)
which are not commonly available. Nonetheless, at least for areas including flux tower
sites they can be implemented and results be utilized for examining the performance of
DFDI.

In case of deriving monthly time series of DFDI in different parts of Australia, deriving
joint probabilities between DFDI time series and global climate indices such as SOI can
provide worthwhile information about the interactions between local water stress
conditions and global climate cycles. To derive the joint probabilities, Copula functions

with different degrees of complexities can be one of the best choices.

In case of a forecast, dealing with risk levels would be inevitable because of available
uncertainties. So our forthcoming aim is to minimize the negative impacts of such errors
sources by i) properly communicating with other researchers and also ii) using the best
data sets available and maybe work with ensemble forecasts, to look into the variation of
this uncertainty.

Available uncertainties due to inconsistencies between datasets in terms of spatio-
temporal resolutions and sources (satellite, in-situ, and modelled data) should
comprehensively be considered. Further, performance metrics (Koch et al. 2016) of
spatial indices, in terms of accuracy and spatial patterns, along with comparing results
with ground truths (such as drought assessment reports and information from end users
(i.e. farmers)) would more directly help validating the efficiency and precision of this
new drought index. Furthermore, there would be a need of a synthetic study aiming at
quantifying the effects of the error assumptions, potentially assessing the implicit

uncertainties in the DFDI over time, based on a dynamic progression through time.
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