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Abstract

Drought ranks among the costliest natural hazards, exerting far-reaching consequences on
natural ecosystems and human societies, particularly when severe soil moisture deficits
induce vegetation deterioration (VD) stress. This stress impairs photosynthetic capacity and
plant growth, triggering broader cascades—reduced crop yields, deteriorating pasture
conditions, diminished terrestrial carbon stocks, and heightened wildfire. While hydro-
meteorological variables such as soil moisture have long been recognised as key drivers of
vegetation dynamics, operational drought early warning systems (DEWS) are often
constrained by an emphasis on current conditions rather than predictive capabilities. Timely
and skilful forecasts of vegetation drought impacts should enable more proactive and
effective drought preparedness, management and mitigation. Predicting vegetation response
to drought stress however remains challenging due to complex interactions between soil
moisture deficits and plant health, compounded by varying response times and magnitudes
across diverse ecosystems. To address this gap, this thesis advances the quantitative
understanding of soil moisture—vegetation relationships across spatial and temporal scales,
serving to develop a skilful early warning framework for multi-categorical vegetation

deterioration risks.

The thesis encompasses three core research objectives: (i) examining the lower tail
distribution of soil moisture and vegetation anomalies to identify critical thresholds for multi-
level VD risk prediction; (ii) establishing and refining innovative prediction frameworks—
specifically integrating a copula-based joint probability approach and a ‘threshold event-
matching’ method—to capture both mild and severe VD events; and (iii) evaluating the
extended skilful lead time and practical early warning horizon of the integrated framework in
real-world drought risk management. By focusing on the growing season (May—October) and
utilising soil moisture historical simulations and ensemble forecasts from the Australian
Water Resources Assessment Landscape (AWRA-L) model, this thesis delivers a systematic

approach for anticipating vegetation stress across large spatial domains.

Chapter 3 develops and tests a copula-based statistical framework, using simulated root-
zone soil moisture anomalies to predict multiple severity levels of vegetation deterioration as
observed in satellite-derived vegetation indices. Time-lagged correlation analyses indicate
that mild vegetation deterioration events exhibit statistically meaningful predictive skill,
whereas severe and infrequent events remain more difficult to anticipate, underscoring the
need for enhanced modelling approaches. In Chapter 4, an innovative threshold event-
matching approach is introduced, using in-situ soil moisture observations to capture rare but

high-impact VD events. This method improves predictability, particularly in agricultural
VI



regions, by pinpointing optimal soil moisture anomaly thresholds that correspond to

substantial vegetation stress and providing lead times of approximately two to six weeks.

Building on these insights, Chapter 5 integrates the copula-based model and the threshold
‘event-matching’ framework. Using root-zone soil moisture simulations from the AWRA-L
model over extensive spatial domains in southeastern Australia, this chapter demonstrates
how each method’s strengths can compensate for the other’s limitations. Copula-based
modelling tends to underestimate severe VD events, whereas the event-matching framework
can overestimate mild—-moderate categories; combined, however, they better capture the full
spectrum of multi-categorical VD risks. The refined framework exhibits particular relevance

for agricultural land use, offering more robust planning tools for drought-prone areas.

Subsequently, Chapter 6 applies the copula-based joint probability modelling and threshold
event-matching approaches within an integrated framework to explore the use of ensemble
soil moisture forecasts for VD risk prediction. The analysis examines probabilistic and
deterministic forecasts at lead times ranging from one to six months and shows that forecast
performance is spatially heterogeneous and generally declines with increasing lead time.
Rather than demonstrating uniformly positive skill across the study region, the results
illustrate how ensemble soil moisture forecasts can be structured to distinguish broader VD
risk intervals, particularly at short lead times and during the late growing season. Case study
analyses further show that forecasted probabilities of VD occurrence exceeding 0.5 tend to
coincide with observed drought impacts in some regions, highlighting the potential of the
framework to support impact-oriented drought risk awareness under favourable conditions.
This extended early warning horizon is vital for decision-makers, stakeholders and farmers,
enabling timely interventions such as crop selection, water allocation and landscape
management to mitigate drought-related losses. Finally, Chapter 7 consolidates the findings
and emphasises the framework’s operational relevance for drought-prone agricultural
systems. It outlines future research priorities, including enhancing spatial scalability and

linking forecasts to economic cost—loss analyses.

Collectively, the thesis presents an operational predictive system that advances impact-
based drought early warning. By integrating soil moisture anomalies with multi-categorical
vegetation deterioration risks, it enables improved seasonal forecasting of drought impacts
on vegetation. Through the application of ensemble soil moisture forecasts, the framework
supports proactive decision-making and resource allocation for drought preparedness and
mitigation. While its immediate application targets southeastern Australian agricultural
systems, the methodologies, insights and modelling strategies developed here have broader

relevance for other dryland regions worldwide.
Vil
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Chapter 1

Introduction

1.1 Background

Droughts generate complex cascading effects that originate from precipitation deficits,
progress through soil moisture depletion and reduced runoff, and propagate through various
stages of the hydrological cycle (Wilhite & Pulwarty, 2005; Mishra & Singh, 2010). Despite
their slow-onset nature, droughts are costly and affect extensive geographical areas (Dai,
2011). Regarding drought effects on vegetated ecosystems specifically, severe soil moisture
deficits directly stress plant biological functions, leading to agricultural disruptions including
reduced crop yields, deteriorating pasture conditions for grazing, and volatile food market
prices that may compromise food security (Farooq et al., 2009; Rajsekhar et al., 2015).
These vegetation impacts extend to broader environmental consequences, such as
decreased terrestrial carbon sequestration (Schwalm et al., 2017), diminished ecosystem
services (Van Oijen et al.,, 2013), and increased wildfire risks (Jolly et al., 2015). The World
Meteorological Organization (WMO) and Global Water Partnership (GWP) have emphasised
the advantages of impact-based Drought Early Warning Systems (DEWS), which transition
drought management from reactive to proactive drought preparedness and mitigation
planning by providing decision-makers with actionable intelligence at several months ahead
(WMO & GWP, 2016).

Timely and skilful drought impact forecasting is crucial for delivering tangible information to
stakeholders (Pozzi et al., 2013; Pulwarty & Sivakumar, 2014), particularly for ecosystems
located in water-limited areas. However, contemporary DEWS operating at regional, national
and continental scales excel at monitoring current conditions, while their capacity to
anticipate future vegetation situations with probabilistic confidence or scenario-specific
performance remains limited. The satellite-derived Normalised Difference Vegetation Index
(NDVI), computed from the differential reflection of near-infrared and visible radiation by
photosynthetically active vegetation (Pettorelli et al., 2016), serves as a widely adopted
quantitative indicator of vegetation vigour and photosynthetic capability. This index enables
systematic monitoring of vegetation health conditions across extensive spatial domains
within DEWS frameworks (AghaKouchak et al., 2015; Guo et al., 2021). NDVI demonstrates
strong correlations with multiple ecosystem values, including green biomass accumulation,
agricultural productivity, and aspects of ecosystem functioning related to vegetation activity
(Bai et al., 2022; Huang et al., 2019). Despite the availability of near-real-time NDVI
1
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observations through satellite platforms, the inherent retrospective nature of these
measurements constrains their utility for prognostic applications in early warning systems.
This limitation is particularly evident in current operational systems, which lack robust

capabilities for forecasting drought-induced deterioration of vegetation greenness conditions.

While the slow-onset characteristics of drought theoretically provide adequate lead time for
intervention, developing reliable prediction frameworks for relationships between hydro-
meteorological variables and vegetation greenness remains constrained by significant
biophysical and statistical challenges. These challenges encompass complex vegetation
physiological responses across diverse ecosystems, including intricate response chains
between drought conditions and vegetation behaviour, and variable time lags between
drought event onset and observable impacts (Anderegg et al., 2020; Yuan et al., 2019). The
temporal dynamics of these soil moisture-vegetation interactions exhibit notable complexity,
characterised by non-linear responses and ecosystem-specific lag effects that can range
from weeks to months (Konings et al., 2021; Ukkola et al., 2016). Non-linear response
mechanisms within ecohydrological systems can amplify input biases from climate forcings,
which traditional bias correction methods may not fully address (Johnson et al., 2024). The
statistical limitations in modelling these relationships primarily stem from the relatively small
sample size of extreme drought events and critical gaps in historical drought impact records,
with reliable satellite-based assessment only available since the early 2000s (Dorigo et al.,
2017; Vogel et al., 2021).

Previous research has demonstrated that root-zone soil moisture availability is the dominant
driver of vegetation dynamics in dryland ecosystems (Zhang et al., 2023; Feng & Fu, 2016).
In the Australian context, soil moisture-vegetation coupling is particularly sensitive to soil
moisture deficits and their timing across diverse ecological and agricultural systems (Ukkola
et al., 2016; De Kauwe et al., 2020), especially in the sheep-wheat belt of southeastern
Australia (Chenu et al., 2018). The region encompasses a variety of climate regimes,
including the temperate southeast, cold semi-arid inland, cool-humid eastern uplands, and
Mediterranean west coastal areas (Gallant et al, 2012). These diverse climates,
characterised by pronounced rainfall seasonality, high interannual variability, and recurrent
drought episodes, create a complex hydro-ecological environment where soil moisture
dynamics play a deterministic role in shaping vegetation productivity and agricultural
outcomes (Akuraju et al., 2017; van Dijk et al., 2013).

The Australian Water Resources Assessment Landscape (AWRA-L) model is widely
recognised for providing reliable continental simulations of root-zone soil moisture (Frost et

al., 2018). It underpins the Australian Water Outlook operated by the Bureau of Meteorology,
2



87
88
89
90
91
92
93
94
95
96
97
98
99
100

101

102
103
104
105
106
107
108
109

110
111
112
113
114
115
116

117
118
119
120

providing near-real-time volumetric soil water content (m® m=3) at a 5 km spatial resolution
from 1911 to the present (Jones et al., 2020), together with operational soil moisture outlooks
available from 2019 with skilful lead times of up to three months (Vogel et al., 2021).
Although AWRA-L outputs effectively capture soil moisture conditions and anomalies, they
do not directly predict future vegetation growth. Therefore, by quantifying the relationship
between soil moisture deficits and vegetation deterioration, it is possible to develop a
predictive framework to forecast vegetation status. Such predictions would equip
stakeholders and decision-makers with clearer insights into how forecast root-zone soill
moisture conditions may affect the growth of natural vegetation, pastures and crops in
upcoming seasons. Given these knowledge gaps, there exists a critical need to advance
vegetation impact-based early warning capabilities in dryland ecosystems through enhanced
forecasting accuracy at operationally relevant lead times. This research specifically
emphasises southeastern Australia's vulnerable vegetation systems to strengthen early

warning systems for proactive drought risk management.

1.2. Research aims and objectives

The overall aim of this thesis is to advance the quantitative understanding of soil moisture—
vegetation relationships across spatial and temporal scales, with the dual goals of improving
theoretical insight into drought—vegetation dynamics and informing the development of early
warning systems for vegetation deterioration risks. More specifically, it investigates how
model-generated soil moisture simulations and ensemble forecasts can support both
scientific understanding and predictive applications at scale. Focusing on the southeastern
Australian wheat-sheep belt during the growing season (May-October), the specific

objectives of this research were:

1. Characterising soil moisture—vegetation interactions: Examine the temporal and
statistical relationships between extreme soil moisture deficits and vegetation stress,
with a focus on lower-tail distributions and spatial patterns of vegetation anomalies.
This involves evaluating copula-based joint probability models and “threshold event-
matching framework” that leverage state-of-the-art model-simulated soil moisture to
represent multi-categorical vegetation deterioration risks, ranging from mild to

exceptional severity levels across both native and agricultural landscapes.

2. Developing a process-informed predictive framework: design and validate a
modelling approach that optimises soil moisture thresholds to predict varying
vegetation deterioration severity levels, integrating copula-based modelling and

threshold event-matching framework to capture both frequent and uncommon
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vegetation stress events across diverse land use types. The objective focuses on
improving predictive accuracy and interpretability by embedding event-based process
understanding, thereby enhancing the model's applicability across large spatial

scales.

3. Assessing predictive performance and practical relevance: evaluate the operational
utility of this integrated framework by assessing its skill and lead time using ensemble
soil moisture forecasts. This aims to translate model-based insights into actionable

intelligence for early warning practices in Australia's dryland ecosystems.

The thesis is structured around four key research questions (RQs) below, each aligned with
a core analytical chapter (Chapters 3 to 6). These RQs collectively support the overarching

research objectives (Objectives 1-3) outlined in Subsection 1.2:

* RQ1 (Chapter 3): Can the joint probability distribution approach (e.g., copula-based
models) be used to develop a statistical framework for predicting multi-categorical
vegetation deterioration events based on historical root-zone soil moisture

simulations?

* RQ2 (Chapter 4): Do in-site soil moisture observations, through the ‘threshold event-
matching’ approach, offer potential capability in predicting infrequent-severe

vegetation deterioration events, and if so, what is the lead time?

* RQ3 (Chapter 5): Can the ‘threshold event-matching’ approach improve predictions of
vegetation deterioration severity at large scales, and how does integrating it with
copula-based models enhance prediction accuracy for different land use types in

southeastern Australia?

*+ RQ4 (Chapter 6): Up to what lead time can ensemble soil moisture forecasts skilfully
predict vegetation deterioration risks, and how can deterministic and probabilistic

forecasts be applied into drought early warning systems?

1.3. Thesis structure

This thesis comprises four key research chapters (Chapters 3—-6) and one literature review
chapter (Chapter 2). The chapters are interconnected, each building on the previous to
present a cohesive framework for integrating model-generated soil moisture simulations and
ensemble forecasts into a skilful prediction system for multi-categorical vegetation

deterioration risks across large spatial scales (Fig. 1.1). The thesis follows a logical
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progression, moving from the establishment of statistical relationships (Chapters 3 and 4), to
the integration and refinement of prediction frameworks (Chapter 5), and ultimately applying

forecast products in practical early warning contexts (Chapter 6).

In addition to the thematic progression, the chapters also differ in their temporal prediction
scope. Chapters 3 to 5 focus on the inherent lagged response between soil moisture
conditions and vegetation dynamics under near-real-time conditions, whether derived from
model-simulated or in-situ observed soil moisture. These chapters aim to characterise and
utilise the short-term water stress signals driven by vegetation—soil moisture coupling. In
contrast, Chapter 6 investigates the extent to which seasonal ensemble soil moisture
forecasts can extend this temporal prediction window. The total forecast horizon in the
integrated framework thus comprises two components: (i) the vegetation response time (d)
and (ii) the forecast lead time (L), as conceptually illustrated in Fig. 1.2. Each chapter is

outlined as follows:

Chapter 1 introduces the research background, identifies key knowledge gaps, and outlines
the overall research aims, key research questions, and specific objectives. Chapter 2
provides an in-depth review of existing approaches to forecasting drought impacts, including
those that incorporate atmospheric, oceanic and hydro-meteorological variables. Particular
attention is given to satellite-based remote sensing methods for large-scale vegetation
condition observation, which form the basis for assessing vegetation drought impacts in this
thesis. It also evaluates current operational drought early warning systems (DEWS) and land
surface hydrological forecasting products globally, and synthesises recent modelling studies
on soil moisture forecasting. This literature review identifies the knowledge gaps and
research scope of the thesis, and suggests future research directions for improving drought

impact prediction on vegetation.

Chapter 3 investigates the relationship between vegetation dynamics and soil moisture
variability in southeastern Australia, developing a prediction framework using copula-based
joint probability modelling. This modelling approach has been widely applied in fields such
climate risk analysis, hydrology and ecohydrology, but is here adapted to predict multi-
categorical vegetation deterioration severity. The chapter quantifies the relationship between
root-zone soil moisture and vegetation anomalies through time-lagged Spearman correlation
and assesses the predictive performance of the framework for multi-categorical vegetation
deterioration (VD) risks. It highlights the copula-based model's ability to predict mild

vegetation drought impacts, while identifying its limitations for infrequent severe events.
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Chapter 4 introduces an innovative threshold event-matching framework to enhance the
prediction of infrequent-severe VD events, using in-situ soil moisture observations from 93
sites across the central and western United States. The approach significantly improves
prediction accuracy for rare, high-impact VD events. The chapter evaluates the effectiveness
of soil moisture observations in predicting satellite-derived vegetation drought impacts,

demonstrating enhanced predictability, especially for agricultural regions.

Chapter 5 extends the threshold event-matching framework to large-scale soil moisture
simulations over southeastern Australia. The chapter refines the prediction framework by
integrating copula-based modelling with the event-matching approach, enabling the capture
of both frequent mild and infrequent severe VD events across southeastern Australia. It
evaluates the performance of the optimal integrated framework in predicting VD risks,
highlighting the complementary strengths of copula-based and event-matching models in

various vegetation systems.

Chapter 6 demonstrates the operational applicability of the integrated framework in
southeastern Australia by applying it to ensemble soil moisture hindcasts (i.e., retrospective
forecasts) datasets at lead times ranging from 1 to 6 months. The chapter assesses the
predictive skill and practical early warning horizons of probabilistic and deterministic VD
forecasts at varying lead times. It identifies skilful lead times for VD risk prediction,
particularly for mild to severe VD categories, and shows that the framework provides reliable
early warning signals for drought-induced vegetation stress, especially during the late

growing season in agricultural zones.

Chapter 7 concludes the thesis, summarising the research findings, addressing the
knowledge gaps, and proposing avenues for future research. It also discusses the limitations
of the methodology and suggests how the early warning framework can be further improved

for better decision-making in agricultural drought risk management.
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Chapter 2

Integrating vegetation impact forecasting into drought early warning
systems: a comprehensive review

2.1. Drought as a climatic hazard: concepts and definitions

2.1.1. Drought types and classification

Drought is a widespread climatic extreme that affects nearly half of the Earth's terrestrial
surfaces, exerting significant impacts on agriculture, food security, hydropower, industry,
health, and social stability (WMO, 2006). These impacts are anticipated to intensify in the
twenty-first century, driven by climate change (Dai, 2013; Schwalm et al., 2017). Unlike other
climatic hazards, such as floods, drought lacks a precise and universally accepted definition
due to its complex causal mechanisms, varying duration, intensity, spatial extent, and
associated impacts (Mishra and Singh, 2010). Drought definitions are commonly classified
into four types (Fig. 2.1), based on underlying causal mechanisms and resultant impacts
(Wilhite and Glantz, 1985; Mishra and Singh, 2010; Wilhite, 2005, 2016):

* Meteorological drought: A prolonged period (months or years) characterised by
precipitation levels significantly below the regional long-term average.

» Agricultural drought: A condition where insufficient soil moisture impairs plant growth,
leading to reductions in crop yield and pasture productivity.

* Hydrological drought: A deficiency in precipitation that negatively affects surface or
groundwater resources (e.g., streamflow, groundwater levels, reservoirs, and lakes)
relative to long-term averages.

e Socio-economic drought: Occurs when the supply of water resources and water-
dependent economic activities fails to meet societal demand.

Although these definitions differ, they are inherently interconnected and cannot be viewed in
isolation (Wilhite and Glantz, 1985). In practice, classifying a drought event into a singular
category proves challenging and may vary depending on the specific objectives of the study
(Mishra and Singh, 2010). For example, a period of decreased precipitation may initiate
meteorological drought, which through continued evaporation, can evolve into agricultural
drought. If diminished plant function leads to a significant decline in crop yields, agricultural

drought may subsequently escalate into socio-economic drought.
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A common source of confusion arises between the terms “drought,” “aridity,” and “dry
conditions.” Unlike aridity, which is a permanent climatic feature of low rainfall regions,
drought is a transient phenomenon that can manifest in both arid and humid regions (Wilhite,
2005). Additionally, droughts are statistically infrequent events, typically occurring once every
twenty-five years, whereas dry conditions and water-related stress can arise multiple times

per year (Sun et al., 2023).

Several studies have misinterpreted the term "agricultural drought” by equating it solely with
soil moisture anomalies without considering vegetation conditions, particularly in energy-
limited regions such as higher latitudes (van Hateren et al., 2021). Agricultural drought is
generally considered to occur when soil moisture deficits become anomalously severe
relative to typical seasonal conditions and heavily impair plant growth and crop yields
(Sheffield and Wood, 2011; van Dijk et al., 2013). This creates a practical challenge in
defining the onset of agricultural drought events. Soil moisture within the plant root zone is
essential for vegetation health and agriculture. While the actual rooting depths vary
substantially across plant species and ecosystems, the large-scale land surface models

typically represent this as the upper 0-1m of the soil layer (Yang et al., 2016).

To address this issue clearly, some researchers advocate distinguishing explicitly between
"soil moisture drought," reflecting soil water deficits, and "vegetation drought," focusing on
impaired plant growth (Cunha et al., 2015; Weng et al., 2023; Zeng et al., 2023; W. Li et a.,
2023). Furthermore, the term "ecological drought" has been proposed to broadly encompass
drought impacts on both agricultural and natural ecosystems, including vegetation responses
and effects on the carbon cycle (Crausbay et al., 2017, 2020; Bradford et al., 2020).

10



284

285

286

287

288
289
290
291
292
293
294
295
296

297
298
299
300
301
302

Natural Climate Variability

I

[ 1

Precipitation deficiency High temp., High winds, low
(amount, intensity timing relative humidity, greater
I sunshine, less cloud cover

Reduced Infiltration, runoff, I

Meteorological
Drought

deep percolation, and Increased evaporation
ground water recharge And transpiration
1 ]
Bll e m——— rnunoncnnnssnnnnnncanananannnnnsanan
=1 Soil water deficiency W
5 | S <
~ : £2
o Plant water stress, reduced 22
. ; a
'g Biomass and yield 2
Reduced streamflow, inflow to -S =
reservoirs, lakes, and ponds; b= =2
reduced wetlands, © 9
Wildlife habitat %D
L

Economic Impacts ] [ Social Impacts H Environmental Impacts ]

Fig. 2.1. Different types of droughts and their interactions (Adapted after Van Loon, 2015)

2.1.2. Hydro-meteorological indicators for drought analysis

Hydro-meteorological indices and indicators provide quantitative or categorical assessments
of drought characteristics such as onset, severity, frequency and duration (Mishra and Singh,
2010). Indicators describe drought conditions through variables like precipitation (mm), air
temperature (°C), streamflow (m3/s), reservoir storage (m*®) and soil moisture (m3/m?3),
whereas indices are numerical representations of drought intensity derived from these
variables (WMO and GWP, 2016). These indices are commonly mapped across regions to
characterise the spatial and temporal evolution of drought (Farahmand and AghaKouchak,
2015). Existing approaches can be broadly grouped into simple, multiple-indices composited,

and categorical hybrid approaches.

Simple approach derives meteorological or hydrological indices directly from a single variable,
typically using long-term historical observation records or model simulations (Hao et al,
2017). Widely used indices include the Standardized Precipitation Index (SPI; McKee et al.,
1993) and the Standardized Precipitation Evapotranspiration Index (SPEI; Vicente-Serrano
et al., 2010), both computed over multiple accumulation periods (e.g., 1, 3, 6 months). The

SPI, recommended by the World Meteorological Organization (WMO) for global drought
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monitoring (WMO, 2009), is valued for its simplicity and comparability across climates.
However, its reliance on precipitation alone limits its ability to represent drought processes in
regions where evapotranspiration and soil moisture dynamics play a dominant role (Vicente-
Serrano et al.,, 2010). SPEI partially addresses this limitation by incorporating temperature-
driven evaporative demand, but its performance remains sensitive to the choice of PET
formulation and does not explicitly represent root-zone soil moisture constraints on
vegetation (Hao & AghaKouchak, 2013).

Multiple-indices composited approach aim to capture the multi-dimensional nature of drought
by integrating meteorological, hydrological and vegetation-related variables (Mishra & Singh,
2010). Indices such as the Vegetation Health Index (VHI), defined as VHI = aVCI + (1-a)TCl,
combines information on Vegetation Condition Index (VCI) and thermal stress represented
by Temperature Condition Index (TCI) (Brown et al., 2013; Kogan, 1995). Nevertheless, their
interpretation can be complicated by subjective weighting schemes, differing sensitivities of
component variables, and limited transferability across regions with contrasting climate—

vegetation regimes.

Categorical hybrid approach integrate multiple physical indicators with expert assessment to
characterise drought severity and impacts (WMO, 2006). For example, the United States
Drought Monitor (USDM) classifies drought into multiple severity categories (D0-D4) using
diverse sources of physical indicators and on-the-ground reports of drought impacts
evaluated by experts’ interpretation (Svoboda et al., 2002; Z. Li et al., 2023). Similarly, the
Combined Drought Indicator (CDI) of the European Drought Observatory (EDO) integrates
the 3-month SPI, model-simulated soil moisture, and satellite-based fraction of Absorbed
Photosynthetically Active Radiation (fAPAR) into three drought levels: watch, warning, and
alert (Sepulcre-Canto et al. 2012). While such systems are highly effective for operational
monitoring and communication, their reliance on expert judgement and region-specific

calibration can limit reproducibility and applicability outside their original domains.

Although a wide range of drought indices and indicators has been developed, a universally
accepted drought metric remains elusive due to the context-specific nature of drought
processes and impacts (Hao & Singh, 2015; Hayes et al., 2011; Mishra & Singh, 2010;
Zargar et al., 2011). In this thesis, | prioritise soil moisture-based indicators derived from land
surface models and satellite observations because they provide a physically interpretable link
between hydro-meteorological forcing and vegetation stress, are directly relevant to
agricultural and ecological drought, and offer spatially continuous, repeatable coverage

suitable for early warning applications (Sheffield et al., 2012). This focus aligns with the
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objective of characterising drought-induced vegetation deterioration rather than drought

conditions defined solely by atmospheric anomalies.

2.1.3. Thresholds for determining drought event onset and severity

Drought severity is commonly assessed by the degree of departure of drought indices from
their climatological normal values (Svoboda et al., 2002; Mishra and Singh, 2010). In practice,
drought onset and severity are identified using predefined thresholds; however, considerable
inconsistency remains in how these thresholds are selected and applied across studies
(Singh et al., 2016; Bachmair et al., 2016). Standardised indices such as the SPI and the
SPEI are typically interpreted using fixed thresholds of standard deviations from the mean.
For example, drought conditions are often defined when SPI or SPEI falls below -1, with
severity further classified as moderate (-1.5 < SPI < -1), severe (-2 < SPI < -1.5), and
extreme (SPI < -2) (McKee et al, 1993; WMO, 2009; Hao and Singh, 2015). Although
expressed in standardised units, these thresholds correspond to specific percentiles of the
historical record, as SPI and SPEI are derived by mapping climate variables onto a standard

normal distribution.

Similarly, percentile-based thresholds (e.g., the 5th or 10th percentile) are widely used for
hydrological indicators such as streamflow, reservoir storage and groundwater levels (Van
Loon & Van Lanen, 2012; Wanders et al., 2017). Information derived from these drought
indices and thresholds underpins operational drought early warning systems (DEWS), such
as the USDM-based drought outlooks guiding drought risk assessment, official drought

declarations, and management interventions (Wilhite et al., 2014; Hao et al., 2018).

2.2. Remote sensing-based assessment of drought impacts on vegetation

2.2.1. Physiological responses of vegetation to water stress

Agricultural drought has immediate and substantial impacts on vegetation, significantly
affecting ecosystems, agricultural production, and human welfare (Wilhite, 2000; Mishra and
Singh, 2010; van Dijk et al., 2013). These impacts include reduced vegetation greenness and
productivity, increased tree mortality, altered ecosystem carbon cycling, and elevated
bushfire risks (Zhao and Running, 2010; van der Molen et al., 2011; Schwalm et al., 2017).
However, unlike hydrological drought, which can be directly quantified using water levels or
flow metrics, identifying agricultural drought through vegetation responses poses practical
challenges due to varying vegetation physiological responses to similar drought intensities
across ecosystems and climate conditions (Zhao and Running, 2010; van der Molen et al.,
2011).

13
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The physiological mechanisms underlying vegetation responses to soil water stress are
illustrated in Fig 2.2. Persistent reductions in soil water availability negatively affect critical
physiological processes, including photosynthesis, transpiration and nutrient uptake,
consequently impairing vegetation growth and productivity (Tyree, 1999; Nobel, 2009; Damm
et al., 2018). Under short-term soil moisture deficits, vegetation typically responds by closing
stomata to reduce transpiration, which leads to elevated canopy temperature (Maselli et al.,
2009). When soil moisture deficits become anomalously severe and prolonged relative to
typical seasonal conditions, photosynthetic capacity declines further, chlorophyll content
decreases, morphological changes are included, and plant senescence may occur (Inoue et
al., 1990; Nobel, 2009). These progressive responses describe vegetation behaviour across
increasing levels of water stress, providing a physiological basis for understanding vegetation

impacts under drought conditions.

Vegetation physiological response to drought is nonlinear and species-dependent, influenced
by structural traits, phenological stages, and drought characteristics (Farooq et al., 2009; Wu
et al., 2021). Plants with adaptations such as deeper roots can access subsurface water
reserves (Farooq et al., 2009). Research confirms nonlinear relationships between
vegetation productivity and soil moisture deficits globally (Li et al, 2023), with impacts
varying according to ecosystem-specific thresholds (Guha et al., 2021). The temporal
complexity of vegetation response, including lagged effects dependent on drought
progression and plant phenology (Vicente-Serrano et al.,, 2013), complicates reliable

identification of agricultural drought onset and severity from vegetation conditions.
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Fig. 2.2. Schematic representation of the sequential physiological processes involved in
vegetation response to water stress, spanning short-term (hours), medium-term (days), and
long-term (weeks) timescales. Red symbols “+” and “~" denote positive (stimulatory) and
negative (inhibitory) effects, respectively, indicating whether a process enhances or
suppresses another.

2.2.2. Satellite-derived indicators of vegetation water stress

Satellite-based remote sensing has become a key tool for monitoring vegetation drought
impacts at large scales, overcoming the challenges of ground-based station measurements,
such as cost and timeliness (Konga, 1997). Over the past three decades, remote sensing
has enabled spatially continuous vegetation assessments conducted at regular intervals,
significantly improving the monitoring of drought-related vegetation stress at both regional
and global scales (AghaKouchak et al., 2015; Krishnamurthy et al., 2018).

While short-term drought responses like stomatal closure and changes in transpiration are
difficult to detect remotely (Sheffield and Wood, 2011; Damm et al., 2018), long-term soil
moisture deficits can be monitored through satellite observations. These deficits lead to
changes in plant pigment composition and canopy structure, affecting radiation absorption
and scattering, which can be captured through remote sensing (Konga, 1997; Maselli et al.,
2009; Anyamba and Tucker, 2012). Key vegetation parameters derived from satellite
observations include photosynthetic activity, canopy greenness, leaf area, canopy
temperature, canopy water content, canopy structure, biomass, and transpiration rates
(AghaKouchak et al., 2015; Damm et al., 2018; W. Li et al., 2023). Variables related to plant

water status, such as leaf water potential, are not directly observed by remote sensing but
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may be indirectly inferred through proxies such as microwave-based vegetation optical depth

(VOD) that are sensitive to canopy water content and biomass (Zhang et al., 2019).

The following sections outline remote sensing approaches that span visible to microwave

wavelengths for detecting and assessing vegetation drought impacts (Fig. 2.3).

Canopy Greenness: Canopy greenness serves as a key indicator (proxy) of
vegetation health and photosynthetic capacity (Tucker & Choudhury, 1987; Sheffield
et al., 2012). Vegetation indices (VIs), such as the Normalized Difference Vegetation
Index (NDVI), which quantifies the difference between near-infrared (NIR) and red
reflectance, are widely employed to assess greenness (Rouse et al., 1974). NDVI is
calculated using the formula: NDVI = (pNIR — pRed) / (pNIR + pRed) (Tucker, 1979),
where p denotes surface reflectance in the NIR and Red spectral bands, respectively.
The Enhanced Vegetation Index (EVI) enhances sensitivity, particularly in dense
canopies, by mitigating spectral noise from soil and atmospheric interference (Huete
et al., 2002).

Canopy temperature and evapotranspiration: Land Surface Temperature (LST),
derived from thermal infrared data, offers insights into canopy temperature and
drought-induced water stress (Anderson et al., 2013). The Temperature Condition
Index (TCI) helps assess temperature-related vegetation stress (Kogan, 1995a). The
ECOSTRESS (ECOsystem Spaceborne Thermal Radiometer Experiment on Space
Station) mission provides valuable thermal infrared data that can be used to directly
measure plant canopy temperature, which is an indicator of vegetation water stress
and evaporative cooling (Fishier et al., 202; Gonzalez-Dugo et al., 2021). One of the
main ECOSTRESS products is the Evaporative Stress Index (ESI), which quantifies
evaporative stress in plants by comparing their actual temperatures to (potential)
temperatures expected if they were not stressed through the water and energy
budget model (i.e., Atmosphere-Land Exchange Inverse (ALEXI) model (Anderson et
al., 2021)).

Vegetation water content: Indices like the Normalized Difference Infrared Index (NDII),
Normalized Difference Water Index (NDWI) and live fuel moisture content (LFMC)
use spectral bands (e.g., shortwave infrared) sensitive to water content to monitor

vegetation water status (Caccamo et al., 2011; Gao, 1996; Yebra et al., 2013).

Vegetation photosynthetic activity: Solar-induced chlorophyll fluorescence (SIF) has
gained popularity for estimating gross primary productivity (GPP) dynamics
(Frankenberg et al., 2011; Wood et al., 2017; Smith et al., 2018). SIF arises from

chlorophyll fluorescence emitted by plant leaves in the red and near-infrared spectral
16
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regions following the absorption of solar radiation, providing a direct physiological link
to photosynthetic activity and showing strong correlations with ground-measured GPP
across diverse vegetation types (Lee et al., 2013; Yoshida et al., 2015; Song et al.,
2018). SIF responds rapidly to water and heat stress, reflecting actual photosynthetic
activity (Wang et al, 2019). The NIRv index, which combines NDVI and NIR
reflectance, is closely linked to SIF and GPP, providing a reliable measure of

vegetation photosynthetic potential (Badgley et al., 2019; Zhang et al., 2022).

o Vegetation aboveground biomass: Microwave sensors, such as resulting brightness
temperature (Tb) from long-wavelength bands retrievals, can be used to estimate
vegetation optical depth (VOD) (Liu et al., 2007, 2009, 2011). VOD provides a
frequency-dependent metric of vegetation aboveground biomass and total water
content changes and has also been used to infer plant water potential (Konings and
Gentine, 2016).

e Plant structure: Satellite-based remote sensing techniques, such as Light Detection
and Ranging (LiDAR), Synthetic Aperture Radar (SAR), and Interferometric Synthetic
Aperture Radar (InSAR), offer unique capabilities to assess vegetation structure and
changes induced by drought stress, including vegetation height and leaf angle
(Kukenbrink et al., 2017).

In summary, strategies for quantitatively assessing drought-related vegetation stress at large
scale can be broadly categorised into two approaches:
(i) Satellite observations alone, which rely on measurements of plant properties or
processes influenced by variations in water availability. These include indicators of
canopy greenness, photosynthetic activity, land surface temperature, plant water
status, and canopy structure; and
(ii) Simulated bio-physical variables, such as crop yields and pasture growth, derived
from models that use plant-related parameters (e.g., greenness) together with
environmental drivers, including rainfall, air temperature, vapour pressure deficit
(VPD), and irradiance.

These parameters are used to drive process-based models, which simulate vegetation
productivity metrics (e.g., fAPAR, Leaf Area Index (LAl), GPP), aboveground biomass, and
transpiration rates (e.g., the ratio of ET to PET). These model outputs can then be applied to
evaluate the impacts of drought on vegetation health (Reichstein et al., 2007; Vicca et al.,
2016; Yu et al., 2017; Damm et al., 2018; Ahmadi et al., 2019).

17



483

484

485

486

487

488
489
490
491
492
493
494

495
496
497
498
499
500

Passive Optical ‘

Fluorescence Spectroscopy e, e S " ;;I E)AR?AR)
& ve s

% Thermal | ‘ ‘&’
\\ 2 \

N\,

\ \ \

Fluorescence Leaf water Pigments Morphology

Temperature Leaf inclination Leaf area index
Hs Time scale of adaptation process (log scale) Months

high Water availability low

Fig. 2.3. Recent advances in remote sensing of plant-water relations (Damm et al., 2018)

2.3. Drought early warning systems (DEWS): principles and components
2.3.1. Definition and importance of DEWS

Early Warning Systems (EWS) have been implemented globally to monitor, forecast, and
alert communities about various natural hazards, including hydro-meteorological events (e.g.,
floods, droughts), geological hazards (e.g., earthquakes, tsunamis), and biological threats
(e.g., epidemics, infestations) (UN-ISDR, 2011; UNEP, 2012). The core principle of EWS is
to provide accurate, timely predictions of both short- and long-term risks, thereby enhancing
the ability to manage and mitigate their societal, economic and environmental impacts
(UNEP, 2012).

Recognising the need for a shift from in-drought reactive to proactive disaster management,
many regions have prioritised drought preparedness and climate resilience (UNEP, 2012;
FAO, 2019). Reliable drought early warning systems (DEWS) are essential for this
transformation, relying on integrated risk assessments grounded in scientific data (Dai, 2011;
Hayes et al., 2012). A comprehensive DEWS involves three key elements (Fig. 2.4): (i) risk

knowledge via technical monitoring and forecasting; (ii) effective communication of warnings;
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and (iii) the capacity for mitigation and preparedness within communities and governments
(WMO & GWP, 2016). Failure in any of these components undermines the effectiveness of
the entire system (UNEP, 2012). With timely information from DEWS, water and land
managers, policymakers and the public can take proactive measures to reduce vulnerability
and reap significant benefits (UNEP, 2012; FAO, 2019). However, the definition of "early" in
warning delivery is context-dependent, shaped by political, socio-economic and cultural
factors (UNEP, 2012; Hughes et al., 2022).

Monitoring & Vulnerability &
Early Warning Impact Assessment

Mitigation,
Preparedness & Response

Fig. 2.4. Three pillars of integrated drought management (WMO & GWP, 2016)

2.3.2. Monitoring and forecasting components in DEWS

Drought Early Warning Systems (DEWS) track and assess climatic, hydrological, and water
supply conditions to deliver timely information before, during, or at the onset of drought,
prompting action in drought risk management and preparedness (WMO, 2006; WMO and
GWP, 2016). These systems ideally combine both monitoring and forecasting components,
providing near-real-time tracking and early notifications with lead times from a few months to
several seasons (WMO, 2006; UNEP, 2012). The operational details of DEWS are further
discussed in Subsection 2.3.3.
19
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2.3.2.1 Monitoring component

The monitoring component tracks drought propagation, severity and spatial extent, helping
governments decide when to officially declare a drought (FAO, 2019). It employs a
comprehensive approach to monitor drought development, addressing all types of drought,
not just specific ones like hydrological drought. Key parameters such as monthly precipitation
volume are monitored to determine drought onset, end and spatial characteristics (WMO,
2006). Advances in technology enable real-time monitoring of drought phenomena (e.g., the
status of satellite-derived vegetation health index) across both space and time. Drought
severity is assessed using indices on weekly, monthly, seasonal and annual scales, with
results issued as drought maps. These products support situational awareness, inform
drought planning processes, and contribute to impact assessment and response coordination,
including applications in agricultural management and risk communication (Pulwarty and
Sivakumar, 2014; Senay et al., 2015).

2.3.2.2 Forecasting component

The forecasting component uses climate and atmospheric information, including historical
climate records, real-time meteorological observations, and numerical weather forecasts, to
estimate likely future climate and water supply conditions (WMO & GWP, 2016). Forecasts
are visualised in drought outlook maps showing predicted precipitation and temperature
varying trends up to six-months (often three months) in advance (WMO, 2021; Charles et al.,
2020). Several operational hydrological prediction systems have been developed to provide
meteorological and hydrological drought forecasts, which rely on seasonal predictions from
major numerical weather prediction centres such as the National Oceanic and Atmospheric
Administration’s (NOAA’s) National Centers for Environmental Prediction (NCEP) and the

European Centre for Medium Range Weather Forecasting (ECMWF).

Despite these advances, forecast skill for drought onset, evolution and termination is often
modest and highly variable across regions, seasons and lead times, which constrains the
effectiveness of proactive drought early warning (Prudhomme et al., 2024). As a result, many
existing DEWS remain oriented toward near-real-time detection (“warn on detection”) rather
than anticipatory warning of emerging drought conditions and impacts. Drought events are
therefore frequently declared weeks after onset, limiting opportunities for proactive risk
management (Funk & Shukla, 2023). Uncertainty in forecasting drought persistence and
termination further complicates early intervention, highlighting that effective drought

management depends not only on forecast availability but also on balanced assessment of
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forecast skill and uncertainty within a risk-based decision-making framework (Wilhite &
Vanyarkho, 2016; AghaKouchak et al., 2015).

2.3.3. Current operational DEWS worldwide

Globally, DEWS remain less developed compared to other natural hazard warning systems
(such as those for floods or storms) due to the inherent complexity of drought events
(UN/ISDR, 2011; Kelman & Glantz, 2014). Nonetheless, operational DEWS have been
established in several regions, including North America, Europe, Africa and Australia (UNEP,
2012).

In Europe, the European Drought Observatory (EDO) provides real-time drought monitoring
through maps generated using the Combined Drought Indicator (CDI), integrating the
Standardised Precipitation Index (SPI), simulated soil moisture, and satellite-derived
vegetation conditions (Sepulcre-Canto et al., 2012). The EDO issues forecast for soll
moisture anomalies up to seven days ahead and meteorological drought condition up to

three months in advance (https://drought.emergency.copernicus.eu/).

In North America, the United States Drought Monitor (USDM; Svoboda et al, 2002.

https://droughtmonitor.unl.edu/) regularly updates drought severity assessments and

changing trends by combining indices such as SPI, soil moisture observations, and satellite-
derived data through experts’ subjective interpretation (Hayes et al., 2011). The USDM
categorises drought severity into multiple classes, ranging from abnormally dry (DO) to

exceptional drought (D4).

For Sub-Saharan Africa, Central America and Afghanistan, the Famine Early Warning
Systems Network (FEWS-NET) issues regular drought bulletins, incorporating indicators of
both drought and famine risk to enhance food security and agricultural preparedness (Senay
et al., 2015; Akwango et al., 2017). FEWS-NET uses satellite-based indicators, including
precipitation anomalies, vegetation indices, and soil moisture data, to provide current drought
condition reports and monthly hazard outlooks related to food security risks (Sheffield et al.,
2014; Senay et al., 2015).

In Australia, due to the absence of national DEWS, some state governments have
established regional systems. Examples include the New South Wales (NSW) Enhanced

Drought Information System (EDIS; https://www.dpi.nsw.gov.au/climate applications/) and

the Queensland Drought Monitor (https://www.longpaddock.qgld.gov.au/drought/sequence/).

Both systems integrate meteorological and vegetation-based metrics into a single CDI. The

NSW drought indicator specifically incorporates precipitation data, soil moisture
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measurements, and Normalised Difference Vegetation Index (NDVI) anomalies, though

current systems do not include forecast information.

In Australia, operational outlooks for pasture and agricultural drought are provided through

the AussieGRASS modelling framework(https://www.longpaddock.gld.gov.au/aussiegrass/),

which integrates climate, soil and vegetation information to estimate pasture growth and
express conditions relative to the historical record. Built on the GRASP biophysical model
(Rickert et al., 2000), AussieGRASS delivers spatially explicit assessments of both current
and forecast pasture conditions. Its outputs include retrospective indicators of pasture growth
relative to historical percentiles, as well as seasonal outlook products such as the likelihood
of exceeding median pasture growth, the most likely pasture growth tercile, and forecast
curing anomalies, typically at lead times of up to three months (Carter et al., 2000). Together,
these probabilistic products support risk-based agricultural decision-making and operational

drought assessment across Australia.

Despite these advancements, existing operational DEWS primarily focus on hazard
monitoring and lack comprehensive impact-based forecasting tools. The ability to anticipate
drought impacts ahead of time remains limited but is essential for proactive drought risk
management (Sutanto et al., 2019). For agricultural stakeholders, translating weather
forecasts into actionable drought impact assessments would significantly enhance
preparedness. Furthermore, impact-based forecasts could support financial institutions, such
as banks, in evaluating agricultural sector vulnerability to drought. Additionally, this
information could facilitate the development of innovative insurance products, particularly

parametric or index-based weather insurance (Hughes, 2022).

2.3.4. Advances in seasonal drought forecasting methodologies

Drought prediction typically involves forecasting different drought phases—such as onset,
severity, duration and recovery—by assessing specific thresholds of drought indices and
indicators (Sharma & Panu, 2012; Wetterhall et al., 2015). Current research largely focuses
on forecasting meteorological and hydrological droughts, from precipitation decline to
reduced streamflow, soil moisture and groundwater levels. These efforts commonly employ
three primary forecasting approaches: statistical, dynamical and hybrid approaches (Hao et
al., 2018; AghaKouchack et al., 2022).

Statistical approaches

Statistical forecasting methods fit the empirical temporally lagged relationship between

drought indices and a set of potential predictors over large spatial scales (Hao et al., 2018).
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Various statistical methods have been applied to forecast meteorological drought, typically
quantified by hydro-meteorological indices (e.g., SPI, SPEI), using predictors such as
oceanic-atmospheric circulation patterns (e.g., El Nifio Southern Oscillation (ENSO), the
Indian Ocean Dipole (IOD)) and local climate variables (e.g., precipitation and temperature)
(Dai, 2011; Yuan et al, 2018). These data-driven methods do not explicitly represent
physical processes and are generally most skilful at short lead times, particularly at monthly
to seasonal scales, while forecast skill at annual scales is typically low and inconsistent
across regions (Zhao et al, 2020). Predictors, derived from hydro-meteorological
observations or reanalysis data across various regions and seasons, are input into statistical
modelling techniques (e.g., time series models, regression models, Markov Chain, and
conditional probability models) (Hao et al, 2016; Part et al., 2016). Machine learning
algorithms, such as Artificial Neural Networks (ANN), Random Forests (RF), and Support
Vector Machines (SVM), have become widely used for modelling complex interactions

between predictors and predictands (Sutanto et al., 2019; Khan et al., 2020).

Dynamical forecasting approaches

Dynamical (process-based) forecasting employs advanced land-surface models (LSMs) to
simulate physical water cycle processes at the Earth surface-atmosphere interface (see
example illustrated in Fig. 2.5). These simulations capture key variables such as precipitation,
evapotranspiration, soil moisture and runoff, which collectively shape the propagation
characteristics of drought (Schepen et al, 2012; Fisher & Koven, 2020). Hydrological
forecasts are typically driven or coupled by seasonal numerical weather forecasts from
general circulation models (GCMs), such as the NCEP Climate Forecast System Version 2
(CFSv2) (Saha et al., 2014) and ECMWF's seasonal forecasting system (SEAS5) (Johnson
et al., 2019). The soil moisture forecasts can be achieved through the North American Multi-
model Ensemble (NMME) forecasts provided by NCEP’s Climate Prediction Center (Becker
et al., 2014; Bolinger et al., 2016), the LISFLOOD model developed by the ECMWF (Molteni
et al., 2011) and Australia's operational forecasts integrating ACCESS-S2 climate outputs
into the AWRA-L hydrological model (Griffiths et al., 2023), each of which deliver probabilistic
seasonal outlooks for rainfall, temperature, and root-zone soil moisture conditions several
months ahead (Wedd et al., 2022).

Hybrid drought forecasting

Hybrid forecasting methods combine both statistical and dynamical approaches to improve
model prediction accuracy (Hao et al, 2018). While it is challenging to determine which
method is superior, combining dynamical models with statistical models has been shown to

enhance forecasting skill (Schepen and Wang, 2015; Schepen et al., 2014). Common
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merging techniques, including regression models, Bayesian posterior distributions, and
Bayesian Model Averaging (Mendoza et al., 2015), are used to combine the strengths of both

approaches for more reliable drought forecasting.

Actual evapotranspiration

Deep-rooted
vegetation

Shallow-rooted
vegetation

Upper soil moisture (0-0.1m)

Lower soil moisture (0.1-1m)

Deep soil moisture (1-6m)

Fig. 2.5. The Australian Water Resources Assessment Landscape (AWRA-L) modelling
system outputs key hydrological parameters forced by the observed meteorological variables
(Van Dijk et al., 2010; Viney et al., 2015; Frost et al., 2021).

2.4. Enhancing DEWS through impact-based forecasting

2.4.1. Necessity of impact-based drought forecasting

Impact-based forecasting is crucial for improving drought early warning systems (DEWS),
particularly by anticipating drought effects on vegetation and agricultural productivity. While
traditional DEWS primarily focus on predicting hydro-meteorological conditions (e.g.,
precipitation deficits and soil moisture anomalies), impact-based forecasting explicitly
connects these predictions to tangible outcomes that are directly relevant to stakeholders,

enabling more effective preparedness and decision-making (Sutanto et al., 2019).

24



671
672
673
674
675
676
677
678
679
680
681

682
683
684
685
686
687
688
689
690

691
692
693
694
695
696
697

698
699
700
701
702
703
704

Despite their recognised importance, operational DEWS currently lack robust, probabilistic
forecasts of drought impacts. Existing systems often fail to transform drought signals from
meteorological forecasts into specific, actionable information tailored to end-user needs.
Although the terms "drought forecasting" and "drought early warning" are sometimes used
interchangeably, they differ in scope. Drought forecasting typically refers to predicting the
likelihood, onset and severity of drought conditions, whereas drought early warning extends
this by disseminating timely, practical information to stakeholders, facilitating proactive risk
mitigation measures. Thus, incorporating direct indicators of agricultural and ecological
drought impacts—such as vegetation stress or reduced agricultural yields—into DEWS can
significantly enhance their effectiveness compared to systems focused exclusively on hydro-

meteorological indices.

A primary goal of impact-based DEWS is to supply accurate information on drought impacts
to governments, agricultural stakeholders and financial institutions. For agriculture, impact-
based forecasting commonly integrates climatic forecasts with dynamic agronomic models to
predict biophysical outcomes like crop yields and pasture growth. For example, in Australia,
the Australian Bureau of Agricultural and Resource Economics and Sciences (ABARES) is
developing national indicators that combine climate data with agricultural modelling. These
indicators translate forecasts into meaningful agricultural outcomes, such as anticipated crop
yields, pasture conditions, and broader farm economic impacts, supporting more informed

decision-making within the agricultural and financial sectors (Hughes et al., 2022).

2.4.2. Advances in forecasting vegetation impacts for DEWS

Compared to established methods for forecasting meteorological and hydrological drought,
the forecasting of drought impacts—particularly those affecting vegetation—is relatively
underdeveloped (Bachmair et al., 2016). While several studies have attempted to predict
drought signals using various drought indices, few have explicitly addressed their direct
translation into ecological or socio-economic impacts (Bachmair et al., 2016; Sutanto et al.,
2019).

Among existing efforts, most studies primarily focus on crop yield as the main metric to
quantify agricultural drought impacts. Such yield-based forecasting typically combines
meteorological forecasts (e.g., three-month SPI) or observed vegetation indices (e.g., NDVI
anomalies) with agronomic models to provide insights into expected agricultural productivity
(Peng et al., 2018, 2020; Krishnamurthy et al., 2020). Beyond yield forecasting, studies on
predicting socio-economic drought impacts remain limited and geographically restricted,

typically relying on drought-impact databases such as the U.S. Drought Impact Reporter
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(DIR) and the European Drought Impact Inventory (EDII). These text-based impact
inventories compile records of drought-induced impacts on sectors including domestic water
supply, agriculture, hydropower and water quality (Bachmair, Stahl, et al.,, 2016; Gonzalez
Tanago et al., 2016; Stagge et al., 2015). For instance, Sutanto et al. (2019) used logistic
regression and Random Forest methods based on EDII data to predict drought-related
impacts across Europe. However, such inventories are not universally available, thereby

restricting broader applicability.

Predicting drought impacts on vegetation at large scales faces multiple challenges, notably
due to the complexities of vegetation responses to varying water stress across different
climate zones (Sheffield & Wood, 2011). Remote sensing data, particularly NDVI and related
vegetation indices, are frequently employed as proxies for vegetation conditions and have
been commonly forecast using statistical models (Asoka & Mishra, 2015; Funk & Brown,
2006; Tadesse et al., 2014). Although previous approaches such as linear autoregression
and Gaussian process (Barrett et al.,, 2020), linear regression (Zambrano et al., 2018) and
Bayesian autoregression (Salakpi et al, 2022) have attempted to forecast vegetation
condition using single-variable models based solely on individual vegetation indices with
short lead times (1-2 months), their temporal coverage remains insufficient for operational

drought early warning and effective preparedness.

Statistically-based forecasts typically utilise regression and machine learning algorithms,
employing hydro-meteorological predictors such as precipitation and temperature or large-
scale climate indices (e.g., ENSO) to estimate vegetation responses to drought (Hao et al,,
2018). Dynamic forecasting approaches further integrate vegetation indicators (e.g., NDVI)
and hydro-meteorological variables through data assimilation within land-surface models,
enabling near-real-time monitoring and short-term prediction of agricultural drought
conditions (Bolten & Crow, 2012; Tian et al., 2019). Nevertheless, most studies traditionally
focus on standard meteorological indices (e.g., SPIl, SPEI) rather than soil moisture
anomalies, despite the latter’s direct relevance to vegetation growth, particularly in water-

limited dryland ecosystems (AghaKouchak et al., 2015).

Recent Australian studies have demonstrated the practical value of explicitly forecasting soil
moisture for drought and vegetation-related applications. For example, Western et al. (2018)
evaluated seasonal forecasts of plant available soil water across dryland cropping systems in
southeastern Australia and found skill exceeding climatology at lead times of up to 3-5
months. At the continental scale, Vogel et al. (2021) showed that a national seasonal
ensemble forecasting system based on AWRA-L exhibited useful skill for soil moisture and

evapotranspiration forecasts at one- to three-month lead times across key agricultural
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regions, with particularly high skill for low soil moisture extremes. These findings highlight the
potential of soil moisture—based forecasting to support vegetation impact assessment in
Australian dryland systems, where soil moisture exerts a primary control on vegetation

dynamics.

Recent studies have begun addressing this gap by explicitly linking soil moisture predictions
to vegetation conditions such as NDVI, LAl and GPP. Methods employed include regression
analysis, conditional probability modelling, and machine learning algorithms to establish
robust predictive relationships (Asoka & Mishra, 2015; Sawada & Koike, 2016; Tian et al.,
2019). Notably, soil moisture anomalies derived from in situ measurements (Gu et al., 2008;
Wang et al., 2007), satellite remote sensing products (Chen et al., 2014; Nicolai-Shaw et al.,
2017), and land surface model simulations (Ahmed et al.,, 2017; Crow et al., 2012) often
exhibit stronger predictive relationships with vegetation stress than meteorological indices
alone, especially in dryland regions like Australia (Bachmair et al., 2016a; Chatterjee et al.,
2022). Several studies have quantified predictive potential using temporal correlation
measures, such as Pearson’s or Spearman’s rank correlations and Anomaly Correlation (AC),
between satellite-derived vegetation indices and hydro-meteorological variables (Sehgal et
al., 2021a). However, correlation-based measures alone may not adequately indicate
forecast skill, especially given the rarity and severity of extreme drought events, which fall in
the distribution tails of both vegetation indices and soil moisture data (Wilhite & Glantz, 1985).
Consequently, predictive skill derived from historical correlation often deteriorates when
applied to forecasting statistically rare drought events, presenting persistent methodological
challenges (Brust et al., 2021; Hao et al., 2017; Sutanto et al., 2020).

Recent Australian research has demonstrated the value of explicitly forecasting soil moisture
for drought and vegetation impact applications. For example, seasonal ensemble forecasting
systems driven by climate model outputs and land surface models (e.g., AWRA-L) show
useful skill for soil moisture at lead times of one to three months across key agricultural
regions, with particularly strong performance for low soil moisture extremes (Western et al.,
2018; Vogel et al., 2021).

2.4.3 Probabilistic forecasting and decision-making under uncertainty

Given the inherently chaotic nature of the climate system and limitations of current predictive
capabilities, stakeholders often rely on probabilistic forecasts, which explicitly quantify
prediction uncertainty, to support decision making (Demargne et al., 2014; Hao et al., 2017).
Consequently, probabilistic drought forecasts that clearly present associated uncertainties

have become critical components of effective drought early warning systems (DEWS).
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Uncertainty in drought forecasts is generally quantified through probabilistic methods, such
as the derivation of probability density functions (PDFs) of forecast variables (e.g.,
precipitation or drought indices) by combining ensemble forecasts from multiple models
(Stockdale et al., 2010). In practice, the mean, variance, or ensemble spread are common
metrics used to represent forecast uncertainty (Yuan & Wood, 2012). Compared to
deterministic forecasts, probabilistic forecasts often provide greater value, offering clearer
communication of uncertainty and supporting better-informed decisions (Hao et al., 2018).
Recent advancements in dynamical forecasting enable the generation of probabilistic
drought predictions using multi-model ensemble systems, typically focused on key hydro-

meteorological variables such as precipitation or soil moisture.

A critical aspect of drought early warning is the lead time of forecasts, which directly
influences decision-making effectiveness. However, longer lead times generally come with
increased forecast uncertainty, creating an inherent trade-off between timely warnings and
reliability (Grasso, 2006). Existing studies suggest that drought hazards can exhibit useful
but variable forecast skill at lead times of approximately two to three months, depending on

region, variable and drought metric considered (Sutanto et al., 2019a).

Soil moisture is particularly important for defining and monitoring agricultural drought impacts
due to its direct influence on plant growth and productivity, especially in water-limited
ecosystems (Wilhite, 2005). Nevertheless, the use of soil moisture in operational drought
forecasts faces significant challenges. Soil moisture exhibits higher spatial variability than
precipitation, and comprehensive, large-scale historical observational datasets are scarce
(Dorigo et al., 2017). These constraints hinder the development and operationalisation of
reliable soil moisture-based drought forecasts, consequently limiting the effectiveness of

early warnings for agricultural drought management.

To address these constraints, this thesis contributes a soil moisture—driven prediction
framework that integrates both deterministic and probabilistic elements by leveraging state-
of-the-art root-zone soil moisture simulations and ensemble forecasts, with the aim of
enhancing early warning capabilities for drought-induced vegetation stress in operational

contexts.
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Chapter 3

Categorical prediction of vegetation deterioration events using large-
scale root-zone soil moisture anomalies over southeastern Australia

Abstract

Predicting vegetation response to drought stress remains challenging due to complex
interactions between soil moisture deficits and plant health, compounded by varying
response times and magnitudes across diverse ecosystems. This study develops a
probabilistic framework for determining soil moisture trigger thresholds associated with multi-
categorical vegetation deterioration risks in southeastern Australia. The framework integrates
time-lagged correlation analysis with copula-based joint probability modelling to establish
quantitative relationships between root-zone soil moisture anomalies and vegetation
condition. Analysis of satellite-derived vegetation indices and Australian Water Resources
Assessment — Landscape model (AWRA-L) simulated soil moisture (2001-2022) reveals
strong temporal coupling between vegetation dynamics and root-zone moisture conditions,
with response times typically ranging from 8 to 40 days. The copula-based analysis
successfully captures soil moisture-vegetation dependencies, enabling probabilistic
estimation of vegetation deterioration under varying drought scenarios. Even under severe
soil moisture deficits (< -2.5 SD), the region-wide probability of experiencing mild vegetation
deterioration averages only 61.2%, highlighting the complex nature of drought-vegetation
interactions. The predictive capability of this framework is evaluated based on its
performance using multiple conditional probability criteria (40-70%) for triggering vegetation
deterioration alarms under specific soil moisture anomaly conditions. Results demonstrate
strong skill in forecasting no-risk to moderate vegetation stress conditions (hit rates: 0.87 and
0.33 respectively) but diminished performance for severe categories. Agricultural regions,
particularly dryland cropping areas, exhibit extended response times exceeding one month,
while natural vegetation systems show more rapid responses to moisture stress. This
research advances impact-based drought early warning by providing a systematic approach
for quantifying vegetation deterioration risks. The methodology offers valuable insights for
agricultural and environmental management, though challenges remain in predicting extreme

vegetation stress events.
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3.1. Introduction

3.1.1. Motivation and problem context

As emphasised in Chapter 2, drought is one of the costliest natural hazards, exerting
significant impacts on both human societies and ecosystems (Mishra and Singh, 2010).
When drought conditions propagate into significant soil moisture deficits in the effective root
zone (0-1m, as represented by large-scale land surface models), they can severely impair
vegetation functioning by reducing photosynthetic activity, suppressing growth, and
potentially inducing plant mortality (Dai, 2011; Farooq et al., 2009; Seleiman et al., 2021).
These effects may cascade into broader consequences. For example, crop yields and
harvest quality are highly sensitive and may be reduced very early in a stress episode, often
before the full stress is expressed in the overall plant (Chawla et al., 2020; Rajsekhar et al.,
2015). Other impacts include deteriorating pasture conditions for grazing (Yang et al., 2023),
decreased terrestrial carbon stocks, reduced ecosystem services as ecological drought
(Crausbay et al., 2017), and increased bush/wild fire risk (Jolly et al., 2015). Vegetation
degradation is known to be closely linked to soil moisture stress, especially in dryland

ecosystems (Zhang et al., 2023).

Predicting drought impacts on vegetation remains a major challenge due to two key issues,
as also introduced in Chapter 2. First, vegetation exhibits non-linear and delayed responses
to hydro-meteorological variability, with sensitivity and vulnerability varying significantly
across different ecosystems and climatic regimes (Vicente-Serrano et al., 2013; Sun et al,,
2021). Soil moisture deficits do not always result in vegetation deterioration, particularly
when plant drought resistance mechanisms buffer stress until certain thresholds are
surpassed (Frank et al., 2015; X. Li et al., 2023; Liu et al., 2019). Second, the characteristics
of drought events (e.g., timing, intensity and duration) critically influence vegetation
responses (Frank et al., 2015). For example, droughts occurring near peak growth periods
can disproportionately reduce ecosystem productivity (Jiao et al., 2022). These complexities
in vegetation response to drought have motivated a range of statistical approaches aimed at
characterising soil moisture—vegetation relationships. The following subsection reviews key

methodologies developed to analyse these dynamics.

3.1.2. Existing approaches to soil moisture-vegetation analysis

As discussed in Chapter 2, drought impact assessment has increasingly relied on remote
sensing indicators and hydro-meteorological variables to monitor vegetation responses at
large spatial scales. Building on this foundation, the present chapter focuses on statistical

approaches developed to characterise the relationship between soil moisture deficits and
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vegetation deterioration, particularly those suited for identifying drought propagation
dynamics and impact thresholds. Broadly, three methodological approaches have been
applied in recent studies: (1) correlation analysis, (2) joint probability modelling, and (3)

coincidence analysis.

Time-lagged correlation analysis estimates the temporal response of vegetation to drought
stress by calculating correlation coefficients (e.g., Pearson, Spearman's rank) between
vegetation dynamics proxies and drought indices at various lags (Vicente-Serrano et al,
2013; Zhang et al., 2022b). This method captures both the overall correlation strength and
timescale of vegetation response to hydro-meteorological drought condition but is limited in
its ability to detect dependencies in extreme conditions (Schwalm et al., 2017, Yu et al.,
2017). It often fails to capture tail dependence, which is critical for understanding severe
drought impacts on vegetation (Zscheischler et al., 2018). In this study, time-lagged
Spearman correlation analysis is used as a preliminary step to quantify the temporal
alignment between root-zone soil moisture anomalies and vegetation deterioration across

southeastern Australia.

Thus, a logical alternative is to focus on the lower tail of the distribution (herein referred to as
the ‘dry tail’) of hydro-meteorological and vegetation variables, where drought-related
anomalies typically manifest. Researchers have increasingly adopted copula-based joint
probability modelling, which allows flexible modelling of non-linear dependence and extreme
event co-occurrence by calculating joint exceedance (or non-exceedance) probabilities (Hao
et al., 2016, 2023). For instance, this approach constructs joint distributions between soil
moisture and vegetation variables (e.g., NDVI anomalies) and can answer conditional
probability questions, such as: “Given a root-zone soil moisture anomaly below —1.0 SD,
what is the probability of vegetation deterioration exceeding —1.5 SD?” (Sklar, 1959; Ribeiro
et al., 2019). Two main directions have emerged in this field: (1) assessing vegetation
vulnerability by analysing tail dependence structures (Fang et al., 2019; Xu et al., 2023), and
(2) identifying critical drought thresholds linked to specific levels of vegetation loss (Faiz et al.,
2022; He et al, 2021). This study adopts bivariate copula-based modelling as a core
component of its prediction framework, using it to quantify conditional probabilities and

determine critical soil moisture thresholds for multiple categories of vegetation deterioration.

A third approach, coincidence analysis, evaluates the co-occurrence rate between extreme
soil moisture deficits and vegetation anomalies. Typically, percentile-based thresholds (e.g.,
NDVI anomalies <10" percentile, soil moisture anomalies < 20" percentile) are used to

define events, and their co-occurrence rate is computed across different timescales, from
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sub-monthly (Tang et al., 2024) to annual periods (Sun et al.,, 2023a; Yang et al., 2023a;
Zhang et al., 2023). This method has been applied to both regional (Sun et al., 2023) and
global (X. Li et al., 2023; Tang et al.,, 2024) assessments of vegetation sensitivity to soil
moisture stress. While coincidence analysis provides useful insights into the empirical
relationship between soil moisture and vegetation anomalies, it is not applied in this study.
Instead, | focus on conditional probability-based methods that offer stronger predictive

capabilities suited for early warning applications.

3.1.3. Limitations and research gap

Although these approaches have advanced our understanding of drought propagation to
vegetation systems, significant gaps remain, particularly in predicting severe and low-
frequency vegetation deterioration events that are crucial for effective impact-based drought
early warning systems. While previous studies have explored both overall patterns and tail
dependence, their predictive accuracy for the most severe events remains uncertain. The
identified thresholds in prior studies typically range from 40" to 10" percentiles (or, where a
Gaussian distribution is assumed, z-scores from -0.25 SD to -1.28 SD), leaving the
predictability of more extreme deterioration (e.g., z-scores < -1.5 SD or < -2.0 SD) largely

unaddressed.

Moreover, much of the existing research treats “agricultural drought” as a composite
category, conflating soil moisture deficits with their vegetation impacts. However, vegetation
responses are not deterministic: soil moisture deficits do not necessarily result in vegetation
deterioration of a corresponding severity (Sun et al., 2023). The likelihood and extent of
vegetation impact depend on multiple factors, including plant functional traits, ecosystem
type, timing of the drought event, and cumulative exposure (Anderegg et al., 2020). This
underscores the inherently probabilistic nature of soil moisture—vegetation relationships, and
highlights the need to model these components separately and explicitly. In addition, most
prior studies have focused on agricultural systems due to their economic significance. Fewer
have assessed drought impacts on native vegetation, despite its importance for ecosystem

function, biodiversity and land management (Retallack et al., 2023).

3.2. Objective and contribution

To address the limitations identified above, this study analyses the probabilistic relationship
between soil moisture drought and vegetation deterioration through capturing not only
whether an impact occurs, but also how likely and severe it may be under varying drought

conditions. | develop pixel-wise soil moisture anomaly (SMA) thresholds for predicting
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vegetation deterioration (VD) risks using copula-based joint probability modelling. | adopt the
Normalized Difference Vegetation Index (NDVI) as the primary indicator due to its strong
association with leaf biomass and its suitability for large-scale remote sensing. This study
advances existing approaches by constructing a predictive skill evaluation framework that
leverages bivariate copula models to estimate VD risks from SMA patterns at the pixel scale

across southeastern Australia. Specifically, | aim to:

1. Characterise the temporal relationship and tail-dependence structure between
vegetation dynamics and root-zone soil moisture variability using time-lagged
correlation and bivariate copula modelling at the pixel level.

2. Estimate joint occurrence probabilities and determine localised, pixel-specific critical
soil moisture thresholds for triggering multiple severity levels of vegetation
deterioration.

3. Evaluate the predictive skill of these trigger thresholds, with a particular focus on

extreme and low-frequency events to enhance early warning capabilities.

By targeting both agricultural and native vegetation systems, this research contributes to the
development of robust early warning tools that support improved drought preparedness and

impact mitigation.

3.3. Study area and datasets

The study area encompasses southeastern Australia (33°S—40°S, 140°E-150°E), a region
characterised by recurring drought events in recent decades. The analysis period focuses on
austral late autumn to middle spring (May to October), coinciding with the primary
precipitation season and peak vegetation growth phase in the wheat-sheep belt of
southeastern Australia (Chenu et al., 2013; Donohue et al., 2018; Feng et al., 2020). This
temporal window was selected to optimise the investigation of soil moisture drought effects

on vegetation dynamics.

The study utilises root-zone (0-1.0m) soil moisture data derived from the Australian Water
Resources Assessment Landscape model (AWRA-L, version 7) operational historical
simulation for the period 2001-2022. These water balance outputs were obtained from the
Australian Bureau of Meteorology's Australian Water Outlook

(https://thredds.nci.org.au/thredds/catalog/catalogs/iu04/australian-water-

outlook/historical/historical.ntml). The daily soil moisture outputs underwent temporal

aggregation using an 8-day surrounding window mean to align with satellite-derived
vegetation index temporal resolution. Initial statistical analysis revealed significant positive
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skewness in the root-zone soil moisture estimates, particularly pronounced in central regions
dominated by dryland cropping and pasture. To address this non-normality, a square root
transformation was applied at the pixel level. Subsequent Shapiro-Wilk testing confirmed

improved normality in the transformed dataset hereafter referred to as RZSM.

Vegetation conditions were quantified using 8-day Normalized Difference Vegetation Index
(NDVI) time series retrieved from the Moderate Resolution Imaging Spectroradiometer
(MODIS) nadir BRDF-adjusted reflectance product (MCD43A4 Collection 6,
https://Ipdaac.usgs.gov/products/mcd43a4v006/). The analysis incorporated only highest-

quality retrievals of calculated bands 1 and 2. The NDVI dataset underwent spatial
resampling to 0.05°%0.05° resolution using mean aggregation, ensuring spatial
correspondence with soil moisture data coordinates. The processing workflow included
mosaicking of sinusoidal tile NDVI data for the study area and reprojecting to a regular
geographic grid through bilinear interpolation. Temporal gaps in the NDVI series were
addressed through linear interpolation, with gap-filled data constituting only 4% of the

complete time series across the study area and analysis period.

The analysis incorporated land-use data from the Australian Collaborative Land Use and

Management Program (ACLUMP version 8, https://www.agriculture.gov.au/abares/aclump),

originally mapped at 50m resolution. The dataset was reprojected to the 0.05° (~5km) grid of
the geographic coordinates of the AWRA-L, and each grid cell was assigned using a
majority-rule aggregation, whereby the most frequent ACLUMP land-use class within the grid
cell was taken as the representative type. The primary ACLUMP hierarchy was used,
encompassing major categories such as grazing modified pastures, dryland cropping,
grazing native vegetation, nature conservation, production native forests, plantation forests,
irrigated pasture and irrigated cropping (Fig. 3.1a). ACLUMP v8 provides a static snapshot
for 2016; thus, temporal variations in land use were not incorporated. To minimise sub-grid
heterogeneity in vegetation characteristics, the analysis was restricted to pixels in which a
single land use type occupied more than 50% of the cell area, encompassing 85.2% of all
vegetation-dominated grid cells. This land-use stratification enable evaluation of predictive
capability across distinct vegetation regimes and facilitates the development of targeted

drought management and preparedness strategies.
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Fig. 3.1. Overview of the study area in southeastern Australia. (a) Location of the study
region, encompassing parts of New South Wales (NSW), Victoria (Vic) and Australian Capital
Territory (ACT). (b) True-colour satellite image of the region (Google Earth). (c) Elevation
map of the study area derived from a digital elevation model. (d) Land use and vegetation
types across the region, classified into major land use categories.

3.4. Methodology

This section outlines the methodological framework developed to predict vegetation
deterioration (VD) severity based on standardised soil moisture anomalies (SMA). The
complete workflow is illustrated in Fig. 3.2, with corresponding subsections detailing each
analytical step. The approach is structured into five major stages, each designed to address

a specific component of the forecasting framework.

In Step 1 (Section 3.4.1), | characterise anomalies in vegetation and root-zone soil moisture
conditions using standardised NDVI and RZSM time series. Step 2 (Section 3.4.2.1)
identifies the temporal response lag of vegetation to soil moisture deficits by estimating the
time-shifted correlation between SMA and VIA series. Building on this, Step 3 (Sections
3.4.2.2-3.4.2.3) constructs pixel-wise bivariate dependence models using copula functions.
Four candidate marginal distributions and four copula families are evaluated, and the best-
fitting copula for each pixel is selected using the Kolmogorov—Smirnov (K-S) test, the

Cramér—von Mises (CvM) statistic, and the Akaike Information Criterion (AIC).
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In Step 4 (Section 3.4.2.4), | derive conditional cumulative probabilities of vegetation
deterioration from the fitted copula models, which are used to identify SMA trigger thresholds
for different severity levels of VD. These thresholds are determined under varying
exceedance probability criteria (40%, 50%, 60%, and 70%), producing four prediction sets:
Copula-cp40, cp50, cp60, and cp70. Each set shares the same underlying pixel-specific
copula function, differing only in the decision threshold applied. Finally, Step 5 (Sections
3.4.3-3.4.4) evaluates the predictive performance of the framework by comparing copula-
based forecasts to a naive baseline (persistence prediction), using historical SMA time series
across the study region. Predictive performance skill is assessed using multiple metrics,

including RMSE, hit rate, false alarm rate, and frequency distribution.

Step 1. Characterise soil moisture and vegetation anomalies Step 2. Quantify vegetation response lag to soil moisture
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Fig. 3.2. Pixel-wise workflow for deriving SMA thresholds associated with varying vegetation
deterioration (VD) severity levels, using copula-based conditional probability modelling.
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3.4.1. Standardised vegetation and soil moisture anomalies

| derived standardised anomalies (z-scores) of these variables for each grid using the

following equation:

x(f.Y)—le(t) (3 1 )

z(t,y) = o2 (D)

where x(t,y) represents the value of a variable for day t of the year y in the 2001-2022
period, and u,(t) and o,(t) denote the multi-year mean and standard deviation of the
variable x at day t over the study period, respectively. The calculation of x(¢t, y) — u,(t) yields

the anomaly for day t of year y, which is then standardised to z,(t, y).

This standardisation procedure de-seasonalises the original variables and transforms them
into locally comparable z-scores. | designate the z-score of RZSM anomaly as Soil Moisture
Anomaly (SMA) and the z-score of NDVI anomaly as Vegetation Index Anomaly (VIA). The
z-score approach was selected over percentile-based methods due to its superior capacity to
preserve distributional properties and detect extreme events more effectively, while also
allowing consistent comparisons across different drought indices over spatial and temporal
scales (Hao & AghaKouchak, 2013; Farahmand & AghaKouchak, 2015). In addition, z-scores

remain sensitive to subtle shifts in vegetation and soil moisture responses, which is
particularly important for capturing the progressive onset and evolution of drought impacts on

vegetation.

The severity classification scheme for both SMA and VIA adopts the following non-
exceedance threshold criteria: below-normal (< 0 SD), mild (= —-0.5 SD), moderate (< -1.0
SD), severe (£ —-1.5 SD), extreme (< -2.0 SD), and exceptional (£ -2.5 SD). Unlike
conventional drought index severity classification systems defined by mutually exclusive
upper and lower bounds (e.g., -1.5 < SPEI < -1.0), this framework independently triggers
each severity level when the anomaly value drops below a given threshold. This structure is
more suitable for early warning applications (WMO & GWP, 2016; Bachmair et al., 2016),
where the primary goal is to detect whether a critical impact threshold has been breached.
Moreover, single-sided thresholding supports the use of unidirectional exceedance
probabilities in copula-based modelling, particularly for rare but severe events where

traditional two-tailed classifications are less informative.
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3.4.2. Copula-based framework for determining soil moisture trigger thresholds
associated with vegetation deterioration

This section introduces a probabilistic framework for quantifying the relationship between soil
moisture deficits and vegetation deterioration through copula-based analysis. The framework
leverages the mathematical properties of copula functions to construct joint probability
distributions between SMA and VIA, enabling the identification of critical soil moisture trigger

thresholds associated with varying severity levels of vegetation stress.

The theoretical foundation of my approach is grounded in Sklar's Theorem (1960), a
fundamental principle in statistical theory that demonstrates how multivariate distributions
can be separated into two distinct components: their univariate marginal distributions and a
copula function (Durante & Sempi, 2015). The copula function specifically characterises how
these variables interact and depend on each other. Notably, copulas excel at capturing non-
linear relationships between variables whilst preserving the unique statistical properties of
each individual variable's distribution (Mishra & Datta-Gupta, 2017; Chen & Guo, 2019). This
capability is believed valuable when modelling the complex interactions between soil

moisture deficits and vegetation response patterns (Xiang et al., 2023).
3.4.2.1. Temporal response analysis of soil moisture-vegetation relationships

Correlation analysis is the foundation for constructing a copula function as it establishes the
statistical foundation for subsequent copula modelling and determines the optimal temporal
scale at which soil moisture anomalies influence vegetation condition. It is reported that the
relationship between vegetation dynamics and root-zone soil moisture variabilities exhibits
strong non-linear characteristics, necessitating the use of rank correlation analysis methods
(e.g., Kumar et al., 2016; Tian et al., 2019).

The Spearman's rank correlation coefficient (o) was calculated between the VIA and SMA
time series during the growing season, incorporating various time lags. The temporal
analysis spans —64 to +64 days, corresponding to eight 8-day intervals before and after the
target vegetation index date, thus capturing both antecedent (leading) and delayed (lagging)
soil moisture effects. Because the analysis is centred on the VIA observations within the
May—October window, SMA values were obtained by shifting the SMA time series forward or
backward by the corresponding lag. This approach ensured full lag coverage for all VIA dates

without discarding edge observations. The relationship is expressed as:

pn = corr [VIA;, SMA;_,], —8<n < +8 (3.2)
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Pmax_lag = max(p,), -8 <n < +8 (3.3)

where n represents the temporal offset in n - 8-day periods, SMA;_,, denotes the soil moisture
anomaly n temporal steps before time t, and p,, represents the corresponding correlation
coefficient between VIA and lagged SMA. Only pixels where the p.;4x 144 Was found to be
statistically significant (p < 0.01) were carried forward for the bivariate copula modelling. This
criterion ensures the robustness of the derived dependency structure by filtering out regions

where the vegetation dynamics are weakly or randomly coupled with root-zone soil moisture.

For each grid cell, the maximum correlation coefficient (p;,qx 109 ) @nd its corresponding lag
period were identified. The ppqx 14 Value indicates the strongest temporal relationship
between soil moisture and vegetation response at that location. This optimal lag time was
subsequently incorporated into the joint distribution modelling, ensuring that the temporal
dynamics of vegetation response to soil moisture deficits were appropriately captured in the

copula-based analysis.
3.4.2.2. Copula-based joint probability distribution

The copula framework provides a robust statistical foundation for modelling complex
dependence structures between random variables by decomposing joint probability
distributions into their marginal components (Varol et al., 2023; Wang et al., 2022). This
framework offers flexibility in connecting diverse marginal distributions via specified copula
functions (Nelsen, 2006; Hao et al., 2017). Within hydro-meteorological research, copula-
based joint distributions have proven effective in quantifying bivariate and multivariate
relationships among drought-related variables across spatiotemporal scales, notably in
capturing tail dependence structures essential for extreme events (Zscheischler &
Seneviratne, 2017; Hao et al., 2023).

The framework capability in constructing conditional probability facilitates rigorous
investigation of environmental variable interactions, thereby enabling predictand-predictor
relationships to be evaluated. This approach proves especially valuable in my analysis of soil
moisture-vegetation relationships, where | employed copula functions (Eq. 3.4) to establish
joint distributions between SMA and VIA series at empirically determined optimal time lags.
For my bivariate copula modelling of SMA-VIA relationships, the joint cumulative distribution

function is expressed as:

Fyy(x,y) = C[Fx(x),FF())| =PX <x,Y <y) (3.4)
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where Fyy (x,y) represents the joint cumulative distribution function (CDF), C[ ] donates the
copula function, and Fx(x) and Fy,(y) are the marginal CDFs of SMA and VIA, respectively.
The marginal CDFs, Fx(x) and Fy(y), are uniformly distributed on the interval [0, 1], whilst
the copula function C[ ] captures the underlying dependency structure between the variables.
Finally, this expression is equivalent to P(X < x,Y < y), which quantifies the joint probability

that X does not exceed x and Y does not exceed y simultaneously.

In the implementation phase, | evaluated four candidate marginal distributions (Gaussian,
Gaussian kernel, Gamma, and Beta) for fitting the time series of SMA and VIA. The joint
dependence structure between SMA and VIA was modelled using four established copula
families: Clayton, Gumbel, Frank, and Gaussian. These represent two distinct copula types,
elliptical (Gaussian) and Archimedean (Clayton, Gumbel, Frank), each characterised by
different tail dependence structures (Guo et al., 2021; Sadegh et al., 2017). The Gaussian
and Frank copulas are particularly suited for capturing both positive and negative

dependencies across the bivariate distribution.

To account for the spatial heterogeneity in SMA-VIA relationships, all distribution fitting and
copula modelling procedures were implemented independently at each pixel. This pixel-wise
fitting strategy enabled the capture of localised distributional characteristics and joint
dependency structures across the study region. The selection of optimal marginal
distributions and copula functions followed a rigorous statistical procedure, as illustrated in
the workflow diagram (Fig. 3.2). For each pixel, marginal distributions were evaluated using
the Kolmogorov—Smirnov (K-S) test and the Akaike Information Criterion (AIC), balancing
empirical fit with model simplicity (Fang et al., 2019). Copula functions were selected based
on AIC and two goodness-of-fit metrics, the K-S test and the Cramér—von Mises (CvM)
statistic, to ensure both penalised likelihood performance and consistency with the observed
joint behaviour. Further details on the candidate distributions and copula families are

provided in Tables S3.1 and S3.2 in the Supporting Information.

Fig. 3.3 illustrates the fundamental principles of copula theory by demonstrating how
bivariate marginal distributions are transformed into their uniform counterparts over the
interval [0,1], while preserving the inherent dependence structure between the variables. The
original bivariate probability space (Fig. 3.3a) is divided into four quadrants (I-1V),
representing the joint probability regions: P(X > x,Y > y), PX <x,Y >y), PX <x,Y <y),
and P(X >x,Y <y). These four quadrant probabilities sum to unity, with conditional
probabilities derivable through integral computation (Yue and Rasmussen, 2002). For

instance, the shaded area in quadrant Il corresponds to the joint probability of a drought
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event where soil moisture anomaly (SMA) < -0.9 SD and the vegetation index anomaly (VIA)
< —1.0SD. In the copula-transformed space (Fig. 3.3b), this corresponds to the joint
probability of U < 0.209 and V < 0.172, where U and V are the uniform-transformed
distributions of SMA and VIA, respectively.
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Fig. 3.3. Conceptual illustration of copula transformation from the original bivariate space to
the uniform distribution space. The figure demonstrates how joint probabilities between soil
moisture anomaly (SMA) and vegetation index anomaly (VIA) are preserved through the
copula framework. (a) Bivariate distribution of the original variables: SMA (X) and VIA (Y). (b)
Corresponding copula-transformed variables U = Fx(x) and V = Fy(y), mapped onto the
uniform interval [0,1]. Marginal distributions are shown on the axes. The central scatterplots
in both panels are divided into four quadrant (I-1V), representing the joint probability regions.
The lower-left quadrant (lll) corresponds to concurrent low values of both variables (e.g.,
drought conditions and vegetation deteriorations), illustrating how joint exceedance
probabilities are preserved under copula transformation. All quadrant probabilities sum to
unity.

3.4.2.3. Understanding vegetation response to soil Moisture deficits: a probabilistic

framework

The conditional probability P(Y < y|X <x), expressed as P(VIA <via| SMA < sma) ,
quantifies the likelihood of vegetation stress occurring under soil moisture deficit conditions.
Within the copula framework, this is derived from the joint probability distribution P(X < x,Y <
v), enabling assessment of vegetation deterioration likelihood at various drought severity

levels. Formally, the conditional probability is calculated as:
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P(Xsx;, Y<yj) _ C[Fx (xp), Fy (¥j)]

PY syl X =x) =——5 5 Fx(x))

(3.5a)

where X and Y denote the SMA and VIA, and x;, y; represent threshold levels in z-score units.
For example, the probability of moderate vegetation deterioration (i.e.,VIA < —1.0 SD) under

mild soil moisture deficit condition (i.e., SMA < —0.5 SD) is:

P(VIA< -10|SMA < —0.5) =22 ?S;;f; f(’)fg‘“” = FSM‘;SVI’WAA((‘_O;;)‘“’) (3.5b)

3.4.2.4. Determination of soil moisture trigger thresholds for vegetation deterioration

To evaluate how vegetation responds to varying levels of soil moisture stress, | derive the
conditional cumulative distribution function (CDF) from the fitted copula:

dC[Fx(x), Fy(y)
FrxO/l) = 50 (36)

9C[Fx(x), Fy(¥)]

where Fyx(y|x) = P(Y <y|X =x), and the right-hand side
9Fx(x)

represents the

partial derivative of the copula function C[u, v], evaluated at u = Fy(x). This function captures
the conditional probability of a VIA (Y) falling below a specified value y, given a known SMA
(X = x). The implementation is illustrated in Fig. 3.4. As shown in Fig. 3.4b, the 0.5 and 0.7
probability contours delineate key thresholds where vegetation deterioration becomes
increasingly likely under specific SMA conditions. To numerically approximate this function, |

adopt a finite-difference method:

P(x2<X s xerSy) — FX,Y(xlry)_FX,Y(XZ:y) (3 7a)

P(Y =Y | X <X s xl) - P(x,<X<x1) Fx(x1)—Fx(x2)

This expression estimates the cumulative conditional probability of vegetation response over
a discrete SMA intervals (x,, x;]. Building on this, | develop an iterative threshold search
framework to determine the critical SMA level associated with a given vegetation

deterioration category. For each interval (sma — 0.1, sma], | calculate:

P(VIA < via| sma— 0.1 < SMA < sma) = -SMAva(ma vie)) Fovayia(sma=01, viaj) (5 7p,
Fsma (sma)—FSMA(sma— 0.1)

Where via; represents the threshold values of VIA (e.g., via; = —1.0 SD correspond to VD:

severity level). Starting from sma = 0.0 SD and progressively decreasing in 0.1 SD until the

computed cumulative conditional probability exceeds a chosen likelihood decision criterion

Piecision € {40%,50%,60%,70%} . For instance, if the computed cumulative conditional
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probability exceeds the chosen likelihood decision criterion Py, ision (€-9-, Pgecision =60%) at
a certain SMA interval, it indicates that there is a 60% chance that this soil moisture deficit
will trigger vegetation deterioration at or beyond level via;. If the probability never exceeds
the decision criterion Pggcision down to sma = -3.0 SD, no effective SMA trigger threshold

exists for that vegetation deterioration severity level.

In summary, this methodology enables probabilistic estimation of vegetation deterioration
risks across multiple severity levels, based on soil moisture deficit conditions evaluated at
cumulative threshold (i.e., X < x in Eq. 3.5), exact values (i.e., X = x in Eq. 3.6), and defined
intervals (i.e., x, < X < x; in Eq. 3.7). By systematically identifying critical SMA triggers, the
framework supports improved drought risk assessment and enhances early warning
capabilities. The derived SMA thresholds offer actionable insights for proactive drought

preparedness across both agricultural and natural ecosystems.
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Fig. 3.4. Copula-based conditional probability visualisation at a representative pixel. (a)
Conditional probability density function f(VIA|SMA) = aiP(Y < y|X = x), where the shaded
y

green colour gradient indicates density levels and blue dots represent observed data. The
red dashed lines show the 95% confidence interval of the fitted distribution. (b) Cumulative
conditional probability P(Y < y|X = x). The shaded orange background indicates increasing
probability values, with darker tones representing higher cumulative probabilities. The red
and orange contours correspond to probability thresholds of 0.5 and 0.7, respectively,
highlighting where the likelihood of vegetation deterioration exceeds these levels under given
soil moisture deficit conditions.
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3.4.3. Predicting vegetation deterioration from soil moisture deficit condition

This section presents a deterministic framework for predicting categorical vegetation
deterioration risk (VD;) using soil moisture deficit conditions. The methodology employs the
determined SMA trigger thresholds (8, 6,,605,0,,05) from Subsection 3.4.2.4 to forecast
vegetation deterioration risk across distinct severity levels. For each pixel, | utilised the SMA
at time step t to predict the occurrence of vegetation deterioration at specific severity level
VD; (with i =1,2,3,4,5) at a future time step t+ L, where L represents pixel-specific

temporal lag between VIA and SMA, as quantified in Subsection 3.4.2.1.

The framework includes four estimated sets of SMA trigger thresholds, determined through
conditional probability decision criteria Pyecision € {40%,50%,60%,70%} . The prediction

mechanism employs an indicator function defined as:

0, if SMA, > gl(Pdecision)
VD¢yp = ,(i=1,2,3,45) (3.8)
i, if SMA; < Qi(Pdecision)

where Qi(Pd“is""") represents the trigger threshold value satisfying P(VD;|SMA < 6,) >

Pdecision-

For instance, using a decision criterion of Py,ision = 60%, the most severe deterioration risk
(VDg) is predicted when SMA, < Bépd“is“’"); while moderate risk (VD,) is indicated when
Bgfpd““i"") < SMA; < GZ(P decision)  No vegetation deterioration risk (VD,) is anticipated when

SMA, > Ol(Pd“is"""), indicating soil moisture conditions above all critical threshold levels.

To evaluate the predictive capability of this proposed framework, | applied a persistence
prediction (PERS) approach as a naive baseline, following Tian et al. (2019) and Hao et al.
(2017), where the persistence implies no change in the most recent condition. This baseline
assumes that the vegetation deterioration situation at time step t + L remains unchanged

from that at time ¢, i.e., VD;,; = VD;.

The prediction sequence is initiated at the beginning of each calendar year, and the
performance of VDs prediction is evaluated during the defined peak growing season for each
pixel. The modelled VD predictions, generated under different exceedance probability
decision criteria Pyecision € {40%, 50%, 60%, 70%}, are hereafter referred to as Copula-cp40,
Copula-cp50, Copula-cp60 and Copula-cp70, respectively. Notably, all these VD prediction

sets (Copula-cp40 to -cp70) share the same pixel-wise fitted optimal copula function. The
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only distinction among them lies in the choice of the exceedance probability decision criterion

used to determine the SMA trigger thresholds.

3.4.4 Evaluation metrics for prediction performance

To assess the performance of the proposed framework under different configurations, |
conducted a comparative evaluation against persistence prediction, which serves as a
benchmark. Given the dual challenges of ordinal multi-categorical classification and
imbalanced sample sizes in the VD risk classification system, | employed a suite of
complementary evaluation metrics to comprehensively quantify predictive skill. These include
the multi-category (6 x 6) contingency table with hit-miss statistics (Table 3.1), the Root
Mean Square Error (RMSE), and the frequency distribution analysis approach. These metrics
quantify the agreement between predicted VD categories (y;) and observed categories (0;).

The metrics can be calculated overall and for each category.

3.4.4.1. Hit-miss statistic metrics

The contingency-based metrics, including Hit Rate (Probability of Detection), False Alarm
Ratio (FAR), and Overestimation and Underestimation Ratios, capture different aspects of
model performance. They are particularly useful in diagnosing errors across rare and
extreme events, where conventional accuracy measures may fall short. These definitions
and their applications are adapted from widely used frameworks in environmental prediction
and risk assessment literature (e.g., Bennett et al., 2013; Papagiannaki et al., 2020; Mardian
et al, 2023). These studies offer precedent for using hit-miss statistics to evaluate
probabilistic or multi-category forecasts, especially under skewed distributions. The inclusion
of directional error metrics (over-/underestimation) is especially relevant for early warning
systems, where missed warnings (underestimation) or false alarms (overestimation) have

markedly different implications for decision-making.
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Table 3.1. Hit-miss metrics used to assess prediction performance of vegetation deterioration
categories.

Metric name Formula Range Ideal Notes
value
Hit Rate hits (0,1) 1 Sensitive to hits, but
(Probability of hits + misses ignores false alarms.
Detection, PoD) Good for rare events
False Alarm Ratio false alarms 0,1) 0 Sensitive to false
(FAR) hits + false alarms alarms, but ignores
misses
Overestimation misses; where (y; > 0;) (0, 100%) 0 Useful in quantifying
Ratio hits; + misses; conservative prediction
bias.
Underestimation misses; where (y; < 0;) (0, 100%) 0  Crucial for evaluating the
Ratio hits; + misses; missed warning signals.
3.4.4.2. RMSE

To assess the overall prediction performance of my model, | employed the categorical

averaged Root Mean Square Error (RMSE), defined as follows:

RMSE = [ 231,04 - 0)? (39)

where Y; and O; represent the predicted and observed VD categories at timestampi,
respectively, and N denotes the total number of prediction repeats. The RMSE quantifies the
average magnitude of prediction errors, with lower values indicating greater accuracy. This
metric evaluates the level of agreement between predictions and observations, though it

does not indicate directional bias in the predictions.
3.4.4.3 Frequency distribution

| utilised 6 x 6 contingency tables to analyse the frequency distribution of predicted versus
observed frequencies per vegetation deterioration (VD) category. The contingency tables
facilitate analysis of estimation errors through examination of off-diagonal frequencies,

distinguishing between overestimation and underestimation patterns. This approach enables
46



1309
1310
1311
1312

1313
1314

1315
1316
1317
1318
1319
1320
1321
1322
1323

1324

1325
1326
1327

1328

1329

1330
1331
1332

1333
1334

detailed ability examination of each estimated set of SMA trigger thresholds to predict
specific VD levels. The performance evaluation incorporates multiple verification metrics,
namely the Hit Rate (or POD), False Alarm Ratio (FAR), and the Over- or Underestimation
Ratio.

3.5. Results

3.5.1. Dependencies between root-zone soil moisture and vegetation dynamics

The analysis of regionally averaged time series of VIA and SMA revealed strong temporal
coupling between vegetation growth dynamics and root-zone soil moisture conditions. As
shown in Fig. 3.5, vegetation growth dynamics were closely related to root-zone soil moisture
conditions, with general good agreement observed throughout the study area. Intense soil
moisture droughts, particularly the 2006 drought event (dark brown shaded band in Fig. 3.5),
corresponded with notable negative durations of VIA. All vegetation deterioration episodes,
characterised by negative VIA values during the study period, coincided with sustained root-
zone soil moisture deficits. The region experienced significant drought events in 2002, 2005,
2006, and 2018.

—— NDVI anomaly

NDVI Anomaly (z-score)

o
Root-zone Soil Moisture Anomaly (z-score)

QXD‘ ,LQ‘\,C’ ,LQXB 'LO{‘ ,LQ\Q’ ,Lg\-q ,LQ’L“ ,Lg’lx ,LQ'):L

WPRY Y
O 0% 9%

N P b P ® oS @ ad
A% @7 Q07 g 007 QT BT g% T T s

Fig. 3.5. The one-month rolling mean standardised anomalies of the NDVI (2001-2022
climatology). Background shading represents one-month rolling mean standardised root-
zone soil moisture anomalies.

The Fig. 3.6a illustrates the maximum Spearman's rank correlation coefficients (ppax 1ag)
between the SMA and VIA in each pixel that passed the significance test (p<0.01). Most of
the study area exhibited positive correlations, with shallow-rooted crop and pasture lands in

central and northeastern regions showing strong lagged effects (pmax 1ag > 0.6). The
Pmax 1ag Values were concentrated between 0.4 and 0.8, while negative SMA-VIA

correlations were mainly observed in western semi-arid shrublands and eastern alpine forest
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areas (Fig. 3.6b). The temporal response patterns, depicted in Fig.3.6¢c, show vegetation
response to root-zone soil moisture is primarily concentrated within 8 to 40 days across the
study area, where a positive lag indicates that SMA leads VIA. Regions with response times
less than one month comprise approximately 65% of the study region, typically coinciding
with relatively high pp,. 1ag Values. Notably, dryland cropping areas exhibit longer response
lag times exceeding one month (Fig. 3.6d). Similar extended response lags were observed in
southeastern alpine forests and northwestern shrublands, although the SMA-VIA relationship
in these regions generally persisted only over short temporal lags (around 2-4 of the 8-day
intervals). A distinct pattern emerged in western natural environments, characterised by
sandplain acacia shrublands, where negative correlations indicated vegetation changes
preceded soil moisture variations in the root-zone layer (0-1.0m), contrasting with the

predominant lagged response pattern observed across other regions.

The spatial distribution of optimal copula functions, selected based on the K-S test, CvM test
and AIC criteria, revealed distinct dependency patterns across different land use types (Fig.
3.7a). In modified pasture regions, the Clayton copula predominated (Fig. 3.7b), a family
known for capturing stronger lower tail dependence (i.e., joint extreme low values) (Nelsen,
2006). This pattern implies heightened vulnerability of modified pastures to concurrent soil
moisture deficits and vegetation deterioration. Dry cropping areas, in contrast, exhibited
better fit with the Gumbel copula, which is characterized by stronger upper tail dependence
(Nelsen, 2006). This characteristic reflects a strong positive association between soil
moisture and vegetation health under favourable conditions in dry cropping lands. Native
pasture areas displayed a distinct dependence structure, predominantly characterised by
Frank copulas. This pattern indicates a relationship between SMA and VIA that is symmetric
with respect to the tails, lacking the strong lower or upper tail dependence observed in

modified pasture and dry cropping lands.
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3.5.2. Conditional probabilities of vegetation deteriorating under soil moisture drought
scenarios

| employed copula theory to quantify the probability of vegetation deterioration under varying
soil moisture drought scenarios. Fig. 3.8 illustrates the conditional probabilities of different
vegetation deterioration severity levels under five soil moisture drought scenarios (mild,
moderate, severe, extreme, and exceptional). The colour intensity within each pixel
represents the probability of vegetation deterioration under corresponding drought conditions.
For any given vegetation deterioration threshold (Fig. 3.8, row panels), both conditional
probability and affected area increased with intensifying soil moisture stress (SMA values
from -0.5 to -2.0 SD). The likelihood of VIA falling below -0.5 SD increased markedly as
moderate soil moisture drought progressed to severe or extreme conditions. This pattern

persisted for more severe vegetation deterioration thresholds (VIA <-1.0 and -1.5 SD).

Spatial analysis reveals that central and northeastern regions exhibited higher probabilities of
vegetation deterioration during the growing season, consistent with the spatial pattern of
SMA-VIA correlation strength (Fig. 3.6a). Semi-arid areas with high interannual hydrological
variation show greater risk of vegetation deterioration compared to arid and temperate
climate zones. This enhanced vegetation-soil moisture dependency in semi-arid areas,
particularly in managed land use types, indicates that soil moisture drought was the primary
driver of vegetation deterioration. At the regional scale, the average conditional probability of
severe vegetation deterioration (VIA < -1.5 SD) was 14.5% under mild soil moisture drought
(SMA =< -0.5 SD), increasing significantly to 19.1%, 25.4%, 29.8%, and 31.8% under
moderate, severe, extreme, and exceptional soil moisture drought scenarios, respectively
(see Supplementary Fig. S3.1). For more severe vegetation deterioration (VIA £ -2.5 SD), the
average conditional probabilites were 2.0%, 2.8%, 4.4%, 7.7% and 12.6% under

progressively worsening soil moisture drought scenarios.
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Fig. 3.8. The conditional probabilities of vegetation deterioration under soil moisture drought
scenarios (mild, moderate, severe, extreme, and exceptional) during the growing season.
Columns show soil moisture drought scenarios and rows show vegetation deterioration
severity levels (mild to exceptional). Probability values are represented by the colour intensity
within each pixel, with redder colours indicating higher probabilities of vegetation
deterioration under the given soil moisture conditions. White areas indicate regions where no
corresponding SMA-VIA simulation pairs exist within the specified thresholds or non-
vegetated areas.
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3.5.3. Critical soil moisture trigger thresholds for vegetation deterioration

To further verify the trigger threshold identifying framework, | examined conditional
probabilities of VD occurrence under varying soil moisture stress conditions at four randomly
selected pixels (Fig. 3.9). The results confirm that, for any certain VD level (e.g., VIA < -1.5
SD), the probability of occurrence increases monotonically as SMA declines from 0.0 to -3.0
SD. Conversely, for a given SMA level (e.g., SMA at -0.9 SD), the probability of occurrence
systematically decreases as the VD threshold becomes more severe (e.g., from VIA < -1.0
SD to < -2.0 SD). The black dashed line in each panel marks the decision criterion Py.cision
=50% for demonstration. These findings substantiate the robustness of the trigger threshold
framework established in this study for developing VD early warning systems responsive to

varying levels of soil moisture drought.

To characterise regional patterns in the identified least severe soil moisture deficits sufficient
to trigger vegetation deterioration events, Fig. 3.10 presents the spatial distribution of critical
SMA thresholds for five VD severity levels using a 40% decision criterion (Piecision=40%) as
an illustrative example. The four decision criteria (40-70%) examined in this study to evaluate
how trigger performance varies across the selection of probability levels. Each panel displays
the minimum SMA value at which a specific VD level is predicted to occur with at least 40%
probability. Each panel displays the SMA value required to trigger a given VD category with
at least 40% occurrence probability. Darker red shades indicate that more intense soil
moisture deficits are required to trigger deterioration, while lighter yellow tones represent
areas where relatively mild deficits are sufficient. The proportion of pixels with identifiable
SMA thresholds declines with increasing VD severity, because for many locations the
conditional probability of severe deterioration never reaches the selected decision criterion
(e.9., Pyecision=40%) even at the lowest SMA values (i.e., SMA at -3.0 SD) represented in the
fitted copula models. Under this probability criterion, the SMA thresholds were identifiable for
85%, 65%, 29%, 18%, and 14% of the copula-fitted pixels for VD1 through VDs, respectively.
Central and northern regions exhibit relatively mild trigger thresholds, suggesting heightened
sensitivity to soil moisture stress. In contrast, coastal forests and grazing-modified pastures
require more severe deficits to trigger the same deterioration levels, reflecting greater

resilience.

The violin plot (Fig 3.10f) summarises the distribution of identified SMA thresholds across VD
severity levels. Each VD class demonstrates considerable variability in SMA threshold values
around the central tendency. For mild (VD1) and moderate (VD2) deterioration categories,

approximately 75% of the SMA trigger thresholds are concentrated in the lower quartiles. In
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contrast, VD3 to VDs display more uniform distributions of SMA trigger thresholds across their
respective ranges, suggesting a more complicated SMA-VD relationship response across
different land use types at higher severity levels. As presented in Supplementary Table S3.3,
the median of SMA trigger thresholds become progressively more negative with increasing
VD severity: -0.77 SD (VD1, mild), -1.46 SD (VD2, moderate), -2.08 SD (VD3, severe), -2.30
SD (VD4, extreme), and below -2.48 SD (VD5, exceptional).

While the primary analysis in this section focuses on the 40% exceedance probability,
additional estimated sets of SMA trigger thresholds with P, ision € {50%,60%,70%} are
presented in the Supplementary Fig. S3.2. These maps reveal a systematic contraction in
spatial coverage as the required exceedance probability increases, indicating that fewer
pixels meet the higher certain certainty requirement, especially in inland regions.
Concurrently, the trigger thresholds shift towards more negative SMA values. For instance,
thresholds associated with Py..i5i0n= 70% are typically 0.5 to 1.0 SD lower than those at
Pyecision =40%, reflecting the greater soil moisture deficit needed to trigger vegetation

deterioration with higher confidence.
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Fig. 3.9. Conditional probability curves at four randomly selected pixels across major land
cover types, illustrating the variation in vegetation deterioration (VD) probabilities under
varying soil moisture anomalies (SMA). Each panel represents a distinct land cover: (a)
plantation forest, (b) grazing native vegetation, (c) grazing modified pasture, and (d) dryland
cropping. Coloured lines correspond to five severity levels of VIA. Black dashed lines indicate
the chosen exceedance probability criterion (Pjecision=50%). Observed maximum correlation
coefficients (p) of SMA-VIA pairs in the pixels are also reported.
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Fig. 3.10. Spatial distribution and statistical summary of SMA trigger thresholds for VD
categories based on a 40% exceedance probability criterion (Pgecision=40%). Panels (a-e)
illustrate the spatial patterns of SMA trigger thresholds corresponding to increasing
vegetation deterioration severity: (a) mild (VIA < -0.5 SD), (b) moderate (VIA < -1.0 SD), (c)
severe (VIA £ -1.5 SD), (d) extreme (VIA < -2.0 SD), and (e) exceptional (VIA < -2.5 SD)
conditions. Colour gradients indicate the severity of required soil moisture deficit conditions,
with dark red shades representing more negative SMA values necessary to trigger
corresponding VD events. White areas indicate pixels without determined SMA thresholds
due to model fitting constraints. Panel (f) presents violine plot showing the distribution of
SMA thresholds across VD categories. The upper and lower limits of the SMA trigger
threshold are 0.0 and -3.0 SD, respectively. Subplot (g) presents the land use types of the
study region.

3.5.4. Evaluation of predictive performance and model skill

3.5.4.1. Overall accuracy

Table 3.2 presents the average verification metrics derived from pixel-level 6 x 6 contingency
tables, quantifying the agreement between observed and predicted vegetation deterioration
events for different categories (no-risk to exceptional, VDo to VDs) across all vegetated land-
use types. Results are reported for the four estimated sets of SMA thresholds across
southeastern Australia (Copula-cp40, Copula-cp50, Copula-cp60, Copula-cp70), alongside

the persistence prediction (PERS) serving as the benchmark.
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The verification metrics indicate that copula-based models tend to underestimate VD risks
more frequently than the persistence prediction benchmark, with underestimation rates
ranging from 73% to 82% at the 8-day temporal resolution (versus 42% for persistence), and
68% to 81% at the monthly aggregation period (versus 36% for persistence). The monthly
aggregation was achieved by comparing the maximum observed VD event in each month
with the maximum predicted VD event for that same period. These results highlight the
inherent difficulty of probabilistic multi-category forecasting, especially for infrequent high-
severity events. Nonetheless, among the copula-based configurations, Copula-cp40
demonstrates relatively stable skill across categories and timescales, achieving the highest
overall Hit Rates (0.23 and 0.25) and the lowest FAR (0.67 and 0.64), suggesting its potential
value in risk-aware forecasting frameworks that offer category-specific probabilistic forecasts
rather than relying solely on temporal continuity. The full contingency tables of each VD risk

category are presented in the following section (Section 3.5.4.2).

Although the copula-based configurations yield higher overall RMSEs compared to the
persistence prediction benchmark (0.98-1.09 vs. 0.71 at 8-day scale; 1.07-1.30 vs. 0.73 at
monthly scale), spatial disaggregation of RMSE differences (Fig. 3.11) provides further
insights into where copula-based models may offer added value. In particular, Copula-cp40
demonstrates improved performance in several regions dominated by forests and grazing-
modified pastures, as indicated by the blue shading in Fig 3.11, where it achieves lover RSM
than the PERS benchmark. These regional improvements should not be overinterpreted as
universal gains, but rather as indicative of landscape-specific advantages, especially in
heterogeneous environments where persistence-based methods may struggle to adapt.
Conversely, in more homogeneous cropping areas, the models perform comparably,

reflecting the limited incremental benefit under stable dynamics.
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Table 3.2. Evaluation and verification of estimated sets of SMA thresholds (Copula-cp40 to
Copula-cp70) and persistence prediction (PERS) at 8-day and monthly timescales. The
values represent average performance across all pixels with vegetated land-use types,
based on statistics from pixel-level 6 x 6 contingency tables covering the full spectrum of
vegetation deterioration categories (no-risk to exceptional, VDo to VDs).

Verification measures (at 8-day timescale)

RMSE Hit Rate FAR Under- Over-
Sets of predictions estimation estimation

(%) (%)

Copula-cp40 0.98 0.23 0.67 73 4
Copula-cp50 1.02 0.21 0.67 78 2
Copula-cp60 1.06 0.19 0.68 81 1
Copula-cp70 1.09 0.18 0.69 82 0

Persistence prediction

0.71 0.48 0.49 42 10

(PERS)

Note: RMSE (perfect=0), Hit Rate: (perfect = 1), FAR: False Alarm Ratio (perfect = 0)

Verification measures (at monthly maximum aggregation)

RMSE Hit Rate FAR Under- Over-
Sets of predictions estimation estimation
(%) (%)
Copula-cp40 1.07 0.25 0.64 68 7
Copula-cp50 1.14 0.23 0.64 74 3
Copula-cp60 1.22 0.20 0.66 79 1
Copula-cp70 1.30 0.18 0.67 81 1
Persistence prediction
0.73 0.54 0.43 36 10

(PERS)

Note: RMSE (perfect=0), Hit Rate: (perfect = 1), FAR: False Alarm Ratio (perfect = 0)
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Fig. 3.11. Spatial comparison of RMSE between the Copula-cp40 VDs predictions and the
persistence prediction (PERS) benchmark at 8-day (top row) and monthly maximum
aggregation (bottom row) timescales. The difference panels (right column) illustrate RMSE
improvements, where blue shading indicates areas where Copula-cp40 outperforms the
PERS benchmark (i.e., lower RMSE), particularly across heterogeneous landscapes such as
forested and pasture regions.

3.6.4.2 Performance of estimated SMA thresholds per VD risk category

Fig. 3.12 illustrates the relative frequency distributions (%) of vegetation deterioration events
across VD categories for both copula-based predictions and persistence forecasting (PERS).
The black-outlined bars represent correct classifications (hits), while the adjacent bars
indicate misclassifications into other VD categories (misses), demonstrating the model
predictive capabilities across the severity grades. Analysis of the frequency distributions

reveals several key patterns in predictive performance:

* Model-specific analysis reveals that Copula-cp40 demonstrates the most balanced
performance across categories. Increasing conditional probability thresholds (cp50-
cp70) shows progressive enhancement in no-risk detection but at the cost of

increased underestimation in higher risk categories. PERS maintains superior
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performance in extreme categories but shows less consistency in lower risk
classifications.

e For the performance in lower risks, the copula-based models demonstrate
comparable or marginally improved hit rates relative to PERS for the no-risk (VDo)
and mild (VD+) categories. Specifically, the hit rate for no-risk conditions reaches 0.99
with Copula-cp70, compared to 0.88 for PERS. The detection of mild deterioration
events shows notable variation, with Copula-cp40 achieving a hit rate of 0.33, while
PERS maintains a rate of 0.45.

* For moderate risk events (VD2), detection capability declines markedly across all
copula-based models, with hit rates diminishing from 0.14 (Copula-cp40) to 0.01
(Copula-cp70), compared to PERS (0.41).

* In contrast, higher severity categories (VD3-VDs) show pronounced underestimation,

particularly in copula variants with setting of the higher conditional probability criterion.

These findings indicate that whilst copula-based models offer competitive performance for
lower risk categories, they display systematic limitations in capturing severe vegetation
deterioration events. This behavioural pattern reveals a trade-off between reliable detection
of normal conditions and accurate identification of extreme events. The consistent
underestimation in higher risk categories impairs the overall capability. Nevertheless, the low
overestimation rates indicate minimal false alarm potential, suggesting operational utility in
risk assessment frameworks despite their reduced sensitivity to extreme vegetation

deterioration events.
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Fig. 3.12. Distribution of predicted vegetation deterioration (VD) risk categories relative to
observed categories on an 8-day temporal resolution. Each panel shows relative Hit/Miss
frequency for different models: four copula-based models with varying conditional probability
thresholds (cp40, cp50, cp60, and cp70) and the persistence prediction (PERS) as reference.
Bars represent the predicted frequency in each VD category. The black-outlined bars
indicate correct predictions (hits) for each category. The sample sizes (n) are provided for
each VD category. Due to large values, they are expressed in thousands (K) or millions (M)
for clarity. Monthly scale distributions are presented in Supplementary Material Fig. S3.3.
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3.6. Discussion

3.6.1. Methodological limitations and uncertainties

While the probabilistic trigger threshold framework demonstrates utility for predicting
vegetation deterioration based on root-zone soil moisture deficits, several limitations should
be considered. First, the framework focuses solely on soil moisture deficit as the driver of
vegetation deterioration, whereas other factors such as insect infestations and fire
disturbances are not accounted for in the threshold identification. Although justified by the
strong SMA-VIA correlations across the study region (Fig. 3.2a), this focus may oversimplify
the broader ecological processes contributing to vegetation decline. Consequently, the
identified thresholds should be interpreted as capturing a primary hydrological signal rather

than a comprehensive assessment of all ecological stressors.

The physical credibility of soil moisture estimates is supported by extensive validation of the
AWRA-L product against in-situ observations (Frost et al., 2021; Holgate et al., 2016; Vogel
et al., 2021). However, the standardisation of these anomalies relies on a 22-year baseline
(2001-2022). While reflecting contemporary conditions, this period may be insufficient to
capture full decadal variability or to derive stable anomaly distributions in transitional climates.
Since shifting the baseline period (i.e., the temporal window used to define normal conditions)
can markedly alter the frequency and severity of detected anomalies, the trigger thresholds
should be interpreted with caution in regions where longer-term climatological records might

yield different results.

A further limitation is the use of a static snapshot for 2016 land-use map (ACLUMP v8) to
represent the entire 2001-2022 period introduces potential uncertainty. While broad land-use
transitions across the study region are relatively limited compared with the magnitude of
climatic variability, this simplification may still affect the characterisation of vegetation

responses in areas experiencing changes in land utilisation.

3.6.2. Challenges in predicting extreme events

My analysis highlights the inherent difficulty in predicting extreme VD events, as shown by
the marked decline in predictive skill as severity increases (Table 3.2). Hit rates for the
copula-based models diminished from 0.33 for mild categories to below 0.02 for extreme

categories, a degradation primarily driven by two factors.

Firstly, the relatively short observational period (2001-2022) provides limited sampling of

extreme events, particularly for severe categories (VD3~VDs). The scarcity of extreme events
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in observation-based data has been noted in previous studies (Sun et al., 2023a; Yang et al.,
2023a; Zhang et al., 2023). Whilst satellite remote-sensing products offer extensive
spatiotemporal coverage of vegetation conditions, they nevertheless capture few drought-
induced deterioration events at monthly or finer temporal scales. This limited sampling
reflects a fundamental constraint of empirical approaches: the rarity of extreme events
restricts the robustness of coincidence analysis with the practical inability to observe

sufficient extreme events for another decades.

Secondly, even though copula-based approaches excel theoretically at modelling tail
dependencies, which is particularly relevant for analysing both linear and non-linear soil
moisture-vegetation relationships across different land use types (Sun et al., 2023), their
practical implementation presents several challenges. The selection of marginal distributions
and copula functions, though offering flexibility, introduces uncertainties that propagate
through the modelling chain, affecting conditional probability estimates and subsequent
trigger threshold determinations (Achite et al.,, 2022). As evidenced in Fig. 3.10, extreme
events (VD4) display greater spatial heterogeneity in their conditional probabilities compared
to moderate conditions (VD;). This suggests more complex underlying relationships that my
bivariate copula framework may not fully capture, particularly across different land use types.
Therefore, the interaction between land use characteristics, copula function selection, and
prediction skill reveals systematic patterns that warrant further investigation for improving
extreme event prediction capabilities. This complexity in extreme event prediction highlights
the need for more sophisticated approaches that can better account for the non-linear
relationships and spatial heterogeneity inherent in soil moisture-vegetation dynamics during

extreme drought conditions.

3.6.3. Threshold selection and copula-based framework merits

My analysis confirms that drought occurrence does not necessarily lead to proportional
vegetation deterioration. For southeastern Australia's growing season, even under severe
soil moisture deficit conditions (SMA < -2.5 SD), the region-wide probability of experiencing
mild vegetation deterioration events averages only 61.2% (Fig. S3.1). This finding aligns with
previous research on dryland vegetation responses, which has highlighted the complex and
nonlinear relationship between hydrological stress and ecosystem impacts (X. Li et al., 2023;
Van Loon & Laaha, 2015; Zhang et al., 2022b).

While a 50% conditional probability criterion is commonly adopted to indicate an even
chance of occurrence, my evaluation identified superior performance using a 40% criterion

(i.e., Copula-cp40). In operational terms, lower decision thresholds such as 40% favour a
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more conservative early-warning posture, prioritising the reduction of missed alarms at the
expense of higher false-alarm rates. This finding reflects the relatively low coincidence
probabilities observed across my study region. As shown in Fig. 3.10a—e, increasing the
conditional probability threshold results in more conservative trigger identification but reduces
spatial coverage of valid predictions, illustrating the trade-off between false alarm reduction
and early warning inclusivity. Temporal resolution also influenced model performance, with
monthly-scale predictions (aggregated using monthly maxima) slightly outperforming 8-day
predictions (Fig 3.11; table 3.2).

The temporal relationship patterns (Fig 3.6¢c) underscore that the effective temporal window
for forecasting vegetation deterioration from 'near-real-time' soil moisture signals is relatively
short, typically within 0-1 month, particularly in short-rooted systems such as dryland
cropping and grazing-modified pastures. All copula-based models systematically
underestimated deterioration risks compared to the persistence prediction (PERS)
benchmark, an outcome expected given that the benchmark directly extrapolates prior
vegetation states. Notably, the copula-based approach performed more reliably in predicting
no-risk to moderate-risk conditions, while skill declined for higher-risk categories. The
superior performance of the persistence prediction benchmark for short-term prediction
aligns with previous studies using autoregressive models and Gaussian processes (Barrett et
al., 2020), linear regression (Zambrano et al., 2018) and Bayesian autoregression (Salakpi et
al., 2022), as the persistence prediction relying solely on historical vegetation index values to
predict future states. While effective at exploiting temporal continuity, these approaches are
inherently limited in their ability to incorporate hydro-meteorological forecasts or to capture
multivariate drought drivers. In contrast, the copula-based framework provides a
probabilistically explicit linkage between root-zone soil moisture and vegetation deterioration
risk categories. This structure facilitates integration with forecast soil moisture data, enabling
forward-looking and risk-based early warning applications. Although current model
performance is constrained by category imbalance and limited sample sizes for extreme
events, the framework offers a scalable and interpretable foundation for advancing drought

impact forecasting systems beyond single-variable persistence logic.

3.6.4. Future research directions

My bivariate copula approach has demonstrated utility for modelling moderate vegetation
stress conditions. Future developments could explore the potential of incorporating
additional climate variables (such as temperature and evaporation) into a multivariate copula

framework to improve sensitivity to compound drought stressors. However, such extensions
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would need to carefully address the small sample limitations inherent in higher-dimensional
modelling, particularly for severe vegetation deterioration categories where observational
records are sparse. In parallel, using alternative vegetation indices beyond NDVI, such as
the Enhanced Vegetation Index (EVI) or Solar-induced Chlorophyll Fluorescence (SIF), may
provide more sensitive indicators of vegetation stress response to drought conditions for
constructing robust joint distributions. Future work could also optimise probability criteria
independently for different VD categories and regions, moving beyond a uniform conditional
probability criterion (e.g., applying Pgecision=40% only). Such optimisation might enhance

prediction capabilities for the severe VD categories in heterogeneous environments.

Ultimately, while my framework demonstrates promise for operational drought impact
prediction, particularly for no risk to moderate vegetation stress conditions, future
developments should focus on enhancing extreme event prediction capabilities by
understanding the mechanism of vegetation response behaviours to drought stress. The
identified limitations and challenges provide clear directions for improving the robustness and

applicability of impact-based drought early warning systems in southeastern Australia.

Some of these limitations are further addressed in subsequent chapters. In Chapter 4, a
threshold event-matching framework is developed to enhance the prediction of low-frequency
but high-severity vegetation deterioration events. Building on this, Chapter 5 integrates the
copula-based probabilistic model with the event-matching approach, allowing for a more

comprehensive prediction framework tailored to diverse land use types.

3.7. Conclusion

This study introduces a probabilistic framework to predict categorical vegetation deterioration
risks from root-zone soil moisture deficits in southeastern Australia. | combine time-lagged
correlation analysis with copula-based joint probability modelling to establish critical soil
moisture trigger thresholds for an impact-based drought early warning system. These
thresholds enable prediction of vegetation stress across multiple severity levels, from mild to

exceptional deterioration. The following conclusions are drawn from this study,

(a) The temporal response patterns between soil moisture deficits and vegetation
deterioration demonstrate strong regional heterogeneity, with response times typically
ranging from 8 to 40 days. Agricultural regions, particularly dryland cropping areas,
exhibited longer response times exceeding one month, while natural vegetation

systems showed more rapid responses to soil moisture stress.
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(b) The copula-based joint probability analysis effectively captured the non-linear
relationships between soil moisture anomalies and vegetation responses. The
framework successfully quantified conditional probabilities of vegetation deterioration
under varying soil moisture drought scenarios, revealing that even under severe soil

moisture deficits (SMA < -2.5 SD), the region-wide probability of experiencing mild

vegetation deterioration averaged only 61.2%.

(c) The evaluation of multiple conditional probability criteria (40% to 70%) for
determining trigger thresholds revealed better performance at the 40% criterion level.
The framework demonstrated strong predictive capability for no-risk to moderate
vegetation stress conditions, achieving hit rates of 0.87 and 0.33 for these categories
respectively. However, prediction skill diminished markedly for severe and extreme
vegetation deterioration events, highlighting the challenges in forecasting low-

frequency, high-impact events.

(d) The operational implementation of this framework offers several potential
advantages for anticipating drought-related vegetation impacts at short temporal
scale. Its probabilistic structure allows flexible adjustment of threshold criteria across
different spatial domains and timeframes, which is particularly valuable in regions
where soil moisture-vegetation relationships are heterogeneous. However, the
reliance on joint probability modelling introduces sources of cumulative uncertainty,
especially at finer temporal resolutions, where predictive skill may be compromised

by limited sampling of extreme events and propagation of threshold estimation errors.

This research advances our understanding of soil moisture drought-vegetation interactions
and provides a quantitative basis for impact-based drought early warning. While this study
applies copula models primarily for threshold identification, the fitted dependence structures
also contain information about ecosystem response behaviour, which may offer deeper
ecological insights. The framework offers valuable probabilistic insights for improving
agricultural and environmental management strategies in drought-prone regions. Future
developments should focus on enhancing the predictive capability for low-frequent but high-

impact events.
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1758  Supplementary Information for Chapter 3:
1759 Sl Tables

1760  Table S3.1. Marginal distribution types selected for fitting soil moisture anomaly (SMA) and

1761  vegetation index anomaly (VIA) across the study region.

Distribution types Cumulative distribution function Parameters
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1763  Table S3.2. Mathematical formulations of the copula functions considered in the study.

Copulatype  Joint Cumulative Distribution Function Generator Parameter
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1765  Table S3.3. Summary statistics of SMA trigger thresholds for five levels of vegetation
1766  deterioration (VD; to VDs) under four exceedance probability criteria (Copula-cp40 to
1767  Copula-cp70). Values reported include the median, standard deviation, interquartile range

1768  (IQR), and sample size (number of pixels with identified thresholds)

Name of SMA VD SMA value (SD)
sets category Median  Std Dev IQR [25%, 75%] Sample Size
VD; -0.77 0.49 [-0.90, -0.50] 15368
VD, -1.46 0.46 [-1.70, -1.10] 11844
Copula-cp40 VD3 -2.08 0.42 [-2.40, -1.70] 5242
VD4 -2.3 0.38 [-2.60, -2.00] 3201
VDs -2.48 0.32 [-2.70, -2.20] 2509
VD -1.11 0.53 [-1.30, -0.70] 13962
VD, -1.7 0.46 [-1.90, -1.40] 9233
Copula-cpS0 /5, 22 0.44 [-2.60, -1.80] 4014
VD4 -2.35 0.37 [-2.70, -2.00] 2761
VDs -2.51 0.31 [-2.80, -2.30] 2239
VD -1.36 0.54 [-1.60, -0.90] 11759
VD, -1.93 0.45 [-2.20, -1.60] 6629
Copula-cp60 VDs -2.26 0.44 [-2.60, -1.90] 3302
VD4 -2.39 0.36 [-2.70, -2.10] 2431
VDs -2.53 0.29 [-2.80, -2.30] 1976
VD -1.58 0.52 [-1.90, -1.20] 9341
VD, -2.13 0.45 [-2.50, -1.80] 4449
Copula-cp70 VD3 -2.3 0.42 [-2.70, -1.90] 2668
VD4 -2.42 0.34 [-2.70, -2.10] 2144
VDs -2.56 0.28 [-2.80, -2.40] 1774
1769
1770
1771
1772
1773
1774
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Fig. S3.1. Summary statistics of conditional probabilities of vegetation deterioration severity
levels (VIA < z-score thresholds) under different soil moisture drought scenarios (SMA < z-
score thresholds), averaged across all pixels. Bars represent the mean conditional
probabilities at each VIA threshold level under mild to exceptional SMA categories.
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Fig. S3.2. Spatial distribution of soil moisture anomaly (SMA) trigger thresholds for five
vegetation deterioration (VD) severity levels (VIA < -0.5 to -2.5 SD) under different
exceedance probability criteria: (a) 40%, (b) 50%, (c) 60%, and (d) 70%. Each panel shows
the minimum SMA deficit required to trigger a given level of VD with the specified probability.
Warmer colours (e.g., red to purple) indicate more severe soil moisture deficits (i.e., lower
SMA values). White areas indicate regions where no valid threshold was identified.
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Fig. S3.3. Same as Fig. 3.12 but for monthly time scale.
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Chapter 4

Skill and lead time of vegetation drought impact predictions based on soil
moisture observations

The content of this chapter is based on the following article published in Journal of Hydrology:

Li, Y., van Dijk, A. I., Tian, S., & Renzullo, L. J. (2023). Skill and lead time of vegetation
drought impact forecasts based on soil moisture observations. Journal of Hydrology, 620,
129420. https://doi.org/10.1016/].jhydrol.2023.129420
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Abstract

Timely and skilful forecasts of vegetation drought impacts should enable more proactive
drought preparedness, management and mitigation. Numerous previous studies have found
a temporal correlation between soil moisture and vegetation condition. However, a
correlation across the full range of soil moisture and vegetation condition does not
automatically translate into skill in forecasting infrequent events such as agricultural droughts.
Here, | develop a threshold- or impact-based forecasting framework to assess early warning
capability (EWC). | analyse the skill and lead time achieved using soil moisture observations
at multiple depths as predictors of subsequent vegetation drought impacts inferred from
MODIS satellite observations at 93 sites across the United States. Forecast thresholds are
expressed in terms of seasonally-adjusted standardised anomalies (z-scores) to distinguish
climate-related impacts from any seasonal vegetation cycle. Different combinations of soil
moisture integration depth, satellite vegetation indices and threshold levels are tested. Near-
Infrared Reflectance of vegetation (NIRv) yields a marginally better EWC than other
indicators of vegetation drought impact. The optimal soil moisture integration depth varies
between land cover types, from 0-10 cm for cropping systems to 0-100 cm for grassland and
shrubland. The greatest skill improvements are achieved using similar z-score threshold
values for the soil moisture trigger and vegetation impact, producing typical lead times of two
to four weeks. Further research is recommended to combine the framework developed here
with spatially continuous soil moisture analyses or forecasts available from remote sensing

and land surface models.
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4.1. Introduction

As emphasised in Chapters 2 and 3, drought is among the costliest natural hazards, with far-
reaching impacts on ecosystems, society, and economies (Sheffield & Wood, 2012; van Dijk
et al., 2013). Agriculture bears the brunt of these impacts, accounting for over 80% of total
drought-related economic losses (FAO, 2021). Drought frequency and severity are projected
to increase under climate change, posing growing risks to global food security (IPCC, 2015).
Agricultural drought typically manifests when soil moisture deficits reach levels that trigger
visible stress responses in crops and pastures—such as leaf wilting, reduced chlorophyll
content, and stunted growth—thereby reducing yield and forage quality (Asoka & Mishra,
2015; Flexas et al., 2000; Vicente-Serrano et al., 2012).

Satellite-based vegetation indices (VIs), such as NDVI, VCI, and VHI, have long been used
as proxies to monitor drought impacts across large regions (Boken et al., 2005; Kogan, 1995,
2002). As discussed in detail in Chapter 2, Section 2.2.2, these indices reflect vegetation
stress only after it manifests, making them less effective for anticipatory drought
management (Kogan et al., 2015). The increasing focus on drought preparedness has
therefore shifted attention from reactive impact monitoring toward early warning systems
(EWS) that aim to forecast vegetation stress before it becomes visible (Coughlan de Perez et
al., 2015; WMO, 2015).

As discussed in Chapter 3, soil moisture anomalies, particularly in the root-zone depth (O-
1m), have been shown to be more closely correlated with vegetation condition than simple
meteorological indices (Bachmair et al., 2016a, 2016b; Liu et al., 2020). Most existing studies,
however, have relied on correlation-based analyses to estimate forecast potential, using
either Pearson/Spearman coefficients or anomaly correlation (e.g., Asoka & Mishra, 2015;
Tian et al., 2019). While useful, these measures reflect average associations and do not
necessarily indicate whether extreme vegetation deterioration events can be predicted in
advance. This is especially problematic because drought impacts are low-frequency events,
concentrated in the lower tail of the soil moisture and VI distributions. Strong overall
correlation does not imply reliable skill in predicting such rare, high-impact occurrences
(Brust et al., 2021; Hao et al., 2017a).

Building upon the research focus established in Chapters 2 and 3, this chapter specifically

addresses Research Question 2 (see Chapter 1, Section 1.3):
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Do in-situ soil moisture observations, through the threshold event-matching approach,
offer potential capability in predicting infrequent-severe vegetation deterioration

events, and if so, what is the lead time?

While previous chapters explored the statistical association between soil moisture anomalies
and vegetation stress, particularly using copula-based modelling to estimate multi-categorical
deterioration risks. This chapter shifts focus toward predictive ability of rare and severe
events. This directly contributes to the second thesis-wide objective: developing a process-

informed predictive framework that supports operational drought early warning.

To that end, | propose a threshold-based event-matching framework that extends beyond
prior correlation-based approaches by providing categorical skill evaluation across drought
severity levels. As predictors, | use in situ soil moisture measurements at different depths
from 93 stations across the USA. For predictands, | assess a set of optical vegetation indices
derived from MODIS observations. Both time series are de-seasonalised and standardised
into z-scores to enable generalisation across sites and scales and further extended
application of predictive framework. Predict performance is evaluated using the F,-score,
which prioritises reduced missed detections while tolerating moderate false alarms. This

chapter aims to address the following specific research questions:

(1) Do soil moisture observations have skill in forecasting subsequent vegetation drought
impacts, and if so, what is the lead time?

(2) What combinations of standardised soil moisture and vegetation anomalies — ‘z-score
threshold combinations’ hereafter — can forecast vegetation drought impacts of
increasing severity?

(3) How do soil moisture integration depth, vegetation type and climate regime affect skill

and lead time?

4.2. Data and methodology
4.2.1. In situ soil moisture observations
In situ soil moisture data for 1 January 2003 to 31 December 2019 were collected from three

national and two regional networks across the continental United States of America (Table

4.1). The Soil Climate Analysis Network (SCAN; https://www.wcc.nrcs.usda.gov/scan/) and

the United States Climate Reference Network (USCRN; https://www.ncdc.noaa.gov/crn/)

provide hourly neutron probe measurements of volumetric soil water content at five standard
depths (5, 10, 20, 50, and 100 cm). The SCAN sites are mostly located in agricultural regions

(Schaefer et al., 2007), whereas the USCRN sites are associated with climate monitoring
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1914  stations and likely to retain consistent land cover type over decades (Bell et al., 2013). The
1915  AmeriFlux sites (https://ameriflux.Ibl.gov/sites/) are located at eddy covariance flux towers
1916  that measure carbon and water exchanges (Novick et al., 2018). Only a few flux sites were
1917  equipped with volumetric soil water content sensors that monitored half-hourly at various soil
1918 depths (typically 5, 10, 30 and 50 cm). The lllinois Climate Network (ICN;
1919  https://lwww.isws.illinois.edu/warm/soil/) was established to support the agriculture sector by
1920  providing volumetric soil water content at four depths (5, 10, 20 and 50 cm) (WARM 2020).
1921  The Oklahoma Mesonet (OKM; https://www.mesonet.org) is an environmental monitoring
1922  network. The fraction of soil saturation was measured at four depths (5, 25, 60 and 75 cm) in
1923 OKM based on heat capacity measurements at sub-hourly time steps (e.g., 5 and 30 minutes)
1924  (Brock et al., 1995; McPherson et al., 2007).
1925  Table 4.1 Details of in situ soil moisture data used in the study
_ Measurement Sensor depths
In situ network Study regions Record year ) Reference
unit (cm)
Soil Climate
contiguous volumetric soil 5, 10, 20, 50, Schaefer et al.
Analysis Network 1991-present
USA water content 100 (2007)
(SCAN)
Unites States
contiguous volumetric soil 5, 10, 20, 50,
Climate Reference 2008-present Bell et al. (2013)
USA water content 100
Network (USCRN)
. contiguous volumetric soil Novick et al.
Ameriflux 1997-present 5,10, 30, 50
USA water content (2018)
lllinois Climate volumetric soil
lllinois, USA 1989-present 5,10, 20, 50 WARM (2020)
Network (ICN) water content
Brock et al.
Oklahoma Oklahoma, fraction of (1995);
1994-present 5, 25, 60, 75
Mesonet (OKM) USA saturated soil McPherson et al.
(2007)
1926  Sites were selected from each network based on the following criteria: (1) record continuity
1927 and length, (2) spatial homogeneity, (3) the presence of rainfed (non-irrigated) vegetation,
1928 and (4) measurement depth. First, | calculated the daily-average soil moisture at each sensor
1929  depth using the hourly or sub-hourly observations with the highest quality flag. Missing daily
1930 averages were estimated using linear interpolation, but records missing more than 15% of
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the daily averages in each year were excluded. | only considered sites that had records for at
least six years. Second, at each site, spatial homogeneity within a radius of 500 m was
investigated using high-resolution imagery (Google Earth Pro version 7.1) and the MODIS
International Geosphere-Biosphere Programme (IGBP) land cover product (MCD12Q1)
(Friedl and Sulla-Menashe, 2019). | only retained sites with a stable and homogeneous land
cover that had not been disturbed by fire occurrences during the study period. Third, |
excluded sites on cultivated land equipped with a centre-pivot irrigation system or land cover
with significant bare soil patches (e.g., open shrubland). Fourth, only sites with observations

available to a depth of at least 50 cm were retained.

A total of 93 sites satisfied all criteria (Fig. 4.1): 33 OKM sites, 25 USCRN sites, 20 SCAN
sites, nine ICN sites and six Ameriflux sites. Table S4.1 (see Supplementary Information)
lists the geographic coordinates, land-cover types (MODIS IGBP), aridity index, climate
regime, and temporal coverage of the 93 sites. They include 30 sites with 6 to 10 years of
data and 63 sites with 11 to 17 years. Based on the IGBP land cover product, the 93 sites
were categorised into five ecosystems: grasslands (GRA, 38 sites with 506 site-years),
croplands (CRO, 16 sites with 226 site-years), cropland/ natural vegetation mosaics (CVM,
17 sites with 225 site-yeas), savannas (SAV, 11 sites with 151 site-years), and woody
savannas (WSA, 11 sites with 126 site-years). Several sites were located in natural

ecosystems without any agricultural activity. | retained these for comparative purposes.

For each site, the soil moisture observations at multiple measurement depths were weighted
to compute depth-integrated soil moisture (64) for the upper root zone (d=10 cm), shallow
root zone (d=30 cm), and deep root zone (d=100 cm) at a daily time step. The integration
depths of soil moisture were loosely based on the vertical root distribution in different
ecosystems (Arora and Boer, 2003), as well as soil layer definitions commonly used in global
products, such as GLDAS Noah (0-10, 10-40, and 40-100 cm) (Rodell et al., 2004) and
ERA5-Land (0-7, 7-28, and 28-100 cm) (Mufioz-Sabater et al., 2021). The weights were
determined by assuming that each sensor measured soil moisture for a layer bound by half

the distance between the next higher and lower sensors, where applicable.
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Fig. 4.1. Locations of the 93 in situ soil moisture observation sites across the continental US.
The symbol shapes indicate the networks, and the filled colours indicate the MODIS IGBP
land-cover classifications. Base map shows the Aridity Index over the reference period 1976-
2000. The red square maker denotes location for which time series will be further shown in
detail below in Fig 4.2.

4.2.2. Satellite-derived vegetation indices

| evaluated four satellite-derived vegetation indices (VIs): the Normalised Difference
Vegetation Index (NDVI, Tucker, 1979), the Enhanced Vegetation Index (EVI, Huete et al,,
2002), the Normalized Difference Infrared Index (NDII, Yilmaz et al., 2008), and the Near-
Infrared Reflectance of vegetation (NIRv, Badgley et al., 2017). NDVI and EVI are two of the
most widely used proxies of vegetation growth, condition or vigour (Xue & Su, 2017). NDII
has been used to estimate the equivalent water thickness of leaves and canopy (Yilmaz et al.,
2008). The NIRv index was recently proposed as a better predictor of vegetation productivity
(Badgley et al., 2017; Baldocchi, 2020). All VIs can be calculated using red, blue, near-

infrared and shortwave-infrared reflectance measurements from the MODIS sensors (Table
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4.2). | extracted atmospherically-corrected nadir BRDF-Adjusted Reflectance (NBAR) for
each site from the Collection 6 Terra and Aqua MODIS MCD43A4 daily data set for the 500-
m pixel centred geographically closest to the reported soil moisture sites. The daily MODIS
data represent a weighted average of daily measurements over 16 days, with the ninth day
as the reporting date (Schaaf & Wang, 2015). Hence reflectances can be influenced by
vegetation condition before and after the nominal date, depending on atmospheric conditions
on different days within the period. My study included 17 years (2003-2019) for which both
Terra and Aqua MODIS data were available. | only used retrievals marked as “highest quality”
in all bands (i.e., Bitmask = 0 in the quality assurance grid). | excluded periods when NDVI

was less than 0.15 to reduce the effect of snow, ice and bare soil.

Table 4.2 MODIS vegetation indices tested in this study, where B1, B2, B3, and B6 are
surface reflectance in MODIS band 1 (620-670 nm), band 2 (841-876 nm), band 3 (459-479
nm) and band 6 (1628-1652 nm), respectively.

Vegetation index Acronym Formula References

Normalised Difference

Vegetation Index NDVI NDVI = (B2-B1)/(B2+B1) Tucker (1979)
Enhanced Vegetation Index EVI E\QBZ +2£(BZ—B1 )/((B2+6B1- g%%tze)ef al.,
Il\rl1c(;r;an)1alised Difference Infrared NDII NDII = (B2-B6)/(B2+B6) zgl(;gg etal.,
\l;leegaert;r;if(r;red Reflectance of NIRY NIRv = B2(B2-B1)/(B2+B1) Z%ﬁ%ay etal,

4.2 3. Definition of threshold soil moisture and vegetation condition events

| wished to remove any recurrent seasonal cycle that might artificially inflate skill estimates.
First, the mean of the four VIs and three 64 (i.e., 610, 630, and B100) series was calculated for
each day of the year (DOY, f) for their common period at each site. This average seasonal
pattern was adopted as the estimated average climatological cycle or climatology. The
anomalies of VI and 6, were subsequently calculated as the difference between the observed

values and climatology for the corresponding day t:

ax(t,y) = x(t,y) — x(t) (4.1)

where x(t) is the period-average value for day t, x(t, y) the daily value of the variable for day

t of year y, and a,(t,y) the anomaly for day ¢ of year y.
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The anomalies of VI and 64 were assumed to follow a normal distribution. To make it easier
to compare anomalies in various variables, | standardised the anomalies of variables by
subtracting the period mean anomaly at each time step t and then dividing by the period

standard deviation of the anomaly. The generic calculation of z-scores for each variable was:

Zx(t) = ax(t, )/ 00x (1) (4.2)

where a,(t,y) is the anomaly for day t of year vy, g,,(t) the standard deviation of anomalies

for day t, and z, (t) the standardised anomaly or z-score for day t.

The z-score indicates how many standard deviations an anomaly is away from the mean
seasonal cycle. A negative score implies that the deviation is below the average. Thus,
negative z-scores for soil moisture anomalies, z(6), represent drier-than-average soil
moisture conditions, and negative z-scores for VI anomalies, z(VI/), represent a decline in
vegetation condition. Fig. 4.2 shows an example of daily time series of z-scores for NIRv

versus three 8, depths at a cropland site in the mid-central United States.
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Fig. 4.2. Time series plots of daily NIRv (top in green), climatological mean NIRv (top in
dashed black), and the seasonally-adjusted and standardised anomalies (z-scores) from
2005 to 2020 for NIRv (bottom in green) against the three depth-integrated soil moisture for
the upper root zone (610; bottom in blue), shallow root zone (6s0; bottom in purple), and deep
root zone (B100; bottom in brown) for an example site of the lllinois Climate Network (ICN)
Brownstown (longitude = -88.9, latitude=38.9) shown in red box of Figure 4.1.

| established a framework to identify 6, falling below a defined threshold using z(6) and the
onset of vegetation drought impacts using z(VI). | subsequently calculated two key
performance metrics, Lead time (At) and the overall skill score (F2-score), to evaluate the
early warning capability (EWC). | restricted the analysis to the peak growing season to avoid
the influence of phenological or temperature-driven vegetation browning and senescence.
The peak growing season was determined by the land surface phenology approach, where
phenological dates were determined using dynamic thresholds or a particular derivative
alongside the climatological curve of the VI (Zeng et al., 2020). The mid-green-up and mid-
brown-down points were the day of the year (DOY) at which the smoothed VI climatology
crosses above and again below 50% of the VI amplitude, respectively (Fig. 4.3), and the

peak growing season was defined as the period between mid-green-up and mid-brown-down.
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The pre-green date was defined as the DOY with the trough of VI climatology closest to the
green-up period. If there were two phenological periods at a given site, | only considered the

period with the larger amplitude.

| defined the onset of vegetation drought impact as the first date (DOY) during the peak
growing season on which z(VI) fell below a chosen z threshold. The soil moisture deficit
should precede the vegetation impact. Therefore, | iteratively extended the search window
backwards until the pre-green date and determined the onset of soil moisture deficiency as
the last day preceding the impact event on which z(6) fell below the specified threshold.
Combining the predictor and predictand z-scores, | analysed a total of 36 z threshold
combinations [z(6), z(VI)], encompassing all z combinations between -2.5 and 0.0 at an
increment step of 0.5. The experiment was repeated for all twelve combinations of the four
Vls and three 6 depths.

— Smoothed NIRv climatolo
Max NIRv 4

Mid-brown-down

NIRv Mid-green-up Peak growing season
ampltude =000 P = = - - -

NIRv

== == == Min NIRv

Day of year (DOY)

Fig. 4.3. lllustration of identification of climatological transition points (mid-green-up and mid-
brown-down) using 50% of NIRv amplitude as the threshold value. The DOY nearest to the
green-up period is the pre-green point.

4.2 4. Evaluation of early warning capability

| defined the first occurrence of VI threshold exceedance of each site-year as the onset of
drought vegetation impact (Fig. 4.4). If the z(6) threshold was crossed before the z(VI)

threshold (Fig. 4.4a), it was deemed a true positive (TP) occurrence that successfully
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triggered an early warning. | found that z(6) could fall below the threshold multiple times
within the search window before a VI impact. In such cases, | only regarded the last
preceding z(6) threshold occurrence as a successful early warning, while earlier occurrences
were considered false positives (FP), triggering false alarms. If z(6) did not cross the
threshold at all before vegetation decline (Fig. 4.4b), the event was classified as a false
negative (FN). Most of the time series is made up of days without drought conditions. They
can be considered true negatives (TN), but do not give a meaningful assessment of skill.
Hence a skill metric that does not include TN, the Fz-score, was chosen to quantify skill. For
each site-year, the true positives (TP), false positives (FP), and false negatives (FN) were

counted. The Fz-score requires estimates of Precision and Recall, defined as:
Precision = TP /(TP + FP) (4.3)
Recall = TP /(TP + FN) (4.4)

where TP, FP and FN are the number of true positives, false positives, and false negatives,
respectively. Precision describes the likelihood that a z(6) event accurately anticipates a z(VI)
event and penalises the measures for false alarms (FP). Recall describes the proportion of
vegetation decline events that were accurately anticipated by a z(6) trigger and penalises
missed z(VI) events (FN). The following skill score captures the trade-off between precision

and recall:
Fs-score = (1+ %) - (Precision- Recall) / (82 - Precision + Recall) (4.5)

The value of B is subjective and is chosen to reflect that Recall is considered B times as
important as Precision. Values of 0.5, 1, and 2 are commonly used for B. | preferred
overpredicting vegetation impact events rather than missing them. | selected a value of 2,
which weighs Recall twice as much as Precision to provide a composite score for the skill

metric.

The resultant Fo-score ranges from 0 to 1, with a higher score indicating better forecast skill.
The F,-score is a relative skill score with no specified standards for comparing it to a
normative quality assessment (e.g., good, acceptable, or poor). However, it can be used to
compare the performance of different predictors and predictands within the same forecasting
approach, as done here. For each z threshold combination, Precision, Recall and Fz-scores
are calculated separately for the three 6 depths and four Vis. The results were compared and
stratified according to land cover type and climate regime. For each z threshold combination,
the Lead time (At) between the z(6) trigger and the z(VI) event was computed for each site
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and year. These four predictive performance metrics (Precision, Recall, F,-score and Lead
time) provide complementary insights into how effectively the z(6) thresholds identify z(VI)

events across different standardised severity levels.

Due to the nature of the forecasting framework and the formulation of the F»-score, there is
no direct method to determine whether a calculated skill score is significantly different from a
naive forecast. Instead, | performed a control forecast experiment for which | expected no
skill on theoretical grounds and could calculate a baseline or background skill score. For the
control experiment, | sought to remove any temporal relationship between predictor and
predictand by switching the first and the second part of the z(6) time series without doing the
same for z(VI). The first part was extended by half a year in the case of an odd number of
years. | consider the skill of the control forecast equivalent to that of a random forecast, at
least on average across several sites. The average change in skill score between the original
and control experiment can therefore be considered as the improvement from an unskilled
forecast. A statistical f-test was applied for each experiment to determine whether the
average change among sites (N=93) was statistically significantly different from zero at
p<0.05.
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Fig.4.4. The schematic example of identifying the number of true positives (TP), false
positives (FP), false negatives (FN), and Lead time (Af) using specific zscore-threshold value
for the soil moisture deficiency triggers and vegetation drought impacts at ICN-Brownstown
site in (a) year 2012 and (b) year 2013. When applying the threshold of -1.0 to z(6+¢) as the
trigger in warning the threshold of -1.5 to z(NIRv) in year 2012, there was one false positive
(FP) warning and one true positive (TP) warning, and the Lead time (At) was calculated as
the difference between the onset day of year (DOY) when z(610) and z(NIRv) crossing the
applied threshold. In year 2013, the z(0;,) failed in early warning the vegetation drought
impacts represented by z(NIRv), in this case, there was neither TP warning nor FP warning,
but one false negative (FN) counted.
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4.2.5. Analysis between vegetation types and climate regimes

Access to deeper soil moisture through greater rooting depth and the degree of adaptation to
drought stress vary between vegetation types. We used the earlier mentioned IGBP land
cover product to evaluate whether there were significant differences in aspects of forecast
skill between different vegetation types. | expected the shallowest rooting depth and the
greatest vulnerability to dryness for croplands (CRO, N=16) and cropland/natural vegetation
mosaics (CVM, N=17). Conversely, | anticipated woody savannas (WSA, N=11) might have
the greatest rooting depth and be the least sensitive to dry conditions, with grasslands (GRA,

N=38) and savannas (SAV, N=11) having intermediate characteristics.

Climate regime, in particular aridity, may be a key factor in determining viable vegetation
growth form, but also shapes other, less pronounced physiological adaptations to water
availability. Therefore, | also compared the performance metrics of early warning capability
for different aridity regimes. The Aridity Index was calculated as the ratio of mean
precipitation to mean potential evapotranspiration (PET), estimated using the FAO-56
Penman—Monteith method (Allen et al., 1998), and classified dryness levels following Tian et
al. (2019).

4.3. Results

4.3.1. Temporal characterisation of threshold events

Some of the characteristics of threshold events identified at different z(6) and z(VI) threshold
levels are shown in Fig. 4.5. Depending on the thresholds chosen, events occurred between
0.25 to 8 times per year (Fig. 4.5a), corresponding with return intervals of ~0.1 to 4 years.
For a chosen threshold level, z(6) events tended to occur more frequently than z(VI) events,
especially for 810. This can be explained by the greater short-term variability in this shallow
layer compared to greater soil depths or the larger-scale and temporally-composited VIs.
These patterns were consistent between the four VlIs. For the z(6)<-2.5 and z(VI)<-2.5

thresholds, the respective events showed a similar frequency of occurrence.

The number of sites reaching different thresholds for individual years during the 2003-2019
period shows a pattern of relatively wetter and dryer conditions across the 93 sites. Similar
patterns were observed for z(6) and z(VI) (Fig.4.5b and 4.5c). The number of dryness-
affected sites was largest in 2012 (80%), while relatively high numbers were also observed in
2006 (65%) and 2011 (50%). Near normal and moderate threshold events (z(6)<-1.5 to z(6)
< 0.0) occurred at the majority of the sites (>70%) in nearly every year. Only one in ten sites
were affected by severe events (z(6)<-2.5 and z(VI)<-2.5) during most years.
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Fig.4.5. Characteristics of threshold events identified at different z(6) and z(VI) threshold
levels from 0 to -2.5 SD: (a) occurrence frequency across the selected sites; (b and c)
percentage of in situ sites affected by varying z(6) and z(VI) threshold events during the
2003-2019 period.

4.3.2. Evaluation of potential capability in forecasting different proxies of vegetation
degradations

Fig. 4.6 presents the improved forecast skill score and expected Lead time for selected in
situ sites. For any z threshold combination, forecast potential was indicated where the F»-
score showed a statistically significant improvement (p < 0.05) compared to the skill of the
baseline control experiment across the 93 sites. The experiment was repeated 432 times, i.e.,
for three predictors (610, 630 and B100) times four predictands (NDVI, EVI, NDII, and NIRv)

times 36 (six times six) z threshold combinations.
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The distribution of F-scores indicates that forecasting skill was poorer when using NDII
compared to the other three Vls, with only marginal differences between NDVI, EVI, and
NIRv (Fig. 4.6a). The median value of expected Lead time was 12 to 30 days (Fig. 4.6b)
without apparent differences among the four Vls. The greatest soil moisture integration depth
showed both higher skill and lead time. However, 38 out of 93 (i.e., 41%) sites are located on

grassland, and this dominance may have affected the result (see Section 4.3.4).

(a) Significant improved F2 score (b) Expected lead time
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Fig. 4.6. Box and whisker plot representing the distribution of (a) significant improved Fo-
score and (b) expected Lead time of forecasting vegetation threshold events from three
integrated depths (10, 30, and 100 cm) over four vegetation indices (NDVI, EVI, NDII, and
NIRv). The N denotes the number out of 36 z threshold combinations significantly improved
from the control experiment. The outliers are marked as diamonds.

4.3.3. Influence of z threshold combinations

Different [z(6), z(VI)] threshold combinations produce different skills and lead times. In
presenting these differences, | focused on the results achieved with the vegetation condition
index NIRv, because it showed marginally higher Fo-scores among the four Vlis. The F»-score,
its components Recall and Precision, and the Lead time (At) for different z threshold
combinations and three soil layer depths were calculated for all 93 sites. Subsequently, the
same metrics were calculated for the control experiment, and the improvement and the
statistical significance of that improvement were calculated. The numbers shown in Fig. 4.7
represent median values of the distribution (N=93) as a potentially better indicator of central
tendency (although mean values were near identical). The corresponding numbers for the

control experiment are shown in supplementary Figure S4.1.
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A relatively high Fz-score does not automatically imply a skilful forecast, as the control
experiment may achieve a similarly high F,-score. For instance, in forecasting more frequent
vegetation impact events (z(V/)<-0.5), the control forecast produces a similar median F»-
score of 0.57 (Fig S4-1). Hence, there is little or no skill in the forecasts from this z threshold
combination. Overall, the improvements appear to be greatest and most significant for
intermediate z-score threshold combinations, increasing by 0.1 to 0.3 Fz-score units when
using a threshold of z(6)<-1.5 to z(6)<-2.0 combined with z(V/)<-1.5 to z(VI/)<-2.5.

The improvement of Recall and Precision (Fig. 4.7b and 4.7c) show similar patterns as for
the F2-score across z-score threshold combinations, but the skill was greater in terms of
Recall (increased by 0.2-0.4) than in Precision (increased by 0.1-0.2). These findings
suggest that overall skill improvement is primarily due to the reduced number of False

Negatives, which dominates recall.

The z-score threshold combinations producing significantly improved skill do not always
result in increased lead times. Indeed, decreases in lead time compared to the control
forecasts also occurred (Fig. 4.7d). The pattern of improvements across the different forecast
metrics is similar for the three soil moisture integration depths. However, 6100 showed

improvements across a broader range of z threshold combinations.
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Fig.4.7. The median (a) F2-score, (b) Recall, (c) Precision, and (d) Lead time of forecasting
vegetation threshold event defined by z(NIRv) from soil moisture deficiency over three
progressive integrated depths (10, 30, and 100 cm) defined by z(64). Numbers in grid cells
represent median values across the 93 in situ sites. The improvement in the metric
compared to the control experiment is indicated by the intensity of colour, with bold numbers
indicating a significant improvement from the control at p<0.05.

4.3.4. Comparisons between vegetation types and climate regimes

| compared the four predictive ability metrics (Fo-score, Recall, Precision and Lead time)
between the identified ecosystems and climate regimes. To limit the scope of the comparison,
| focused on VI impacts at z<-1.5. This threshold level was chosen because of the significant
skill improvement and the desire to forecast less frequent, more severe impacts. |
summarised the improvement of skill score and the achieved forecasting performances and
expected Lead times in the average of significant z threshold combinations for the three soil

layers for different ecosystems and climate regimes (Fig. 4.8).
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Savanna vegetation (SAV) showed skill improvement with a relatively narrow distribution of
values among sites. The other vegetation types showed lesser Fz-score improvement, and
forecast skill improvement was close to zero for woody savanna (WSA) (Fig. 4.8a). Crop-
dominant ecosystems (CRO and CVM) showed greater skill improvements and produced the
best forecasts at shallow integration depth (610). The other vegetation types achieved the
best forecast using the greatest integration depth (6100) (Fig. 4.8b). Considering Precision
and Recall individually helps understand the trade-off between the two in producing the F-
score. The upper soil layer produced the best F2>-score for crop-dominant ecosystems (CRO
and CVM) because of the higher Precision, while Recall remained similar (Fig. 4.8c and
4.8d). For grasslands (GRA), 6100 produced significantly better Recall and Precision (p<0.05)

when compared to shallower integration depths.

Among climate regimes, the greatest skill improvement was found for arid sites, especially
when using 6100 (Fig. 4.8f). The distribution of actual skill scores appeared similar among
dryness categories. Median skill appeared to increase slightly from 0.42 for sub-humid sites
to 0.51 for arid sites, but the differences were not statistically significant (p>0.05) (Fig. 4.89).
Similar to vegetation types, Lead time increased with integrated soil layer depth, but there
was no clear relationship with climate dryness (Fig. 4.8e and 4.8j). Across all climate regimes,
the 6100 produced higher skill scores than shallower soil with a median Lead time of about
two to four weeks (12-28 days, Fig. 4.8g and 4.8j). The difference in skill score for different
soil depths was greatest for sub-arid sites due to a combination of low Precision and high
Recall. This pattern was weaker for sub-humid sites, where median Lead times were also

shorter at around two to three weeks.

In summary, vegetation impact forecasts based on a shallower integration depth produced
better forecasts for cropping systems. In contrast, the 0-100 cm soil layer appeared to
provide better forecasts than shallower depths for grassland and savanna vegetation types

and in sub-arid and arid regimes. Overall poor skill was found for woody savannas.
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Fig.4.8. Comparison of skill improvement, Fz-score, Precision, Recall and Lead time in
forecasting rare and severe VI impact (z(VI)<-1.5) between vegetation types (a-e) and
climate regimes (f-j). Grey lines indicate the median values, filled boxes cover the
interquartile range, and thin grey lines reach the 5" and 95" percentiles. n denotes the
sample size of sites. The outliers are marked as diamonds. CRO: cropland, CVM:
crop/natural vegetation mosiacs, GRA: grassland, SAV: savanna, WSA: woody savanna.
The dryness classes include sub-humid climate regime, sub-arid climate and arid climate
regime.
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4.4. Discussion

4.4.1. Limitations and uncertainties

Caveats and uncertainties in my evaluation framework derive from limitations associated with
the in-situ soil moisture measurements, satellite-derived Vls, and the forecasting framework
applied. | chose to use in situ soil moisture data as | expected that they would offer more
accurate estimates of soil moisture over different depths than alternative approaches based
on modelling or remote sensing. | was unable to independently ascertain the fidelity of the
reported measurements. For the SCAN sites relative errors of ~20% in the recorded data
have been reported (Dirmeyer et al., 2016). It is noted that any systematic proportional error
or offset would not have affected the calculation of normalised z(6) scores, but random errors
might. Another limitation of the available in situ soil moisture data is the available record
length. By most operational definitions, droughts have a return time of around 25 to 30 years.
This definition creates a statistical challenge that affects almost all drought studies because
field and satellite records are of similar length at best and typically shorter. The available soil
moisture records at root zone depths (e.g., 50 cm and 100 cm) were mostly less than fifteen
years. Although the time series did contain one or even more ‘true’ droughts at some sites,
for less rare events, my results should be considered representative of dry events that are

infrequent but do not always formally qualify as droughts.

There are also limitations in the satellite vegetation observations used. To determine the
occurrence of agricultural drought impacts, | used negative thresholds in standardised z-
scores calculated from seasonally-adjusted anomalies in satellite-derived Vls. | avoided VI
declines due to phenological and cropping cycles by confining my analysis to within the peak
growing season and using seasonally-adjusted anomalies. These adjustments are a
deliberate departure from many previous studies. Along with the focus on threshold event
forecasting, it creates a much more severe test of forecast skill — one that better represents
the true potential merit of an impact forecasting system. A downside of this approach is that
the skill metrics and lead time | determined are not easily compared to those reported in

previous studies.

Despite the caution in treating Vls, limitations remain. For example, negative VI anomalies
during the peak growing season could have occurred for reasons other than soil moisture
deficit, such as pests and disease, intensified grazing or harvesting, extreme weather events

such as hail or frost, or a change to a crop with markedly different characteristics.
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Furthermore, it was mentioned that the VIs were derived from MODIS MCD43A4 temporal
composites. In the extreme case, the observation used could represent conditions 8 days
earlier or later than the nominal date if observations were unavailable on any of the other 15
days. | expect this problem to have been limited by the prevalence of clear sky conditions
during dry periods. The Vis themselves also have limitations in representing true vegetation
condition. For example, saturation effects occur in some Vs at high vegetation density,
which can reduce their sensitivity to vegetation decline, especially during the peak growing

season or if drought only affects the lowest vegetation layers (Xue & Su, 2017).

4.4.2. Merit of the forecasting framework

Past studies of vegetation drought impact forecasting have focused on measuring correlation.
This broad focus has limitations when interpreting derived forecast skill and lead time
measures in a drought early warning context. Drought impacts are concentrated in one of the
tails of the distribution. Forecasts across the full range of conditions can, therefore, easily
produce a misleading estimate of the true skill and lead time of drought impact forecasts. By
definition, there are, few occurrences of extreme events in the record available to train
forecasting models, and this can degrade calculated forecast skill. It also tends to cause an
underprediction of severe drought impacts and overprediction of low-intensity drought
impacts (Brust et al.,, 2021; Sutanto et al., 2020). | developed a threshold-based forecasting
framework to overcome these issues as best as possible. My framework provides a simple
approach to evaluate whether there is any potential in forecasting threshold drought impacts
from thresholds in the dry tail of hydro-meteorological predictors. As | have shown, the
framework facilitates the selection of optimal predictor and response variables, threshold
combinations and other aspects of the forecast model configuration. The framework also
enables control or benchmark experiments to evaluate skill and skill improvements — an
important feature given the wide variety of available hydro-meteorological and vegetation-

related products.

Using the framework developed, | concluded that the standardised anomaly of NIRv
marginally outperformed the other satellite-derived VIs. This does not amount to
overwhelming evidence that it is a better indicator of vegetation drought impact, although it
does support recent studies highlighting the merit of this index. NIRv is thought to respond to
the distribution of photosynthetic capacity with depth in canopies, thus more accurately
capturing changes in structurally complex landscapes (Badgley et al., 2017). Wang et al.
(2022) demonstrated that the NIRv might be a better proxy of dryland vegetation productivity

dynamics in the western United States. Several alternative VIs could not be considered here.
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Future research could consider the Sun-Induced chlorophyll Fluorescence (SIF; Frankenberg
et al., 2011), which should more directly relate to photosynthesis, and the Vegetation Optical
Depth (VOD; Liu et al.,, 2011), a measure calculated from satellite microwave radiometry that
reflects water status in all above-ground biomass rather than only the leaves visible from
above (Liu et al., 2015).

Alternatives are also available for the predictor variable. This study used in situ soil moisture
observations at different depths to develop and trial the framework. The application of the
framework across larger areas would require spatial soil moisture estimates derived from
remote sensing or models such as GLDAS (Rodell et al., 2004) and ERA5-Land (Mufioz-
Sabater et al., 2021).Furthermore, using soil moisture forecasts could further extend the lead
time for skilful forecasts, depending on how the uncertainty in those soil moisture forecasts

propagates into the forecasts of subsequent vegetation impacts.

On theoretical grounds, the preferred combination of z-score thresholds in a drought warning
system might be to use identical thresholds for predictor and predictand and reflect rare
events, i.e., be strongly negative. These are found along the diagonal near the bottom right
of the matrices in Fig. 4.7. The most negative threshold of z<-2.5 appeared unsuitable as a
z(6) trigger, with low F2-scores resulting from a combination of low Recall and low Precision
(Fig. 4.7a). This is probably due to the small number of true events reaching this threshold at
most of the sites. This limitation also reduces the statistical strength of my results for these
more severe events. Better combinations do occur along the diagonal for 810 and 63 (Fig.
4.7a), but for 8100 a less negative z-score thresholds for soil moisture than for VI appeared to
produce better results. The median Lead time associated with the corresponding preferred z

threshold combinations was 13 to 25 days, i.e. about two to four weeks (Fig. 4.7d).

4.4.3. Forecast skill and the trade-off between missed events and false alarms

The z-threshold combinations producing the greatest improvement in F2-scores, measured
relative to the control simulation, reflect a trade-off between Recall and Precision, i.e., failing
to forecast impacts (missed events) and incorrectly doing so (false alarms). | used the Fg skill
score metric to lend greater weight to avoiding missed events. This choice was motivated by
the view that missing events would be more problematic than issuing false alarms in drought
early warning system (DEWS) (Potter et al.,, 2021). However, different weightings or skill
metrics could be considered and might produce different optimal combinations of predictor,
predictand and other aspects of forecast model configuration. Inevitably, in terms of the skill
score chosen, reducing the number of missed events (i.e., improving recall) will increase

false alarms (i.e., reduce precision). In a DEWS, this would contribute to the ‘cry wolf
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problem, causing warnings to carry less weight or even be ignored and fail to elicit the
necessary response (Kelman & Glantz, 2014). Thus, selecting an appropriate threshold level
for the impact that is being predicted is of critical concern (Potter et al., 2021) . My results

(Fig. 4.8b and 4.8c) quantify this inevitable trade-off between Precision and Recall.

An additional dimension of drought forecasting is the possibility of forecasting events of
varying severity. | investigated the scope for such a tiered approach by examining
decreasing z threshold levels associated with impacts of increasing severity and return time.
My results suggest that forecasting relatively more frequent impacts (i.e., -1.0 < z < 0) is
associated with high Recall and Precision, but forecast skill was similar to the control
forecast. The relatively high actual and control forecast skill were both due to overprediction.
Overprediction is a known issue for interpreting skill scores for an unbalanced sample and
one reason why | focused on skill improvements compared to the control experiment (Fig.
S4.1). Nonetheless, modest skill improvements still occurred for 6400, suggesting that skilful
warning of mild vegetation impacts may be feasible. For impacts of greater severity and
lower frequency (z< -2.0 and z< -1.5), simultaneously avoiding missed alarms and false
alarms is more challenging. The significant improvement in skill score compared to the
control experiment demonstrated forecasting potential. For the most severe impacts (z< -2.5),
forecasts were less skilful due to a high number of false alarms, as indicated by low

Precision. | attribute this to the small number of events in the relatively short site records.

4.4.4. Differences between vegetation types and climate regimes

Different ecosystems and climate regimes sometimes showed differences in optimal 6 depths.
These differences are assumed to reflect variations in access to soil moisture at different
depths (Fig. 4.8). Thus, for cropping systems, 61 appeared optimal for use in early warning.
Rooting depths in annual crops can vary dramatically depending on growth stage (Swain et
al., 2013). The optimal 610 may have been a compromise for reflecting vegetation response
in these complex and dynamically changing ecosystems. The deepest 0100 produced the best
forecasts for savanna and grassland sites and vegetation in more arid climate regimes. The
savanna and grassland sites included in my data mostly comprised native grass species in
sub-arid and arid regions (Fig. 4.1). These ecosystems may have adapted to their local
environment, giving them the ability to withstand short-term soil moisture anomalies better
than rain-fed cropland or pasture species found or introduced in more humid climate regimes

to maximise agricultural productivity (Nippert & Holdo, 2015).

Apparently, the more deeply rooted vegetation component was dominant among the sites

investigated in this study. The savanna and woody savanna sites showed the least potential
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for impact forecasting. This finding is consistent with studies by Chen et al. (2014) and
Nicolai-Shaw et al. (2017). They also found that vegetation dynamics in woody savannas
have a lower correlation with soil moisture conditions. Tian et al. (2019) found that these
ecosystems sometimes respond to water availability changes over months rather than weeks,
suggesting that soil moisture observations down to 100 cm may be insufficient to forecast
drought impacts. Groundwater indices based on water balance models or satellite
observations, such as the groundwater resource index (GRI, Mendicino et al., 2008) or
GRACE groundwater drought index (GGDI, Thomas et al., 2017) might be more skilful in

forecasting changes in savanna and forests ecosystems.

Other studies have also found that soil moisture dynamics in deeper layers are more stable
due to the longer memory (Ghannam et al., 2016). Soil moisture thresholds over larger
integration depths are less frequently crossed in response to short-term precipitation events
or periods that do not saturate the profile. Unfortunately, soil moisture estimates available
from remote sensing reflect the moisture content of the top few centimetres of near-surface
soil only. Therefore, they are less likely to be skilful in forecasting drought impacts unless
used to inform estimates of deeper soil moisture, e.g., through assimilation into land surface
models (Tian et al., 2019). The propagation of drought impacts was determined by
characteristics such as water-holding capability and seasonal dry-down pathways in different
soil profile depths (Sehgal et al., 2020), and vegetation types with varying root-water uptake
characteristics. Hence, the analyses of layer-wise drought impact propagation from soil
moisture to vegetation could benefit the operation of drought impact forecasting over large
spatial scale by generalising the achieved forecast skills by different groups identified based

on factors such as soil layers, vegetation types and climate regimes.

Recent attention has been drawn to the relatively fast onset of some drought events, such as
the 2012 drought across the central United States, which developed within a few weeks
(Otkin et al., 2015; Pendergrass et al., 2020). My results show that vegetation typically
responds to soil moisture deficits within two to four weeks. Other studies derived similar
results for shallow-rooted vegetation (Asoka & Mishra, 2015; Nicolai-Shaw et al., 2017; Tian
et al, 2019). Such a relatively rapid response emphasises the need to develop drought
impact forecasting methods that can predict daily or weekly rather than monthly if warnings

are to be issued in a timely fashion (Pendergrass et al., 2020).

4.4.5. Implications for early warning and future work

I have found that the lead time between soil moisture triggers and vegetation impacts was

generally around two to four weeks. However, these lead times are associated with forecasts
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based on real-time soil moisture observations. They only consider latency in the availability
of past observations. Conversely, they do not consider the additional skill and lead time that
may be derived from soil moisture forecasts instead of observations. Seasonal soil moisture
outlooks — such as those issued by the USA NOAA Climate Prediction Centre (van den Dool
et al,, 2003) and the Australian Water Outlook (Vogel et al., 2021) — have been found
somewhat skilful for up to three months and therefore may extend lead time further to enable
drought preparation several months in advance. Of course, skill inevitably declines with lead
time in these forecasts. The expected time lag between soil moisture deficits and vegetation
impacts of a few weeks also means that vegetation impact forecasts will be less informative

for drought forecasts several months ahead.

Future work could adopt the framework developed here to investigate enhancements and
alternative approaches. For example, the in-situ soil moisture observations can be replaced
with ensemble soil moisture forecasts (or hindcasts in a research setting) based on a
combination of weather forecasting and land surface model(s). This approach can connect
the ‘rainfall-soil moisture-vegetation’ forecasting chain and provide spatially continuous

forecasts of vegetation impact.

4.5. Conclusions

| have proposed a framework to forecast the onset of drought vegetation impacts, using in
situ soil moisture observations at different depths as the predictor variable and satellite-
derived vegetation indices as the predictand. | compared the skill and lead times achieved by
forecasts for vegetation impacts of varying severity and across different ecosystems and

climate regimes. My main conclusions are as follows:

(1) Standardised soil moisture anomalies could be used to forecast vegetation
impacts with significant skill. A challenge in improving forecast skill is the relatively

high rate of false alarms when using in situ soil moisture daily observations.

(2) The lead time between soil moisture triggers and subsequent vegetation impacts
was typically around two to four weeks. This lead time could be extended using skilful

forecasts rather than real-time soil moisture observations.

(3) There is a typical trade-off between recall and precision. Generally, the optimal
skill improvements were achieved using similar z thresholds for soil moisture trigger

and vegetation impact for moderate severity events. Skill scores were less good for
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the most severe events (z-score <-2.5), but this was associated with a small number

of events given the limited record length (on average 15 years among the 93 sites).

(4) The soil moisture integration depth that produced the best skill varied between
ecosystems, with shallow (0-10 cm) moisture performing better for cropping systems

and deeper (0-100 cm) soil moisture being optimal for grassland and savanna as well

as for drier environments.
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Fig. S4.1. The median (a) F2-score, (b) Recall, (c) Precision, and (d) Lead time of naive
forecasting achieved from control experiment. The vegetation threshold event defined by

z(NIRv) and soil moisture deficiency over three progressive integrated depths (10, 30, and

100 cm) defined by z(64). Numbers in grid represent median values of naive forecasting

across the 93 in situ sites. The bold numbers indicate significant differences from the original
experiment at p<0.05.
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2475 S| Tables

2476  Table S4.1 Basic information of the selected 93 in situ sites involved for analysis in this study

Site Latitude Longitude IGBP Temporal Aridity Climate Network
coverage index regime
us-1B2 41.84 -88.24 GRA 2005-2018 0.37 sub-humid Ameriflux
US-Ne3 41.18 -96.44 CRO 2003-2019 0.49 sub-humid Ameriflux
US-SRG 31.79 -110.83 GRA 2008-2019 0.89 arid Ameriflux
US-SRM 31.82 -110.87 WSA 2004-2019 0.89 arid Ameriflux
US-Ton 38.43 -120.97 WSA 2004-2019 0.64 sub-arid Ameriflux
US-Wkg 31.74 -109.94 GRA 2005-2019 0.91 arid Ameriflux
ICN-BRW 38.95 -88.96 CRO 2005-2019 0.41 sub-humid ICN
ICN-DXS 37.44 -88.67 WSA 2005-2019 0.35 sub-humid ICN
ICN-FAI 38.38 -88.39 CRO 2005-2019 0.38 sub-humid ICN
ICN-FRE 42.28 -89.67 CVM 2006-2018 0.39 sub-humid ICN
ICN-FRM 38.52 -89.84 CRO 2005-2019 0.39 sub-humid ICN
ICN-ICC 40.71 -89.51 CVM 2005-2019 0.39 sub-humid ICN
ICN-OLN 38.74 -88.10 CVM 2005-2019 0.37 sub-humid ICN
ICN-ORR 39.81 -90.82 CRO 2005-2019 0.41 sub-humid ICN
ICN-SIU 37.70 -89.24 CRO 2005-2019 0.35 sub-humid ICN
OKM-105 34.90 -95.35 CVM 2005-2019 0.43 sub-humid OKM
OKM-107 36.42 -99.42 GRA 2003-2019 0.76 arid OKM
OKM-111 34.91 -98.29 CVM 2003-2019 0.66 sub-arid OKM
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Site Latitude Longitude IGBP Temporal Aridity Climate Network

coverage index regime

OKM-113 35.84 -96.00 SAV 2003-2019 0.49 sub-humid OKM
OKM-120 36.14 -95.45 GRA 2005-2019 0.41 sub-humid OKM
OKM-13 35.17 -96.63 WSA 2004-2019 0.52 sub-arid OKM
OKM-15 35.78 -96.35 SAV 2003-2019 0.51 sub-arid OKM
OKM-19 35.59 -99.27 GRA 2003-2019 0.74 arid OKM
OKM-20 34.85 -97.00 GRA 2003-2019 0.55 sub-arid OKM
OKM-23 34.61 -96.33 GRA 2003-2019 0.52 sub-arid OKM
OKM-32 36.91 -95.89 GRA 2006-2019 0.45 sub-humid OKM
OKM-33 33.92 -96.32 GRA 2004-2019 0.48 sub-humid OKM
OKM-34 35.55 -98.04 CRO 2003-2019 0.64 sub-arid OKM
OKM-36 35.30 -95.66 SAV 2003-2019 0.46 sub-humid OKM
OKM-38 36.84 -96.43 GRA 2003-2019 0.47 sub-humid OKM
OKM-39 36.73 -99.14 CVM 2009-2019 0.74 arid OKM
OKM-44 35.75 -95.64 CVM 2003-2019 0.44 sub-humid OKM
OKM-56 34.31 -96.00 CVM 2003-2019 0.45 sub-humid OKM
OKM-59 36.06 -97.21 GRA 2003-2019 0.53 sub-arid OKM

OKM-6 36.07 -99.90 SAV 2003-2019 0.78 arid OKM
OKM-61 36.99 -99.01 GRA 2003-2019 0.73 arid OKM
OKM-65 36.89 -94.84 CRO 2009-2019 0.41 sub-humid OKM
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Site Latitude Longitude IGBP Temporal Aridity Climate Network

coverage index regime
OKM-68 36.90 -96.91 GRA 2003-2019 0.53 sub-arid OKM
OKM-70 36.74 -95.61 GRA 2003-2019 0.43 sub-humid OKM
OKM-71 36.03 -96.50 GRA 2003-2019 0.49 sub-humid OKM
OKM-75 36.36 -96.77 CVM 2003-2019 0.51 sub-arid OKM
OKM-79 36.36 -97.15 GRA 2003-2019 0.52 sub-arid OKM
OKM-8 36.80 -100.53 GRA 2003-2019 0.81 arid OKM
OKM-85 36.42 -96.04 SAV 2006-2019 0.46 sub-humid OKM
OKM-87 35.54 -97.34 SAV 2003-2019 0.57 sub-arid OKM
OKM-90 34.88 -96.07 GRA 2003-2019 0.51 sub-arid OKM
OKM-97 36.78 -95.22 GRA 2003-2019 04 sub-humid OKM
OKM-99 34.98 -97.52 SAV 2003-2019 0.61 sub-arid OKM
AR-2083 34.25 -92.03 CVM 2004-20086, 0.41 sub-humid SCAN
2011-2017
AR-2090 35.21 -92.92 CRO 2004-2016 0.39 sub-humid SCAN
C0-2017 40.87 -104.73 GRA 2005-2019 0.74 arid SCAN
C0-2197 40.82 -104.71 GRA 2014-2019 0.74 arid SCAN
IL-2004 40.32 -89.90 CRO 2013-2018 04 sub-humid SCAN
KS-2093 39.79 -99.33 CVM 2007-2019 0.71 arid SCAN
MN-2050 47.72 -96.27 CRO 2003-2007, 0.45 sub-humid SCAN
2011-2019

102



Site Latitude Longitude IGBP Temporal Aridity Climate Network
coverage index regime
MO-2194 37.00 -92.26 SAV 2011-2016 0.41 sub-humid SCAN
MT-2019 48.48 -109.80 CVM 2003-2019 0.64 sub-arid SCAN
MT-2117 48.30 -111.92 CRO 2007-2019 0.7 arid SCAN
MT-2118 48.44 -111.18 CRO 2007-2019 0.73 arid SCAN
MT-2119 47.06 -109.95 CRO 2007-2019 0.59 sub-arid SCAN
MT-2121 47.52 -107.13 GRA 2007-2019 0.72 arid SCAN
ND-2020 46.77 -100.92 GRA 2003-2019 0.57 sub-arid SCAN
SD-2072 43.74 -96.61 CRO 2005-2019 0.49 sub-humid SCAN
TX-2105 33.55 -102.37 CRO 2007-2019 0.85 arid SCAN
UT-2150 41.33 -111.30 GRA 2009-2019 0.46 sub-humid SCAN
UT-2151 41.34 -111.19 GRA 2010-2019 0.53 sub-arid SCAN
UT-2160 41.78 -113.82 GRA 2010-2019 0.63 sub-arid SCAN
UT-2166 38.31 -109.24 GRA 2010-2019 0.62 sub-arid SCAN
AR_Batesvi 35.82 -91.78 CVM 2010-2019 0.36 sub-humid USCRN
lle_8WNW
AZ_ESIgin_S 31.59 -110.51 GRA 2010-2017 0.82 arid USCRN
CO_Montro 38.54 -107.69 WSA 2010-2018 0.51 sub-arid USCRN
se_1MENE
CO_Nunn_ 40.81 -104.76 GRA 2011-2019 0.71 arid USCRN
7NNE
IA_De1s$/IEoi 41.56 -93.29 GRA 2010-2019 0.44 sub-humid USCRN
nes_
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Site Latitude Longitude IGBP Temporal Aridity Climate Network
coverage index regime
IN_Bedford 38.89 -86.57 CVM 2009-2018 0.32 sub-humid USCRN
_5WNW
KS_Oakley 38.87 -100.96 GRA 2009-2019 0.76 arid USCRN
_19SSW
MI_Chatha 46.33 -86.92 WSA 2011-2019 0.43 sub-humid USCRN
m_1SE
MI_Gaylord 44.91 -84.72 WSA 2011-2019 0.41 sub-humid USCRN
_9Ssw
MN_Sandst 46.11 -92.99 WSA 2011-2019 0.43 sub-humid USCRN
one_6W
MO_Salem 37.63 -91.72 SAV 2010-2019 0.36 sub-humid USCRN
_10W
MS_HollyS 34.82 -89.43 SAV 2009-2019 0.31 sub-humid USCRN
prings_4N
MT_WolfPo 48.31 -105.10 GRA 2010-2019 0.71 arid USCRN
int_29ENE
NC_Durha 35.97 -79.09 WSA 2010-2018 0.39 sub-humid USCRN
m_11W
ND_Northg 48.97 -102.17 CVM 2010-2019 0.54 sub-arid USCRN
ate 5ESE
NE_Harriso 4242 -103.74 GRA 2010-2019 0.74 arid USCRN
n_20SSE
NE_Lincoln 40.70 -96.85 GRA 2010-2019 0.54 sub-arid USCRN
_11SW
NE_Whitm 42.07 -101.45 GRA 2010-2019 0.67 sub-arid USCRN
an_5ENE
OK_Goodw 36.57 -101.61 GRA 2012-2019 0.86 arid USCRN
ell_2SE
OK_Stillwat 36.12 -97.09 CVM 2010-2019 0.53 sub-arid USCRN
er 2W
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Site Latitude Longitude IGBP Temporal Aridity Climate Network
coverage index regime

OK_Stillwat 36.13 -97.11 CVM 2011-2018 0.53 sub-arid USCRN
er_5WNW
SD_Aberde 45.71 -99.13 GRA 2010-2019 0.54 sub-arid USCRN
en_35WN

w
WA_Spoka 47.42 -117.53 SAV 2012-2019 0.6 sub-arid USCRN
ne_17SSW
WI_Neceda 44.06 -90.17 WSA 2010-2019 0.4 sub-humid USCRN
h_5WNW
WY_Sunda 44.52 -104.44 WSA 2012-2019 0.56 sub-arid USCRN
nce_8NNW
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Chapter 5

Early warning of severe vegetation drought impacts based on simulated
root-zone soil moisture: an integrated threshold-based framework using
copula and event-matching approaches in southeastern Australia

Abstract

Anticipating vegetation drought impacts with sufficient lead time is crucial for proactive
drought mitigation. This study evaluates approaches for predicting vegetation deterioration
(VD) risks using model-simulated root-zone soil moisture across southeastern Australia,
comparing event-matching and copula-based methodologies for multi-categorical severity
levels. | develop a threshold-based 'event-matching' framework utilising standardised
anomalies of root-zone soil moisture and vegetation indices to identify critical soil moisture
trigger thresholds for varying VD severity. The analysis reveals complementary strengths
between methodologies: copula-based approaches excel in detecting mild vegetation stress
with enhanced false alarm control, while event-matching methods provide more balanced
predictions for severe deterioration risks. Agricultural lands demonstrate superior predictive
capability compared to natural vegetation, with lead times varying systematically by
vegetation type from 0-32 days in agricultural areas to 16-56 days in forested regions.
Monthly temporal aggregations significantly enhance prediction capability, improving hit rates
from 0.16 to 0.29 for severe impacts while maintaining stable adjacent prediction ratios.
Model integration strategies combining copula-based methods for mild stress detection (VD1.
2) with event-matching approaches for severe deterioration prediction (VDs.s) demonstrate
enhanced capability during the 2002 drought case study. While current lead times provide
valuable warning periods, integration with seasonal soil moisture forecasts could extend this
prediction horizon. These findings contribute towards developing robust impact-based
drought early warning capabilities across extensive geographical regions with diverse

vegetation characteristics.
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5.1. Introduction

As discussed in Chapters 2 and 3, the slow-onset nature of drought provides a theoretical
window for early intervention. However, the development of predictive models for vegetation
impacts remains constrained by both statistical and biophysical complexities. The rarity of
extreme events and the lack of consistent historical impact records pose major statistical
challenges (Vogel et al., 2021). Biophysically, vegetation responses to drought are often non-
linear, temporally lagged, and heterogeneous across ecosystems and climate zones, making
prediction difficult (Farooq et al., 2012; McDowell et al., 2013; Vicente-Serrano et al., 2013;
Zhang et al., 2023). These factors introduce substantial uncertainty into early warning

systems that operate across large spatial scales (Berdugo et al., 2020).

Copula-based joint probability modelling has emerged as an effective analytical framework
for analysing drought propagation from hydro-meteorological conditions to vegetation
response (Tootoonch et al., 2022; Xiang et al., 2023). This approach demonstrates particular
strength in capturing tail dependence of low values in variable distributions and provides
robust analysis of conditional exceedance behaviour of vegetation responses under soil
moisture stress (Zscheischler et al., 2018). However, as demonstrated in Chapter 3, the
copula-based methods still face significant limitations in predicting low-frequency yet high-

impact vegetation deterioration events.

A logical advance in predicting infrequent vegetation deterioration events involves targeted
analysis of discrete occurrences through pattern recognition approaches. Within this broad
class, the coincidence analysis has been widely used to quantifies the co-occurrence rate of
soil moisture stress and discrete vegetation anomalies within defined temporal windows, is
effective for assessing vegetation responses to hydroclimatic extremes across multiple time
scales. Applications range from annual (Rammig et al., 2015; Sun et al., 2023a; Yang et al.,
2023a; X. Li et al., 2023) to sub-monthly intervals (Tang et al., 2024), including global and

mainland China contexts.

In this thesis, the term event-matching refers to an empirical, performance-driven framework
that identifies threshold combinations with the highest predictive skill for forecasting
vegetation deterioration events within predefined early warning windows. Our event matching
approach is designed for operational threshold selection rather than statistical analysis of
event co-occurrence. Although these studies advance our understanding of biological

responses to extreme conditions, current frameworks exhibit limitations in two critical areas:
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the practical implementation of multiple ordinal categories and the optimisation of detection

thresholds to balance false alarms against missed events in operational warning systems.

My previous research in Chapter 4 developed a novel threshold “event-matching” framework
using in-situ soil moisture observations across 93 USA stations (Y. Li et al., 2023). This
approach established empirical relationships between soil moisture deficit thresholds and
multi-categorical vegetation stress severity levels, highlighting its potential for predicting
infrequent but severe events. However, the predictive capability of this framework remains
untested for triggering vegetation drought impact warnings across large land masses using
model-simulated root zone soil moisture estimates. While these simulated estimates offer
expanded geographic and temporal coverage beyond in-situ observations, their inherent
uncertainties may affect the balance between false alarms and missed events across regions

and severity levels.

This study aims to advance impact-based drought early warning by evaluating approaches
for predicting vegetation deterioration (VD) risks across southeastern Australia. | explore the
usage of a threshold ‘event-matching’ framework to identify the soil moisture trigger
thresholds for warning multi-categorical VD severity levels. The research has three primary
objectives: (1) to test the predictive capability of applying the model-simulated root zone soll
moisture over large land mass; (2) to compare ‘event-matching’ and copula-based
approaches to understand their relative strengths in predicting the VD risks across severity
levels, particularly for low-frequency but severe events; and (3) through comprehensive
performance assessment metrics of prediction skills and lead times, to investigate potential
complementary aspects for developing an integrated framework that leverages the strengths
of both methodologies across different land use types. This research addresses critical
knowledge gaps in understanding how effectively simulated root-zone soil moisture can
predict uncommon yet severe vegetation effects, focusing on enhancing prediction capability
for events crucial to drought impact management. Due to scarcity of available observed
vegetation impacts at a large spatial scale, the persistence prediction of VD risks is used as

a reference model for this study.

5.2. Materials
5.2.1. Study area

The study area in southeastern Australia, including Victoria (VIC), southern New South
Wales (NSW), and the Australian Capital Territory (ACT), has been introduced in Chapter 3

(see Section 3.3.1). Fig. S5.1 displays Kdppen climate classifications, land use types, and
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spatial skewness patterns of root-zone soil moisture (RZSM) and NDVI anomalies across
2001-2022, while Fig. S5.2 shows land use composition across climate zones, underscoring
heterogeneity in land-climate interactions. As noted there, the region spans temperate to
semi-arid climates and supports diverse land use types, with dryland cropping and grazing
systems dominating (Fig. 5.1a—b). Here, | build on that overview by incorporating additional

context from supplementary materials.
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Fig. 5.1. (a) Location map of the study region in Australia (the black square), which
encompasses Victoria (Vic), the southern part of New South Wales (NSW), and Australian
Capital Territory (ACT). (b) The spatial distribution of major land use types based on
reprojected Catchment Scale Land Use of Australia (2018) at 0.05° spatial resolution. The
heterogeneous grids are marked in grey colour. The spatial distribution of the mean annual
(c) AWRA-L root zone soil moisture and (d) MODIS NDVI over the study area during 2001-
2022 peak growing seasons (May to October). The blank grids in the figure are aqua bodies.

5.2.2. Data

The datasets applied in this chapter are consistent with those introduced in Chapter 3 (see
Section 3.3.2), including MODIS-derived NDVI, model-simulated root-zone soil moisture
(RZSM), and land use classifications based on the Australian Land Use and Management

(ALUM) system. Here, | briefly restate the key details relevant to this chapter.
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Vegetation condition was measured using the Normalized Difference Vegetation Index
(NDVI), derived from the MODIS MCD43A4 product over the period 2001-2022, composited
at 8-day intervals and resampled to 0.05° spatial resolution. Only highest-quality reflectance
retrievals were retained. The analysis focused on the austral growing season (May-October),
coinciding with the primary precipitation period and peak vegetation growth phase across

southeastern Australia's wheat-sheep belt.

Root-zone soil moisture was sourced from the Australian Bureau of Meteorology’s
operational AWRA-L (version 7) model, representing soil moisture content in the 0—1 m
profile. The data were averaged to match the NDVI temporal resolution. As described in
Chapter 3, the data exhibited substantial right-skewness across many regions. To address
this, | applied a square-root transformation to achieve approximate normality; the resulting

estimates are hereafter referred to as RZSM.

Land use classifications were drawn from the 2018 Catchment Scale Land Use of Australia
dataset and reprojected to 0.05° grid resolution. Following the filtering approach established
in Chapter 3, | retained only grid cells where a single land use type accounted for more than
50% of the pixel area, reducing the impact of subgrid heterogeneity on model performance

assessments.

5.3. Methods

To evaluate the predictive capability of model-simulated root-zone soil moisture (RZSM) for
anticipating multi-categorical vegetation deterioration (VD) severity levels across large spatial
scales, this chapter builds upon and integrates two core modelling approaches developed in
earlier chapters: (i) the threshold-based event-matching framework (Chapter 4, Sections
4.2.3-4.2.4), and (ii) the bivariate copula method (Chapter 3, Sections 3.4.1-3.4.2).

Both approaches rely on standardised anomalies (z-scores) of RZSM and NDVI, calculated
against the 2001-2022 climatology, to characterise the degree of soil moisture deficits and
vegetation stress, respectively. For methodological details on z-score derivation, refer to
Chapter 3, Section 3.4.1 and Chapter 4, Section 4.2.3. This chapter adopts consistent non-
exceedance threshold criteria for VD severity based on standardised VIA thresholds, defining
six categories: below-normal (< 0.0 SD, VDy), mild (< -0.5 SD, VDy), moderate (< -1.0 SD,
VD), severe (< -1.5 SD, VD3), extreme (< -2.0 SD, VD.), and exceptional (< -2.5 SD, VDs).
Unlike conventional exclusive classification systems with both upper and lower bounds, each
VD category is defined by a single upper bound in line with early warning logic of risks that

focuses on whether a critical threshold is triggered (WMO, 2016).
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This section evaluates the predictive performance of both modelling frameworks using a
suite of verification metrics, including Hit Rate, False Alarm Ratio (FAR), and Adjacent
Prediction Ratio (APR). Finally, | apply leave-one-out cross-validation to identify optimal
integration strategies that combine both models. The integrated framework is assessed using
the same performance metrics to ensure robust and operationally relevant predictions across

VD severity levels.

5.3.1. Threshold ‘event-matching’ framework

5.3.1.1. Assessment of potential predictive skill in threshold combination

The threshold event-matching framework, and detailed in Chapter 4, is employed here to
identify soil moisture anomaly (SMA) thresholds that precede vegetation index anomaly (VIA)
events. This framework applies z-score thresholds to detect threshold-crossing events and
quantifies potential predictive performance using Fg-scores across all SMA-VIA threshold
combinations. For the underlying methodology, including the event identification logic and
key equations, refer to Chapter 4, Section 4.2.3. For practical implementation examples, see

Fig. 4.4 in the same chapter.

In this this section, six levels of VIA thresholds are defined ranging from below-normal (VDo)
to exceptional (VDs), and 30 levels of SMA thresholds spanning from 0 to —=3.0 SD at -0.1 SD
interval, resulting in 180 SMA-VIA combinations. The predictive skill of each combination is
assessed through F;- and F,-scores, along with the Lead time (At) between SMA signals and
corresponding vegetation responses. To evaluate whether observed Fg-scores indicate skill
beyond random chance, | benchmark them against a bootstrapped random baseline. The
baseline is constructed using a temporal randomisation method that preserves spatial
coherence and intra-annual structure while disrupting inter-annual dependencies between

SMA and VIA. The procedure involves:

1). Randomly shuffling years in the SMA time series to pair each SMA year with a

mismatched VIA year;

2). Recalculation of performance metrics (Fi-score, F.-score, median At) based on

the shuffled temporal series;

3). lteration of this process N times to generate a distribution of randomised
outcomes. The iteration was terminated at N=500, as bootstrapping diagnostics
indicated that the mean and variance of the baseline performance metrics (e.g., F;-

score, F,-score) had stabilised;
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4). Computing the mean and median values of these metrics across iterations for

each SMA-VIA threshold combination pair.

For each threshold combination at the pixel level, | tested whether the observed (nominal)
performance scores significantly exceed those of the random baseline. This was done using
Student’s f-test (p < 0.05) to assess statistical significance, with Cohen’s d used as a
complementary criterion to ensure that retained improvements represented a substantial
magnitude relative to the stablished random baseline (d > 0.9). Threshold combinations
satisfying both criteria were therefore considered to demonstrate robust predictive skill
beyond random expectations, thereby validating the framework's ability to anticipate

vegetation deterioration (VD) events from antecedent soil moisture signals.

5.3.1.2. Trigger threshold determination

The SMA trigger thresholds for each VD severity category were determined by analysing the
maximum significant improvements in Fg-score across SMA-VIA threshold combinations. To
account for the trade-off between missed detections and false alarms, particularly relevant
for predicting rare but severe VD events, | applied hierarchical filtering criteria based on both
F1- and F2-score improvements (i.e., >0.1, >0.2, and >0.3), allowing sensitivity to false alarms

and missed events to be explicitly examined during threshold selection.

A hierarchical procedure was applied to derive SMA trigger thresholds across VD severity
classes, starting from the most severe VD category and proceeding toward milder VD
conditions. While VD severity classes were defined at coarse intervals (0.5 SD), SMA trigger
thresholds were searched over a broader and finer range, spanning from -2.9 to 0.0 SD at
0.1 SD increments, to allow precise identification of thresholds associated with improved

predictive performance.

To reconcile these differing resolutions and to ensure uniqueness and monotonic
progression of SMA thresholds across VD severity levels, a minimum separation constraint
of +0.1 SD was introduced. This constraint prevents multiple VD classes from being assigned
identical SMA trigger thresholds and avoids non-monotonic ordering that may arise from
independent threshold selection across discrete severity categories. For example, under the
Fi-score >0.1 filter, only threshold combinations exceeding this benchmark were retained
(see Fig.5.2), and the SMA interval corresponding to the maximum Fi-score improvement
was selected for each severity class (Table 5.1). Where no significant improvement was

found, no threshold was assigned. This process yielded six sets of SMA trigger thresholds:
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EM-f1-0.1, EM-f1-0.2, EM-f1-0.3, EM-f2-0.1, EM-f2-0.2, and EM-f2-0.3—each reflecting

different optimisation strategies in predicting VD events.
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Fig. 5.2. Heatmap visualisations of Fi-score improvements across SMA-VIA threshold
combinations in the example pixel [33.75°S, 149.4°E]. Figures (a-c) indicate selection based
on different criteria with the improvement of Fi-score >0.1, >0.2, and >0.3, respectively. The
x-axis represents SMA thresholds (-3.0 to 0.0 SD at 0.1 increments), whilst the y-axis
indicates VD categories (0.0 to -2.5 SD). Colour intensity represents the magnitude of Fi-
score improvement relative to the randomised baseline, with red indicating positive
improvements and blue showing deterioration in predictive skill. Hatched regions highlight
the determined SMA trigger threshold for predicting varying VD severities.
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Table 5.1. Example of determined SMA trigger threshold values for varying VD categories in
the example pixel [33.75°S, 149.4°E] based on Fi-score improvements.

VD VIA Max Fi-score SMA trigger with SMA trigger with SMA trigger with
category threshold  improvement criterion: criterion: criterion:
F1-score F1-score F1-score

improvement >0.1  improvement >0.2 improvement >0.3

VDO 0.0 SD 0.15 -0.2(-0.7) SD n.a. n.a.
VD1 -0.58D 0.26 -0.3SD -0.3SD n.a.
VD2 -1.0SD 0.34 -0.98D -0.9SD -0.9SD
VD3 -1.58D 0.26 -1.3S8D -1.3SD n.a.
VD4 -2.0SD 0.36 -1.8SD -1.8SD -1.8SD
VD5 -2.58D 0.63 -2.1 8D -2.1 8D -2.18D

Note: when SMA trigger with criterion F1 score improvement >0.1, the SMA trigger for VD is
adjusted from -0.7 SD to -0.2 SD to keep the monotonically increasing arrangement.

5.3.2. The bivariate copula method

As introduced in Chapter 3, the copula method estimates conditional probabilities of
vegetation deterioration given soil moisture deficits by fitting joint distributions between SMA
and VIA. This approach enables threshold estimation based on varying exceedance
probability criteria. Readers are referred to Chapter 3, Section 3.4.2 for full theoretical and

implementation details.

Following the same setting as in Chapter 3, the framework in this section also employs
multiple conditional probability decision criteria P € {= 40%, > 50%, = 60%,> 70%} to
establish four estimated sets of critical SMA thresholds, noted as Copula-cp40, Copula-cp50,

Copula-cp60, and Copula-cp70.

5.3.3. Evaluation of model predictive performance

5.3.3.1. Vegetation deterioration risk prediction using SMA trigger thresholds

This section establishes a deterministic framework for predicting categorical vegetation

determination risk (VD;) using soil moisture deficit conditions. The methodology employs

SMA trigger thresholds(6,, 65,05, 8,4,05) derived from Section 5.3.1 and 5.3.2 to predict VD
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risks across multiple severity levels (VD4 to VDs). The prediction mechanism employs an

indicator function defined as:

0, if SMA, > 6,
VD, = ,(i=1,2,3,4,5) (5.1)
i, if SMA, < 6;

The evaluation incorporates ten different estimate sets of SMA trigger thresholds: six derived
through event-matching (i.e., EM-f1-0.1, EM-f1-0.2, EM-f1-0.3, EM-f2-0.1, EM-f2-0.2, and
EM-f2-0.3) and four through copula-based analyses (i.e., Copula-cp40, Copula-cp50,
Copula-cp60, and Copula-cp70). The framework utilised pixel-specific SMA values at time
step t to predict vegetation deterioration severity (VD;, where i = 1,2,3,4,5) at a future time
stept + L. Here L represents pixel-specific temporal lag between VIA and SMA quantified

through event-matching and copula-base analyses, respectively.

To evaluate the predictive capability of this proposed framework, | applied persistence
prediction (PERS) as an unskilled benchmark model, following established practices (Tian et
al., 2019; Hao et al., 2017). This benchmark assumes that the vegetation deterioration risk at
time step t + L remains unchanged from the current time step t, expressed as VD;,; = VD;.
As a skill-less reference, PERS serves to contextualise the relative improvements achieved

by the proposed approaches.

5.3.3.2. Performance assessment of predictive models

This section implements a suite of evaluation metrics to (i) evaluate the predictive
performance of the proposed frameworks and (ii) optimise integrated SMA trigger settings
across multiple models to enhance overall VD predictive capability. The evaluation covers all
ten SMA threshold sets introduced earlier, including six derived from event-matching
framework (i.e., EM-f1-0.1, EM-f1-0.2, EM-f1-0.3, EM-f2-0.1, EM-f2-0.2, and EM-f2-0.3) and
four through copula-based analyses (i.e., Copula-cp40, Copula-cp50, Copula-cp60, and
Copula-cp70), alongside the persistence prediction (PERS) benchmark. Assessments are
conducted at both 8-day and monthly maximum-aggregated scales to account for temporal

variability in model performance.

| employ multi-category (6 x 6) contingency tables to analyse the correspondence between
predicted and observed vegetation deterioration (VD) categories, which provides detailed
insights into how effectively each estimated set of SMA trigger thresholds performs in

prediction accuracy. This systematic approach enables comprehensive evaluation of
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prediction accuracy through examination of the frequency distribution between predicted
categories (y;) and observations (o;) across different VD categories. Further two types of
estimation errors are quantified based on directional deviations in predicted VD risk levels.

For each category /, | analyse the contingency table elements as follows:

Hits: correct predictions where predicted category (y;) equals true category (o;)
(diagonal elements);

False Alarms: cases where predicted category equals i/ while true category belongs
to any other category (sum of elements in column i, excluding the diagonal element)

Misses: cases where true category equals i while predicted category falls into any
other category (sum of elements in row i, excluding the diagonal element)

Underestimation: cases where predicted category (y;) is lower than true category (o;)
in category i.

Overestimation: cases where predicted category (y;) is higher than true category (o;)
in category i.

The performance assessment incorporates five verification metrics, calculated at both

category-specific and overall levels (Table 5.2):

Hit Rate (also known as Probability of Detection, PoD): measures the proportion of
observed events successfully predicted, particularly suitable for rare event detection.

False Alarm Ratio (FAR): quantifies the proportion of predicted events that did not
occur

Under-/Overestimation Ratio: indicates the magnitude of prediction bias

Adjacent Prediction Ratio (APR): serves as a complementary metric alongside
over/underestimation ratios to characterise the degree of near-miss.
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Table 5.2. Details of category-specific metrics for comparing observed and modelled VD

categories.
Metric name Formula Range Ideal Notes
value
Hit Rate hits; (0,1) 1 Sensitive to hits, but
(Probability of hits; + misses; ignores false alarms.
Good for rare events
Detection, PoD) (Bennett et al., 2013).
False alarm false alarms; (0,1) 0 Sensitive to false
ratio (FAR) hits; + false alarms; alarms, but ignores
misses (Bennett et al.,
2013).
Overestimation misses; where (y; > 0;) (0, 100%) O Useful in quantifying
Ratio hits; + misses; conservative
prediction bias.
Underestimation  misses; where (y; <o;) (0, 100%) O Crucial for evaluating
Ratio hits; + misses; the missed warning
signals.
Adjacent misses; where (y; = 0j+1) (0, 100%) 100% Valuable for indicating
misses; reliability of near-miss

Prediction Ratio predictions (Cardoso

& Sousa, 2011)

Note: y; and o; represent the prediction and observation in category i, respectively. i denotes
the specific VD category being evaluated.

This comprehensive evaluation methodology specifically addresses the challenges inherent
in analysing ordinal multi-categorical predictions with imbalanced class distributions,
particularly regarding the limited sample sizes in severe deterioration categories (VD3 to VDs).
Building upon the error evaluation framework of Cardoso and Sousa (2011), | introduce the
APR as a metric quantifying the proportion of near-miss predictions. The higher APR values

(approaching 100%) indicate that model errors predominantly occur in adjacent categories,
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suggesting predictions maintain reasonable approximation of true vegetation deterioration
intensity despite imperfect prediction. This evaluation enables identification of proposed
models that demonstrate significant improvements over baseline persistence prediction, by
synthesising accuracy metrics (Hit Rate and FAR) with bias characterisation measures
(Underestimation Ratio, Overestimation Ratio and APR) (Bennett et al., 2013; Papagiannaki
et al., 2020; Mardian et al., 2023). Detailed example cases demonstrating the calculation of

these verification metrics are provided in Appendix Text A1.

5.3.4. Optimisation and cross-validation of integrated SMA trigger threshold strategies

The optimisation framework integrates SMA trigger thresholds derived from copula-based
and event-matching approaches to improve prediction across vegetation deterioration (VD)
severity levels. Predictive performance over 2001-2022 (n=22) is evaluated using a leave-
one-year-out cross-validation scheme (Wilks, 2011), in which each year is withheld in turn for
validation and model selection is based on performance across all remaining years.
Performance is assessed using Hit Rate, FAR, Underestimation Ratio, Overestimation Ratio,
and APR.

The selection of optimal integration strategies incorporates category-specific weighted
criteria to address varying prediction priorities across the VD spectrum. The weights used
reflect both operational priorities and established practice in evaluating rare event prediction
models (Murphy, 1993; Wilks, 2011). For lower-severity VD categories (VD1-2), the primary
objective is to minimise overestimation, which can lead to unnecessary alarm and resource
misallocation. Accordingly, weights are distributed across Hit Rate (30%), FAR (20%),
underestimation (10%), overestimation (20%), and APR (20%). The corresponding

optimisation objective for lower-severity VD categories is expressed as:
Optim,,,, = 0.3 - Hit Rate — 0.2 - FAR — 0.1 - Underestim — 0.2 - Overestim + 0.2 - APR  (5.2)

For higher-severity VD categories (VDss), where underestimation poses greater risk for
agricultural decision-making, the weights are adjusted to place greater emphasis on
capturing severe events. The revised weights prioritise improved detection of rare, high-
impact conditions distrusted across Hit Rate (30%), FAR (20%), underestimation (10%),
overestimation (20%) and APR (20%). This results in the following optimisation function for

higher-severity VD categories:

Optimy;gn, = 0.3 - Hit Rate — 0.2 - FAR — 0.2 - Underestim — 0.1 - Overestim + 0.2 - APR  (5.3)
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These weights were chosen to reflect a balance between sensitivity and reliability and are
consistent with prior frameworks for both deterministic and probabilistic model evaluation
(Wilks, 2011), while also aligning with operational goals of impact-based early warning

systems.

5.4. Results

5.4.1. Distribution of vegetation anomalies by year

Fig. 5.3 shows the distributions of VIA for the 18,086 study grid cells featuring cropland and
pasture during the peak season for 2001-2022. The largest number of grid cells with values
below zero occurred for the seasons in 2002, 2006, and 2018. My study period includes the
“Millennium Drought ", which was from 2001 to 2009 over southeastern Australia (van Dijk et
al., 2013), showing years with worse and less bad drought conditions in terms of negative z-
score values. The long low tail in 2020 is caused by forest burning during the unprecedented

Black Summer wildfire in southeastern Australia (Levin et al., 2021).
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Fig. 5.3. Histogram for the anomalies of vegetation condition in agricultural land for the 22
growing seasons between 2001 and 2022 and for the 18,086 pixels selected.
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5.4.2. Characteristics of vegetation deterioration (VD) onset events

This section characterises the frequency and spatial distribution of vegetation deterioration
(VD) onset events across southeastern Australia. Here, VD onset events are defined as the
first annual occurrence at which the VIA reaches a given severity threshold (VDo—VDs).
Subsequent threshold crossings within the same year are not counted, thereby avoiding

repeated event identification due to short-term oscillations around threshold values.

The frequency of VD onset events shows no pronounced spatial clustering at the grid-cell
level. However, the frequency of VD onset events generally increases from inland toward
coastal regions, broadly aligning with the spatial distribution of land-use types (Fig. 5.4a-d).
For VIA severity thresholds ranging from -1.0 to -2.5 SD, corresponding to moderate to
exceptional VD severity, event frequencies vary from approximately 1 to 0.12 events per year
across land-use categories, equivalent to return intervals of roughly 1 to 8 years (Fig. 5.4f-).
In subsequent analyses, particular attention is given to events reaching VIA < -1.5 SD,
including more extreme thresholds, corresponding to moderate-to-severe vegetation
deterioration. VD onset events at these severity levels occur less than once per year across

all land-use types.

Plantation forestry exhibits the highest frequency of vegetation deterioration (VD) onset
events, likely reflecting the sensitivity of remotely sensed vegetation indices to forest
management activities such as harvesting-related canopy disturbances. This is followed by
grazing on modified pasture and irrigated pasture. Dryland cropping and irrigated cropping
show frequencies comparable to those observed in natural environments and production
native forests, while grazing on native pasture exhibits the lowest frequency of VD onset

events.
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Fig. 5.4. Panels (a-e): Spatial distribution of the mean annual frequency (events yr') of
identified vegetation index anomaly (VIA) threshold-crossing events during the growing
season (May—October) from 2001 to 2022, across five vegetation deterioration (VD) severity
levels: (a) mild (VIA = —0.5 SD), (b) moderate (< —1.0 SD), (c) severe (= —1.5 SD), (d)
extreme (< —2.0 SD), and (e) exceptional (< —2.5 SD). Panels (f-j): Boxplots showing the
distribution of mean annual frequency of corresponding VIA threshold events across different
land use types. The red dash lines indicate the frequency threshold of one event per year.

5.4.3. Variation in Fg-score and lead time among threshold combinations

Different combinations of [SMA, VIA] thresholds yield varying degrees of significant
improvement in Fg-score (Fig. 5.5) and Lead time (Fig. S5.3). Overall, the strongest
significant improvements in both Fi- and F2-scores are concentrated near the diagonal line
where SMA and VIA thresholds are similar (Fig. 5.5, left column), suggesting that pairing
similar thresholds may enhance the reliability of vegetation drought impact prediction,
especially as impact severity increases. | find that the most substantial skill improvements,
ranging from 0.1 to 0.3 units on the F2-score, occur when using thresholds of SMA < -1.0 to
< -2.0 SD to predict moderate to extreme VD events (VD. to VD4). Comparing FB-score
improvements across land use types (Fig. 5.5, middle and right columns) reveals stronger
predictive performance in agricultural land uses for severe to extreme events (VD3 to VDa). In

contrast, non-agricultural areas show lower predictive skill.

Although some threshold combinations yield significantly improved Fg-scores, they do not
consistently correspond to significantly extended Lead times compared to the bootstrapped
baseline (Fig. S5.3 bottom row). Here, a positive Lead time is defined as SMA preceding VIA.
Longer Lead times tend to be associated with the prediction of more severe vegetation
drought impacts (Fig. S5.3 top row). For instance, ranging from approximately 24 to 48 days

121



2903
2904

2905

2906
2907
2908
2909
2910
2911

2912

2913

2914
2915
2916

2917
2918
2919
2920
2921
2922

for extreme events (VIA < -2.0 SD), compared to 16 to 32 days for moderate conditions (VIA
<-1.0 SD).

Overall land uses Agricultural uses Non-agricultural uses

0.3
0.0
o 0.2 E
- §
2 01 ¢
£-1.0 ‘ o
4 o 00 g
£ £
<3 " g
> T —&lg
-2.0 -
: -0.2uw
I
-0.3
........ VACHNMITNONRAOHNMTNONRA  OHNMTNONDAOHNMTNONBAOHNMTNONDA  OHNMNTNONRANOHNNTNONRAOHNMTNONDO
"""" SMAThreshold " ' SMAThreshold """ sMAThreshold '
Overall land uses Agricultural uses Non-agricultural uses
T T T T 0.3
0.0
0.5 . E
3 §
2 01 9
2-1.0 g
o
é T 0.0 E
PR 2
> -018
-2.0 £
-0.2uw
-2.5
-0.3
...... OROROHNMTNOROAOHNMNTNOROR  OrNMTNOROOIOHNMTNONROCHNMENONON CrNMENORONCHNMENVNONOCHNMEINONO0
ORRRRRIRRRFNiNininididddiniginnIAINNNg CRRRRIRIRIININININifddidnqnININNNNa ORRRIIIRRRTniniRiNinididddinnnAIIININNA
SMA Threshold SMA Threshold SMA Threshold

Fig. 5.5. Improvement in Fi-score (top row) and Fz-score (bottom row) for each combination
of vegetation index anomaly (VIA) and soil moisture anomaly (SMA) thresholds, relative to a
bootstrapped random baseline. Scores shown here reflect threshold-based predictive
performance only and do not incorporate lead-time information. Results are summarised by
land use types: overall, agricultural and non-agricultural. For baseline generation
methodology, see Section 5.3.1.3.

5.4.4. SMA trigger thresholds determined through the event-matching framework

This section focuses on SMA trigger thresholds derived from the event-matching framework.
Copula-based thresholds and their spatial characteristics are presented in Chapter 3 and are

subsequently incorporated into the integrated threshold analysis in Section 5.5.

Six ‘event-matching’ (EM-based) variants were developed, based on two evaluation metrics
(F4-score and Fz-score) with three significance criteria settings (improvements = 0.1, 0.2 and
0.3). The full sets of estimated SMA trigger thresholds are presented in the supplementary
materials (Fig. S5.4 and S5.5). The event-matching framework revealed clear spatial
patterns in SMA trigger thresholds across varying Fs-score improvements and associated VD

severity levels. Both F4- and Fz-based thresholds exhibited a pronounced coastal-inland
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gradient in trigger values, with eastern regions characterised by pastures requiring more
severe soil moisture stress (depicted in darker red) to trigger unfavourable vegetation
conditions. Regions associated with dryland cropping tend to exhibit less negative SMA
trigger thresholds, corresponding to lighter colouration and indicating sensitivity to relatively
modest soil moisture deficits. As VD conditions intensified from -0.5 SD to -2.5 SD, pixel
colouration intensified correspondingly, reflecting the increased soil moisture deficit severity
required for triggering more severe VD events. This relationship was particularly pronounced

under severe VD conditions (-2.0 to -2.5 SD) in eastern forested regions.

Statistical results indicated that SMA trigger thresholds derived from the F;-score were
consistently lower (i.e., more negative) than those based on the F,-score (Table 5.3). Across
both scoring methods, increasing the improvement criterion from 0.1 to 0.3 produced a
systematic shift toward more negative trigger values. This stricter threshold also reduced the
spatial coverage of identified SMA triggers, with the most pronounced reductions observed in

southern and inland grazing regions.

Table 5.3. Summary of event-matching estimated sets of SMA trigger threshold value for
varying vegetation deterioration risks.

VD risk category EM-f1-0.1 EM-f1-0.2 EM-f1-0.3 EM-f2-0.1 EM-f2-0.2 EM-f2-0.3

0.8 0.8 0.8 0.6 0.6 0.6
VD; [-1.0,-0.5] [-1.0,-0.6] [-0.9,-0.6] [-0.8,-0.3] [-0.8,-0.4] [-0.8,-0.4]
1.1 1.2 1.2 0.9 0.9 1.0
VD, [-1.3,-0.9] [-1.3,-0.9] [-1.3,-1.0] [-1.1,-0.7] [-1.1,-0.7] [-1.1,-0.8]
1.4 15 15 1.2 1.3 1.3
VD3 [-1.6,-1.2] [-1.6,-1.3] [-16,-1.3] [-15,-1.0] [-1.5, -1.1] [-1.5 -1.1]
17 1.8 1.8 15 1.6 1.6
VD4 [1.9,-1.4] [-1.9,-15] [-2.0,-1.5] [-1.8,-1.3] [-1.8,-1.4] [-1.8,-1.4]
2.0 2.0 2.1 1.8 1.9 1.9
VDs [-2.3,-1.6] [2.3,-1.7] [2.3,-1.7] [-2.1,-1.5] [-2.2,-1.6] [-2.2,-1.6]

Notes. The values of SMA trigger are presented as mean value (SD) with interquartile range
[25" percentile, 75" percentile]

The event-matching framework produced consistent median Lead times across both Fs-score
series and improvement criteria. ldentified Lead times progressively increased with VD

severity. These forecast horizons ranged from 0 days for mild deterioration (VD+) to 32 days
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for exceptional conditions (VDs), with intermediate lead times of 8 days, 16 days, and 24
days observed for VD,, VD3, and VD4 respectively (Table S5.1). Lead times consistently
increase with VD severity, indicating greater potential early warning horizons for more severe

vegetation deterioration events.

5.4.5. Capability in predicting vegetation deterioration (VD) severity categories

5.4.5.1 Performance across VD severity categories

Figure 5.6 summarises the predictive performance of copula-based and event-matching
approaches across VD severity categories at both 8-day and monthly temporal resolutions.
Figure 5.6a shows Hit Rates, while Fig. 5.6b presents the corresponding False Alarm Rates
(FAR), enabling direct assessment of recall-specificity trade-offs across modelling
approaches. Across all approaches, no-deterioration conditions (VDy) are consistently well
predicted, with high Hit Rates (0.82—0.94) and relatively low FARs. Predictive skill declines
sharply for mild deterioration categories (VD,—VD,) across all approaches. In these
categories, differences between copula-based and event-matching approaches remain
modest, while the persistence benchmark (PERS) achieves higher Hit Rates but at the cost

of substantially elevated FARs.

Clear divergence emerges for severe deterioration categories (VD3;—VDs). As shown in Fig.
5.6a, EM-based approaches achieve markedly higher Hit Rates than copula-based
thresholds at both temporal resolutions, with further improvement under monthly aggregation.
However, Fig. 5.6b indicates that this improved recall is accompanied by increased FARs,
particularly for EM-based strategies. In contrast, copula-based approaches remain highly
conservative, exhibiting very low FARs but correspondingly poor recall for severe VD events.
Temporal aggregation from 8-day to monthly resolution modestly improves hit rates and
reduces FAR, particularly for EM-based models. Together, these results highlight a
fundamental trade-off between conservative detection and effective identification of severe

vegetation deterioration.
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Fig. 5.6. Predictive performance across vegetation deterioration (VD) severity groups for
copula-based, event-matching (EM)-based, and persistence (PERS) approaches at (a) 8-
day and (b) monthly temporal resolutions. Panel (a) shows Hit Rates and panel (b) shows
False Alarm Rates (FAR), aggregated for VD, (no deterioration), VD;-VD, (mild
deterioration), and VDs—VDs (severe deterioration) groups. For copula-based and EM-based
approaches, values represent approach-level averages across multiple SMA trigger sets,
based on overall performance statistics reported in Tables S5.2 and S5.3.

5.4.5.2 Optimal performance requirements

To support the design of an effective early warning system (EWS) for drought-induced
vegetation deterioration, this study defines optimal performance requirements that account
for the ordinal structure of impact severity and their relative importance. The primary
objective centres on achieving high detection accuracy for severe events whilst maintaining
minimal false alarms for low-risk conditions. Based on these considerations, | establish the
following key requirements for optimal predictive performance (with reference to the “perfect

score” benchmarks defined in Table 5.2):

1. High hit rate for severe deterioration events (VD3-VDs) — aiming toward a perfect
score of 1.0
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2. Minimal underestimation in VD4-VDs categories and adjacent prediction ratio (APR)
ideally approach 100% for any misclassified among high-risk events.

3. Low false alarm rate (FAR) in VD+-VD: predictions, accepting moderate hit rate
reduction.

4. Minimal overestimation in the VDo-VD, range and APR ideally at or near 100% for
frequent, low-risk scenarios.

5. High total APR across all severity levels — with a reference target of 100%.

Table 5.4 presents the assessment of optimal performance requirements across model
configurations at the 8-day temporal scale. Overall, none of the candidate models satisfies all
five requirements simultaneously, highlighting the difficulty of achieving balanced predictive
performance across VD severity levels. Among the EM-based configurations, EM-f2-0.1
satisfies two of the five requirements, demonstrating relatively strong performance in severe
event prediction (hit rates: VD3=0.16, VD4=0.17, VDs=0.25) and reduced underestimation for
high-risk scenarios (APR: VD4=72%, VDs=75%). The copula-based models (Copula-cp40 to
cp70) share the same fitted copula types but differ by conditional probability decision criteria.
Copula-cp50 exhibits comparatively lower false alarm rates in low-to-moderate categories
(FAR: VD4=0.71, VD»=0.7), while Copula-cp70 shows minimal overestimation in low-risk
scenarios (overestimation: VDo=1%, VD1.2=0%). In terms of overall classification consistency,
Copula-cp40 achieves the highest total adjacent prediction ratio (APR = 43%) among the

copula-based configurations.

The temporal aggregation from 8-day scale (Table S5.2) to monthly scale (Table S5.3)
demonstrates notable variation in predictive performance. For frequent but slight
deterioration (VD1-2), monthly aggregated predictions show enhanced capability with hit rates
improving from 0.33 to 0.46 for VD4 in Copula-cp40, while maintaining similar false alarm
rates. The event-matching (EM) models exhibit notably robust performance at the monthly
scale for severe deterioration prediction (VDss), with EM-f2-0.1 achieving hit rates of 0.29,
0.34, and 0.58 for VD3, VD4, and VDs respectively, compared to 0.16, 0.17, and 0.25 at the 8-
day scale. This enhancement is particularly evident in extreme vegetation deterioration
predictions (VDa.5), where the monthly scale reduces underestimation errors. However, this
improvement comes with a trade-off in overestimation, which increases from 15% to 24% in
the overall performance for EM-f2-0.1. These findings suggest that monthly maximum
aggregation may be advantageous for warning of sustained severe vegetation stress, despite

the trade-off in temporal resolution.
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Table 5.4. Performance requirements for vegetation deterioration (VD) predictability and
best-performing SMA trigger threshold sets at 8-day temporal scale.

Best-performance Requirements  Best set of SMA trigger  Best Perfect
thresholds performance score
metrics
1: High hit rate for severe EM-f2-0.1 VD3s: 0.16, 1.0
deterioration (VD3-VDs) VDa: 0.17,
VDs: 0.25
2: Minimal underestimation in EM-f2-0.1 VDa4: 72% (26%), 0%
VD.-VDs with high APR (100%)

VDs: 75% (7%)

3: Low FAR in VD+-VD> Copula-cp50 VD+: 0.71 0.0
predictions

VD,: 0.7
4: Minimal overestimation in VDo- Copula-cp70 VDo: 1% (93%) 0%
VD with high APR (100%)

VD1: 0% (100%)

VD2: 0% (10%)

5: High total APR Copula-cp40 Overall: 43% 100%

Note: Values in parentheses denote the complementary misclassification metric associated with the
primary performance indicator (e.g. underestimation or adjacent prediction ratio, APR).

5.4.6. Enhanced VD prediction through model integration: Case study

All results presented up to this point are derived from the leave-one-year-out cross-validation
(LOOCV) framework described in Section 5.3.4. Building on these validated results, this
subsection examines the practical performance of the integrated modelling strategy using

representative case studies.

The model integration strategy outlined in Section 5.3.4 was implemented to optimise VD

prediction across agricultural systems under the LOOCV framework. The optimised

127



3035
3036
3037
3038
3039
3040
3041

3042

3043
3044
3045

3046

3047
3048
3049
3050
3051
3052
3053

3054
3055

configuration utilised Copula-cp40 SMA trigger thresholds for lower-severity VD categories
(VD1-2) and EM-f2-0.1 trigger threshold set for higher-severity VD categories (VDs-5), enabling
improved representation of both mild and severe vegetation deterioration at 8-day and
monthly temporal scales. Fig. 5.7 shows the spatial distribution of key agricultural land-use
types and identifies the three case study regions used to evaluate the integrated predictive
framework. For each region, long-term seasonal VD patterns over 2001-2022 are presented
in Fig. S5.6.
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Fig. 5.7. Spatial distribution of major agricultural land use types in southeastern Australia,
with case study regions outlined in red: dryland cropping (Dcp), grazing modified pasture
(Gmp), and grazing native vegetation (Gnv).

Southeastern Australia experienced one of the most severe droughts on record during 2002-
2003 (van Djik, 2013). | examine the year 2002 as the primary case study (Fig. 5.8), focusing
on dryland cropping (Dcp) regions where this rapidly developing drought caused substantial
agricultural losses (ABARES, 2020). Additional case studies covering grazing modified
pasture (Gmp, 2008), grazing native vegetation (Gnv, 2018), and non-drought years are
presented in the supplementary appendix (Fig. S5.7 to Fig. S5.9). These selected subregions

comprise approximately 95% single land use classification pixels.

Fig 5.8 compares monthly-scale VD predictions from the event-matching model (EM-f2-0.1),
the copula-based model (Copula-cp40) and the integrated framework against benchmark
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predictions and observed VD conditions. For the 2002 growing season, the integrated model
demonstrates improved predictive capability in dryland cropping systems, despite a limited
lead time of 0—1 month. In particular, the integrated framework shows closer agreement with
observations (Fig. 5.8b), capturing both the temporal progression of vegetation stress from
May to September (left panel) and the spatial distribution of VD severity categories (right
panel). It successfully predicts that moderate to severe deterioration (VD3—VDs) affects
approximately 60% of the study area, while limiting overprediction of mild deterioration (VD1—
VDy).

In contrast, predictive performance for grazing systems is substantially weaker. Both grazing
on modified pasture (Gmp) and grazing on native vegetation (Gnv) exhibit lower hit rates for
severe VD categories and less consistent temporal evolution compared with cropping
systems, under the same integrated framework. These results are documented in the
supplementary case studies (Figs. S5.7-S5.9) and indicate that the benefits of model
integration are land-use dependent. Overall, the cropping case study illustrates the potential
of the integrated approach to enhance drought-induced vegetation deterioration prediction
using root-zone soil moisture at large spatial scales, while highlighting its more limited

performance in grazing systems.
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Fig.5.8. Comparison of vegetation deterioration (VD) predictions from different models for the
dryland cropping (Dcp) region during the 2002 drought. Left panels show the monthly
progression of the area (%) affected by each VD category (VD-VDs) during the growing
season (May-October). Right panels summarise the average area affected (%) by severity
category over the growing season. Results are presented for: (a) observed conditions, (b) the
integrated prediction model, (c) the Copula-cp40 model, (d) the EM-f2-0.1 model, and (e) the
persistence prediction (PERS) benchmark.
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5.5. Discussion

5.5.1. Event-matching based predictive capabilities across land cover types

This section synthesises and expands upon the methodological uncertainties previously
discussed in Chapters 3 and 4, with a focus on how they affect the predictive framework
developed in this chapter. While many limitations stem from data characteristics and
modelling assumptions, | also identify several areas where further refinement is needed to

enhance operational applicability.

The analysis shows that predictive skill under the event-matching framework is maximised
when SMA and VIA thresholds are closely aligned. This pattern is consistent with results
obtained using in-situ soil moisture observations in the United States (Chapter 4; Y. Li et al,,
2023), suggesting that threshold alignment represents a robust empirical condition for
identifying drought-related vegetation impacts across contrasting data sources. The
variability in threshold pattern (Fig 5.5) indicates a non-linear sensitivity of predictive skill to
paired SMA and VIA thresholds, consistent with previous studies reporting non-linear
vegetation responses to increasing drought stress (Skelton et al., 2015; Vicente-Serrano et
al., 2013).

Across southeastern Australia, SMA ftrigger thresholds derived from the event-matching
framework vary substantially by land-cover type and VD severity (Fig. S5.4 and Fig. S5.5).
This variability indicates that the level of antecedent soil moisture deficit required to precede
vegetation deterioration is not uniform across ecosystems. Agricultural land uses exhibit
stronger predictive performance than natural vegetation, especially for moderate to severe
VD categories (VDs—VDs). The event-matching—based models achieve higher hit rates in
cropping and pasture systems than in forested landscapes, reflecting clearer and more

temporally coherent vegetation responses to soil moisture deficits in managed systems.

Differences among pasture types are also evident. Model performance is generally stronger
for grazing on modified pasture than for grazing on native vegetation, particularly in sub-
humid regions. This contrast suggests that vegetation structure and management practices
influence the detectability of drought signals in vegetation indices, consistent with findings
from previous regional and global studies (X. Li et al., 2023; Guo et al., 2023; Kannenberg et
al., 2022; Olson et al., 2018).

The event-matching framework identifies lead times ranging from 0 to 56 days across the
study region, with median lead times progressively increasing with VD severity (from 0 days

for VD1 to 32 days for VDs). This pattern broadly agrees with lead times of 16—48 days
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reported for in-situ soil moisture—based analyses in the United States (Chapter 4). In contrast,
the copula-based approach (Chapter 3) identified consistent lead times across all VD
conditions within each pixel, with the temporal scope mainly ranging from 16 to 48 days over
the study region. These temporal patterns correspond with global dryland vegetation
analyses (Chen et al., 2014; Liu et al., 2023; Tian et al., 2019), indicating shorter response
times for shallow-rooted biomes (<1 month) compared to deep-rooted systems (1-2 months).
Forest ecosystems present a notable paradox, exhibiting the longest lead times yet limited
forecast potential—attributable to their access to deeper soil moisture reserves and complex

drought response mechanisms.

5.5.2. Merits and limitations of the integrated predictive models

The integration of land surface model-simulated soil moisture anomalies (SMA) with satellite-
derived vegetation index anomalies (VIA) represents a substantive step forward in
forecasting vegetation conditions under drought stress. Although none of the proposed
models (the event-matching models, the copula-based models, nor the integrated framework)
consistently outperforms the persistence (PERS) benchmark across all vegetation
deterioration (VD) categories, each demonstrates distinct strengths in capturing different
levels of vegetation stress. Importantly, PERS serves here solely as a diagnostic benchmark
rather than a viable early warning system, as it does not provide advance warning of drought
impacts and con only indicate persistence once vegetation deterioration has already
occurred. The performance of the proposed models should therefore be interpreted in light of
their capacity to provide anticipatory information, despite the inherent complexity and
uncertainty of soil moisture-vegetation interactions, which contracts with the vegetation
memory and autocorrelation effects leveraged by PERS. The relatively strong performance
of the persistence benchmark is consistent with prior studies using single-variable
autoregressive models, such as linear regression (Zambrano et al., 2018), Gaussian process
regression (Barrett et al.,, 2020), and Bayesian autoregression (Salakpi et al., 2022), which
exploit the temporal continuity of vegetation indices for short-term forecasting. In contrast,
the proposed methods rely on lagged relationships between hydrological and vegetation
indicators, which are often weaker and more uncertain. Rather than viewing this as a
limitation, it underscores a valid trade-off: while persistence offers competitive baseline
accuracy, it is structurally constrained and cannot integrate external hydro-meteorological

forecasts or differentiate among categorical risk levels.

The integration of multiple prediction methodologies has emerged as a promising approach

to enhance predictive capacity by exploiting complementary strengths across different
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modelling paradigms (Hao et al, 2016). Previous studies have shown that improved
forecasting performance can arise either from combining multiple information sources or from
applying multiple modelling strategies to the same predictor to better characterise uncertainty
and regime-dependent behaviour (Coelho et al., 2006; Doblas-Reyes et al., 2013). In this
study, model integration is achieved through the latter approach. A single information source
(i.e., SMA) is used throughout, while distinct modelling frameworks are applied to extract
complementary predictive signals. The copula-based methodology demonstrates greater
efficacy in identifying non- to low-risk conditions by emphasising statistical dependence and
distributional characteristics, while the EM-based approach provides improved detection of
severe deterioration by focusing on specific VD events. The integrated framework therefore
combines methodological, rather than informational, diversity to balance predictive

performance across VD severity categories.

From a risk management perspective, the category-specific optimisation approach ensures
the integrated framework maintains appropriate sensitivity across the full spectrum of
vegetation deterioration conditions, effectively reducing false alarms in detecting mild
vegetation stress while minimising missed detections of severe deterioration events.
Underestimation poses greater risks by potentially missing warnings for severe vegetation
decline. On the other hand, overestimation, leading to unnecessary alerts, provides a more
conservative management approach for the potential heavy economic loss. My category-
specific optimisation strategy ensures appropriate sensitivity across the spectrum of
vegetation deterioration conditions while reducing false alarms for mild stress and minimising

missed detections of severe events.

The multi-categorical prediction framework offers substantial utility for drought early warning
systems (DEWS) by establishing hierarchical warning triggers, defining threshold levels that
signal escalating risk and inform preparedness or mitigation actions (WMO 2015; Van Loon
et al., 2023). The pixel-wise spatial predictions enable the transformation of localised warning
signals into regionalised risk assessments by quantifying the areal extent with varying
severity categories. This spatial aggregation methodology proffers essential decision support
for state and federal drought policy implementation and resource allocation. Through the
integration of regionalised risk forecasts with economic indicators, the methodology enables
detailed analytical insights into potential agricultural and economic impacts across affected
regions. The operational value of these predictions warrants further assessment through
measurable economic and strategic benefits realised by stakeholders, as conceptualised in

Murphy's (1993) framework for forecast evaluation.
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5.5.3. Future study directions

5.5.3.1 Evaluating the added predictive value of soil moisture

A key question emerging from these findings is whether, given the strong temporal
autocorrelation in vegetation indices, soil moisture provides any additional predictive skill for
vegetation condition. While the persistence benchmark performs strongly in short-term
forecasting, it offers no insight into the external drivers of change. In contrast, root-zone soil
moisture captures hydrological stress accumulation and can, in principle, provide early
warning of vegetation deterioration before it becomes visible in NDVI anomalies. This
distinction may be particularly relevant for anticipating turning points in vegetation trajectories,
such as the onset of decline following sustained moisture deficits, or for extending forecast

lead times beyond the memory range of vegetation itself.

Future research could explore hybrid models that explicitly combine VD persistence with soil
moisture anomalies to test whether integrated signals improve predictive skill, particularly for
transitions between risk categories. Techniques such as residual skill analysis or mutual
information decomposition could help quantify the marginal contribution of soil moisture
predictors, after accounting for autocorrelation in VD short-term memories. Answering this
question is not only methodologically important but also critical for understanding the value of

hydro-meteorological forecasts in operational vegetation impact prediction.

5.5.3.2. Extension of lead time through integrating hydrological forecasts

The predictive capability demonstrated in this study achieves lead times of 2-6 weeks for
cropping and grazing land use areas, which provides limited scope for implementing
comprehensive drought mitigation strategies. This relatively short prediction window primarily
reflects the "propagation time" between soil moisture deficits and vegetation response, as the
analysis utilises near-real-time soil moisture estimates rather forecast products with

additional lead time.

There is considerable potential to extend these lead times by incorporating skilled hydro-
climatological forecasts extending to seasonal timescales. For example, the Australian Water
Outlook's seasonal ensemble soil moisture hindcasts demonstrate skill of up to three months
ahead (Vogel et al., 2021), suggesting the feasibility of integrating longer-range signals into
vegetation impact prediction frameworks. Such extensions could enhance anticipatory

capabilities beyond the temporal scope achievable with current observational inputs. .
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While this hydro-climatological pathway offers advantages in terms of foresight, the strong
performance of persistence-based VD predictions observed in this study suggests that future
frameworks should consider incorporating VD persistence components. Persistence captures
valuable memory effects in vegetation dynamics, particularly at short lead times, and may
serve as a complementary input to the uncertainty-prone nature of forecast-based
information. The development of hybrid models that integrate both memory-driven continuity
and forward-looking hydro-meteorological anomalies has the potential to produce more
robust and balanced predictions. However, such approaches will also need to address the
challenges posed by limited sample sizes, especially when modelling extreme events across

multiple lead times and land use types.

5.5.3.3. Enhancement of model integration techniques

My current integrated framework demonstrates the complementary strengths of EM-based
and copula-based approaches. However, several methodological refinements could further
optimise prediction capability. The framework would benefit from exploring more nuanced F-
score improvement requirements, particularly in the range of 0.02-0.12 at 0.02 intervals, so

as to better balance sensitivity and specificity in drought vegetation impact detection.

The varying false alarm and missing event trade-offs suggest potential for targeted
optimisation within specific key subregions, even under the same land use classification. For
example, the dryland cropping areas in northeastern New South Wales and western Victoria
exhibit distinct performance metric characteristics, despite sharing the same broad land use
category. These regional variations indicate opportunities for developing tailored optimisation
model settings that account for dominant vegetation species and local climate patterns.
Furthermore, implementing more sophisticated assessment techniques, including cross-
validation strategies across multiple drought episodes and incorporating economic impact

metrics, would enhance the statistical robustness of drought prediction capabilities.

5.6. Conclusions

This study has evaluated the predictive capability of model-simulated root-zone soil moisture
for anticipating vegetation drought impacts across southeastern Australia. Three modelling
strategies were compared: the threshold-based event-matching (EM) framework, the copula-
based probabilistic model, and an integrated EM-copula approach for predicting vegetation
deterioration (VD) risks across multiple severity levels. The main findings are summarised as

follows:
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* The integrated approach improved overall prediction skill by combining the strengths
of its components. The copula-based approach excelled in detecting mild vegetation
deterioration stress (VD1.2) with lower false alarm rates. The EM method provided
more balanced predictions for severe deterioration risks (VDss), achieving hit rates
between 0.25 and 0.58 for extreme categories whilst maintaining acceptable adjacent

category accuracy.

« Agricultural lands showed higher predictive capability compared to non-agricultural
regions, with lead times varying systematically by vegetation type. Prediction
windows ranged from 0-32 days in agricultural areas to 16-56 days in forested
regions, reflecting the influence of vegetation rooting depth and local climate patterns
on drought response timing. Grazing modified pastures exhibited particular sensitivity
to soil moisture deficits, whereas forest ecosystems showed longer but less

predictable response patterns.

« Stricter SMA trigger selection criteria led to substantially more conservative VD
predictions. In the copula-based framework, increasing the exceedance probability
threshold from 40% to 70% reduced false alarms but decreased the spatial coverage
of valid triggers by more than 20%. Similarly, in the event-matching framework,
raising the F-score improvement criterion from 0.1 to 0.3 reduced trigger coverage by
up to one third, quantifying a clear trade-off between predictive conservatism and

geographic applicability.

+ Temporal aggregation from 8-day to monthly scales significantly improved predictive
performance. Hit rates for severe deterioration increased from 0.16 to 0.29, with
reduced underestimation errors and stable adjacent prediction ratios. Monthly-scale
aggregation enhanced detection of sustained vegetation stress by filtering short-term

variability, although this comes at the cost of finer temporal resolution.

While the integrated and component models demonstrated context-specific strengths, none
consistently outperformed the persistence benchmark. This highlights the strong temporal
autocorrelation in vegetation index anomalies (VIA), which supports the effectiveness of
persistence-based approaches in short-term forecasting. Rather than viewing this as a
limitation, future research should consider incorporating vegetation condition persistence as
a predictor within the modelling framework. Such hybrid approaches, combining memory-
based signals with hydro-meteorological drivers, may offer enhanced skill in anticipating the

onset, persistence, and recovery of vegetation stress under drought.
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Appendix A

Appendix Text A1.

To demonstrate my verification metrics framework, | present a detailed computational
analysis using the severe vegetation deterioration category (VDs) as extracted from the multi-
category contingency table. This analysis specifically examines the prediction outcomes from
the EM-f2-0.1 set of Soil Moisture Anomaly (SMA) trigger thresholds (Figure S1). The

verification metrics are calculated as follows:

1. Hit Rate (Probability of Detection)

* hits = 58,359 (diagonal element)
* misses = 163,401 + 29,046 + 48,994 + 33,576 + 20,327 = 295,344 (sum of off-

diagonal row elements)

Hit Rate = hits / (hits + misses) =58,359 / (58,359 + 295,344) = 0.16

2. False Alarm Ratio

» false alarms = 181,373 + 97,825 + 97,886 + 12,978 + 3,911 = 393,973 (sum of off-

diagonal column elements)

FAR = false alarms / (hits + false alarms) = 393,973 / (58,359 + 393,973) = 0.87

3. Underestimation Ratio

* Underestimated events = 163,401 + 29,046 + 48,994 = 241,441 (sum of row
elements where predicted VD categories < true category VD3)

* Total observations in VD 3 = 353,703 (sum of row elements of true category 3)

Underestimation ratio = 241,441 / 353,703 x 100% = 68%

4. Overestimation Ratio

* Overestimated events = 33,576 + 20,327 = 53,903 (sum of row elements where

predicted VD categories > true category VD3)

Overestimation ratio = 53,903 / 353,703 x 100% = 15%
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5. Adjacent Prediction Ratio

* Adjacent predictions = 48,994 + 33,576 = 82,570 (Predicted VD category in true
category of VD2 and VD4)

* Total misclassifications = 295,344 (all non-diagonal elements in row VD3)

APR = (82,570 /295,344) x 100% = 28%

Contingency Table (Raw Counts)
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Fig. T1A1. Multi-category contingency table illustrating the distribution of predicted versus
observed (true) categorical vegetation deterioration (VD) events. The matrix displays raw
counts of classification outcomes across six VD categories (0-5). Diagonal elements
(highlighted with boxes) represent correct predictions, whilst off-diagonal elements indicate
misclassification frequencies. The colour gradient from light to dark purple corresponds to
increasing frequency counts, with the scale indicating values in millions (x10°).
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Supplementary Information for Chapter 5

Sl Figures
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Fig. S5.1. Spatial distribution of (a) Climate zones classified according to the Képpen-Geiger
system (Beck et al., 2018), and (b) land use types. Panels (c) and (e) map the skewness of
Root Zone Soil Moisture (RZSM) and Normalized Difference Vegetation Index (NDVI),
respectively, from 2001 to 2022. Box plots (d) and (f) display the distribution of skewness for
RZSM and NDVI across different land use categories. Areas depicted as blank grids
represent aquatic bodies.
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Fig. S5.2. Percent stacked bar chart shows the prevalence of various land use types within
arid, semi-arid, and temperate climates across the study area. The number of grids sampled
for each climate zone is denoted by the ‘n’ value above the respective bars. In summary,
grazing native pastures are primarily situated in arid zones, dryland cropping dominates
semi-arid regions, and modified pastures are the main land use in temperate climates.
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Fig. S5.3. Quantified Lead times (top row) and Lead time differences (bottom row) in Fg-
score for each combination of vegetation index anomaly (VIA) and soil moisture anomaly
(SMA) thresholds, relative to a bootstrapped random baseline. Results are summarised by
land use types: overall, agricultural and non-agricultural. For baseline generation
methodology, see Section 5.3.1.3.
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Trigger threshold values of SMA

Fig. S5.4. Spatial distribution of soil moisture anomaly (SMA) trigger thresholds for different
vegetation deterioration (VD) categories, identified using F;-score improvements above (a)
0.1, (b) 0.2, and (c) 0.3. Each row (a—c) shows SMA trigger thresholds corresponding to
increasing VD severity levels: mild (VIA < -0.5 SD), moderate (VIA < -1.0 SD), severe (VIA <
-1.5 SD), extreme (VIA = -2.0 SD), and exceptional (VIA <-2.5 SD).
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Fig. S5.5. same for fig. S5.4 but for Fo-score improvements.

Trigger threshold values of SMA
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Fig. S5.6. Temporal patterns of vegetation deterioration across three key agricultural
subregions during 2001-2022. The stacked area plots represent the area under vegetation
deterioration condition (VD+-VDs categories) during each growing season of 2001-2022 for (a)
dryland cropping region, (b) grazing modified pasture, and (c) grazing native vegetation. The
severity of vegetation deterioration increases from VD4 (mild, yellow) to VDs (exceptional,
dark red), with the total height indicating the cumulative affected area as a percentage of
each subregion.
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Fig. S5.7. Same as Fig. 5.8, but for the grazing modified pasture (Gmp) case study region
during the 2008 drought year.
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3365  Fig. S5.8. Same as Fig. 5.8, but for the grazing native vegetation (Gnv) case study region
3366  during the 2018 drought year.
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3369  Fig. S5.9. Same as Fig. 5.8, but for the grazing native vegetation (Gnv) case study region
3370  during the 2022 non-drought year.

3371

147



3372 Supplementary Tables

3373  Table S5.1. Median Lead time (days) of vegetation deterioration (VD) risk prediction using
3374  multiple estimated SMA trigger sets.

VD risk category EM-f1-0.1 EM-f1-0.2 EM-f1-0.3 EM-f2-0.1 EM-f2-0.2 EM-f2-0.3

VD 0 0 0 0 0 0
VD> 8 8 8 8 8 8
VD3 16 16 16 16 16 16
VD4 24 24 24 24 24 24
VDs 32 32 40 32 32 32

3375

3376  Table S5.2. Summary statistics of prediction performance metrics for each SMA sets at an 8-
3377  day temporal scale.

VD Under- Over-

SMA sets . o o
Hit rate FAR estimation estimation APR (%)

name ,

Severity (%) (%)

0 0.87 0.22 0 13 88

1 0.33 0.73 60 7 99

2 0.14 0.71 85 1 44
Copula-cp40 3 0.02 0.74 97 1 21

4 0.02 0.79 98 0

5 0.01 0.84 99 0

overall 0.23 0.67 73 4 43

0 0.94 0.25 0 6 91

1 0.21 0.71 77 3 100

2 0.06 0.7 94 1 30
Copula-cp50 3 0.01 0.73 98 0 11

4 0.01 0.78 99 0 3

5 0 0.86 100 0 1

overall 0.21 0.67 78 2 39

0 0.97 0.28 0 3 93

1 0.11 0.72 88 1 100
Copula-cp60

2 0.02 0.72 98 0 19

3 0.01 0.71 99 0 5
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4 0.01 0.77 99 0 2
5 0 0.89 100 0 1
overall 0.19 0.68 81 1 37
0 0.99 0.29 0 1 93
1 0.05 0.75 95 0 100
2 0.01 0.75 99 0 10
Copula-cp70 3 0.01 0.69 99 0 2
4 0 0.74 99 0 1
5 0 0.89 100 0 0
overall 0.18 0.69 82 0 34
0 0.86 0.24 0 14 49
1 0.15 0.74 68 17 92
2 0.15 0.77 72 13 25
EM-f1-0.1 3 0.13 0.84 77 10 23
4 0.14 0.89 79 7 20
5 0.21 0.86 79 0 5
overall 0.27 0.72 63 10 36
0 0.91 0.26 0 9 49
1 0.11 0.72 76 13 94
2 0.13 0.74 77 10 19
EM-f1-0.2 3 0.12 0.81 80 8 20
4 0.12 0.87 82 6 17
5 0.18 0.81 82 0 4
overall 0.26 0.7 66 8 34
0 0.96 0.28 0 4 34
1 0.04 0.71 88 8 96
2 0.08 0.72 84 8 10
EM-f1-0.3 3 0.1 0.78 83 7 14
4 0.11 0.85 84 5 15
5 0.16 0.76 84 0 4
overall 0.24 0.68 71 5 29
0 0.81 0.23 0 19 39
1 0.14 0.76 60 26 86
EM-f2-0.1 2 0.18 0.8 63 20 28
3 0.16 0.87 68 15 28
4 0.17 0.92 72 10 26
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3378

3379

3380

3381

3382

3383

3384

5 0.25 0.9 75 0 7
overall 0.29 0.75 56 15 36
0 0.87 0.25 0 13 38
1 0.1 0.74 69 21 90
2 0.15 0.78 68 17 21
EM-f2-0.2 3 0.15 0.85 72 13 24
4 0.16 0.9 75 9 23
5 0.22 0.87 78 0 6
overall 0.28 0.73 60 12 34
0 0.95 0.27 0 5 23
1 0.03 0.73 84 13 93
2 0.09 0.75 78 13 11
EM-f2-0.3 3 0.13 0.82 76 11 17
4 0.14 0.88 78 8 19
5 0.19 0.84 81 0 5
overall 0.26 0.72 66 8 28
0 0.88 0.12 0 12 73
1 0.45 0.58 38 17 94
2 0.41 0.57 47 12 65
PERS 3 0.33 0.62 58 9 55
4 0.29 0.66 63 8 44
5 0.52 0.39 48 0 27
overall 0.48 0.49 42 10 60
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3385
3386

Table S5.3. Summary statistics of prediction performance metrics for each SMA sets at a

monthly aggregated temporal scale.

VD Under- Over-

SMA sets
Hit rate FAR estimation estimation APR (%)

name Severity (%) (%)

0 0.75 0.26 0 25 86

1 0.46 0.72 42 13 99

2 0.22 0.69 76 1 61
Copula-cp40 3 0.04 0.72 95 1 33

4 0.03 0.73 96 1

5 0.03 0.7 97 0 5

overall 0.25 0.64 68 7 49

0 0.87 0.32 0 13 92

1 0.33 0.72 62 5 100

2 0.09 0.7 90 1 45
Copula-cp50 3 0.02 0.71 97 1 18

4 0.02 0.72 98 1 5

5 0.02 0.7 98 0 3

overall 0.23 0.64 74 3 44

0 0.94 0.36 0 6 94

1 0.19 0.73 79 1 100

2 0.03 0.73 96 1 30
Copula-cp60 3 0.01 0.7 98 1

4 0.01 0.7 98 0

5 0.01 0.72 99 0

overall 0.2 0.66 79 1 40

0 0.98 0.39 0 2 94

1 0.09 0.76 91 0 100

2 0.01 0.77 99 0 16
Copula-cp70 3 0.01 0.69 99 0 3

4 0.01 0.65 99 0 2

5 0.01 0.77 99 0 2

overall 0.18 0.67 81 1 36

0 0.77 0.26 0 23 51
EM-f1-0.1 1 0.23 0.71 48 29 84

2 0.25 0.71 53 22 43
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3 0.24 0.77 59 17 41
4 0.28 0.81 61 11 38
5 0.52 0.77 48 0 18
overall 0.38 0.67 45 17 46
0 0.84 0.3 0 16 49
1 0.18 0.7 60 23 88
2 0.22 0.69 60 18 34
EM-f1-0.2 3 0.23 0.74 63 14 36
4 0.26 0.79 64 9 35
5 0.48 0.74 52 0 18
overall 0.37 0.66 50 13 43
0 0.93 0.35 0 7 33
1 0.06 0.69 79 15 92
2 0.14 0.67 72 14 17
EM-f1-0.3 3 0.2 0.72 69 11 25
4 0.24 0.77 68 29
5 0.43 0.7 57 17
overall 0.33 0.65 58 36
0 0.69 0.24 0 31 42
1 0.21 0.73 38 42 75
2 0.28 0.75 41 32 47
EM-f2-0.1 3 0.29 0.81 47 24 48
4 0.34 0.85 51 15 48
5 0.58 0.81 42 0 24
overall 0.4 0.7 37 24 47
0 0.77 0.28 0 23 38
1 0.15 0.72 50 35 80
2 0.24 0.73 48 28 37
EM-f2-0.2 3 0.28 0.79 51 21 42
4 0.33 0.83 54 13 45
5 0.56 0.79 44 0 24
overall 0.39 0.69 41 20 44
0 0.89 0.34 0 11 22
EM.£2-0.3 1 0.04 0.71 73 23 87
2 0.14 0.71 63 23 19
3 0.24 0.77 58 18 30

152




3387

3388
3389

3390
3391

4 0.31 0.82 58 12 38
5 0.53 0.77 47 0 22
overall 0.36 0.68 50 14 36
0 0.84 0.14 0 16 71
1 0.52 0.53 29 18 93
2 0.51 0.5 38 11 71
PERS 3 0.45 0.5 46 8 62
4 0.43 0.5 51 5 50
5 0.48 0.39 52 0 31
overall 0.54 0.43 36 10 63

Table S5.4. Performance requirements for vegetation deterioration (VD) predictability and
best-performing SMA trigger threshold sets at monthly aggregated temporal scale.

Best-performance Requirements  Best set of SMA trigger  Best score from  Perfect
thresholds the model score
1: High hit rate for severe EM-f2-0.1 VDs: 0.29, 1.0
deterioration (VD3-VDs)
VD.: 0.34,
VDs: 0.58
2: Minimal underestimation in EM-f2-0.1 VDas: 51% (48%), 0%
VDs-VDs with high APR (100%)
VDs: 42% (24%)
3: Low FAR in VD+-VD> EM-f1-0.3 VD+: 0.69 0.0
predictions
VD,: 0.67
4: Minimal overestimation in VDo- Copula-cp70 VDo: 2% (94%) 0%
VD, with high APR (100%)
VD+: 0% (100%)
VD2: 0% (16%)
5: High total APR Copula-cp40 Overall: 49% 100%

Note: Values in parentheses denote the complementary misclassification metric associated with the
primary performance indicator (e.g. underestimation or adjacent prediction ratio, APR).
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Chapter 6

Probabilistic early warning of drought-induced vegetation deterioration
risks: using seasonal soil moisture forecasts for agricultural regions of
southeastern Australia

Abstract

Proactive and effective drought risk management in agricultural regions requires early
warning systems capable of accurately forecasting drought-induced vegetation deterioration
(VD). This study evaluates the performance of multi-categorical VD forecasts derived from
ensemble root-zone soil moisture forecasts at lead times ranging from one to six months,
covering agricultural regions in southeastern Australia between 2001 and 2017. VD events
were identified from satellite-derived vegetation index anomalies. The study assesses the
probabilistic and deterministic skill, accuracy and reliability of these forecasts, comparing
them to observations and climatology at a monthly temporal resolution. In particular, | focus
on the performance of the Australian Water Outlook’s (AWO) soil moisture hindcasts and
historical simulations in predicting VD categories, with a specific emphasis on selected key
grazing and cropping zones. The results indicate the practical early warning horizons for
most regions, spanning two to four months for mild to severe VDs categories. This horizon
combines the inherent vegetation-soil moisture response time (0-2 months) and the extended
lead time (1-3 months) offered by soil moisture forecasts. While forecast accuracy decreases
with longer lead times, the ensemble-based methodology provides valuable probabilistic
insights into likelihood and severity of drought-induced vegetation stress. Deterministic
forecasts, based on ensemble means, maintain accuracy up to a two-month lead time but
tend to underestimate VD risks at longer lead times. The framework exhibits enhanced
predictive performance during the late growing season (August—October) compared to the
early season (May-July), particularly in inland pastoral and dryland cropping zones. A
validation using the 2002 drought case study confirms the framework's operational efficacy,
achieving over 50% probabilistic early warning confidence for observed vegetation
deterioration risks at three-month lead times. This research underscores the operational
value of integrating ensemble soil moisture forecasts with impact-based thresholds for early
vegetation stress warning across Australian agricultural regions. The framework's ability to
translate soil moisture forecasts into actionable multi-categorical vegetation deterioration
warnings across diverse spatial scales facilitates targeted interventions at both local and

regional decision-making for agricultural sectors.
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6.1. Introduction

Drought is a complex and costly natural hazard with profound societal and environmental
consequences. Its impacts are particularly pronounced in agricultural sectors, leading to
substantial crop and livestock losses (Chawla et al., 2020; Rajsekhar et al., 2015) and
affecting ecosystem functioning (Seneviratne et al.,, 2012; Zscheischler et al., 2018). In
Australia, drought significantly influences rural communities, particularly in dryland farming
regions. During the Millennium Drought (2001-2009), wheat yields in Victoria dropped by up
to 60% (Stephens and Lyons, 2015), while Queensland and New South Wales saw extensive
vegetation decline in pasture land and substantial destocking (McKeon et al.,, 2004). The
2002-2003 drought reduced national agricultural production by nearly 25%, causing
reduction of Australia's GDP by 1.6% (ABARES, 2004; Van Dijk et al., 2013).

Drought early warning systems (DEWS) are designed for mitigating these impacts, relying on
hydro-meteorological forecasting tools to provide advance information of drought occurrence
and development (Van Loon et al., 2016). Existing subseasonal-to-seasonal hydrological
forecasting tools focus on precipitation and streamflow at global or continental-scale,
including GloFAS, WW-HYPE and EFAS, and are mainly established for Europe and
Northern America (Arheimer et al., 2020; Arnal et al., 2018; Donnelly et al., 2016; Emerton et
al., 2018; Vogel et al., 2021). Soil moisture is fundamental for vegetation and agricultural
productivity, making it a key variable in drought monitoring and forecasting (Seneviratne et
al., 2010). However, operational soil moisture forecasting at the continental scale remains
limited, as it depends on complex interactions among the climate conditions, hydrological
dynamics, and land surface characteristics (e.g., soil properties, vegetation types) (Shen et
al., 2012; Sun et al., 2002; Yin et al., 2018). Soil moisture forecasts are generated by
coupling atmosphere-ocean-land general circulation models (GCMs) with land surface
models (LSMs), where process-based hydrological models are forced using seasonal climate
forecasts produced through numerical weather prediction systems (Arnal et al, 2018;
Emerton et al., 2018). Forecasting uncertainties arise from the limited validation from sparse
spatially-distributed soil moisture observation sites, particularly in the root-zone depth (0-1m)
(Yuan et al.,, 2015), which further affects forecast reliability at high spatial resolutions (e.g.,
5km) (Vogel et al., 2021). Climate model outputs often contain systematic biases in
hydrological variables, and failing to correct them can lead to unrealistic drought frequency

projections, even at continental scales (Johnson & Sharma, 2015).

Existing operational soil moisture forecasting systems include ECMWF's SEAS5 (Johnson et
al., 2019; Ferranti and Weightman, 2019), the UK Met Office's GloSea5 (MacLachlan et al.,
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2014), and NASA's FLDAS-Forecast version 2 (FFV2) incorporating NOAA's North American
Multi-Model Ensemble (NMME) (Hazra et al., 2023). However, most of these systems are
developed for Europe and North America (Esit et al., 2021; Sehgal and Sridhar, 2019),

limiting their application to other regions.

In Australia, the Bureau of Meteorology’s Australian Water Outlook (AWO) provides
operational seasonal (3-month ahead) root-zone soil moisture forecasts at 5-km resolution
(Hudson et al., 2017; Wilson et al., 2022), which is tailored to Australia's regional climate and
hydrology characteristics. These systems widely adopt ensemble forecasting approaches,
including multi-model ensembles and single-model ensembles with different initial conditions.
This method enhances seasonal hydrological forecasting by leveraging multiple simulation
members with varying configurations (Hao et al., 2017; AghaKouchak et al., 2022). It is
particularly valuable for soil moisture prediction, as it accounts for uncertainties in both
atmospheric forcing and land surface processes (Arnal et al., 2018; Emerton et al., 2018;
Pechlivanidis et al., 2017).

Despite advances in seasonal hydro-meteorological forecasting, a persistent gap remains in
translating numerical forecasts into formally defined, impact-based drought intelligence that
can be systematically operationalised within drought early warning systems (DEWS) (Mishra,
2023). Farmers often develop strong, locality-specific understandings of how climatic
variables affect vegetation conditions. However, commonly used drought indices such as the
standardised soil moisture index (SSMI; AghaKouchak, 2016) are not expressed in terms of
explicit impact severity categories. For example, a forecast SSMI value of -2 is statistically
meaningful but does not directly indicate whether vegetation stress is expected to be
moderate, severe, or extreme, which limits its use in multi-category, impact-based
forecasting and formal drought risk communication (Mishra and Singh, 2010, 2011).
Research on multi-category, impact-based drought forecasting remains limited, with only a
few studies conceptually describing (Boult et al., 2022; Tozier de la Poterie et al., 2023) or
developing and testing such forecasts (e.g., Sutanto et al.,, 2019; Westerveld et al., 2021;
AghaKouchak et al., 2022). An effective approach is to define and align drought-impact
thresholds that directly link hydro-meteorological conditions (e.g., soil moisture deficits) to
categorical responses (e.g., vegetation stress levels) (Von Loon et al, 2016). Identifying
appropriate thresholds (commonly termed “alarm” or “trigger” values) enhance the ability of
hydro-meteorological forecasts to provide actionable impact insights for stakeholders through
DEWS. In my previous research, | developed a framework for predicting multi-categorical
vegetation deterioration events (VDs) by establishing trigger thresholds for soil moisture
anomalies over large regions. This vegetation drought impact predicting approach integrates
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copula-based and event-matching approach with a severity-specific focus (Chapter 5) and
has demonstrated promising predictive performance across diverse land use types in

southeastern Australia, particularly for agricultural sectors.

This chapter advances my research on categorical drought-induced vegetation impact
prediction by evaluating the integration of ensemble soil moisture forecasts into the predictive
framework established in Chapter 5. The primary objective is to assess the predictive skill
and potential skilful lead time extension achieved by using ensemble soil moisture forecasts.
This aligns with Research Question 4 (RQ4) in Chapter 1 (Section 1.2), which focuses on the
operational utility of probabilistic soil moisture forecasts in predicting vegetation deterioration

risks across different land systems.

While previous studies have shown that ensemble hindcasts (retrospective forecasts)
generally exhibit lower accuracy than reanalysis-driven historical simulations due to inherent
biases and increasing uncertainty at longer lead times (Hudson et al., 2017; BoM, 2019;
Vogel et al.,, 2021), assessing their practical utility remains essential for informing early
warning applications. This analysis aims to quantify the trade-off between forecast lead time
and prediction accuracy in operational contexts, such as providing actionable intelligence for
proactive drought preparedness and mitigation. Furthermore, the ensemble structure allows
probabilistic characterisation of forecast uncertainty, providing stakeholders with information
not only on the likelihood of drought-induced impacts but also on severity levels (Stockdale et
al., 2010).

Specifically, this chapter assesses the deterministic and probabilistic skill of forecasting
vegetation deterioration events (VDs) using ensemble soil moisture hindcasts (with 1- to 6-
month lead times) across southeastern Australia at monthly temporal scales. The following
research questions represent more specific sub-questions under RQ4, addressing critical

dimensions of operational implementation:

i) What is the maximum lead time at which soil moisture forecasts maintain skilful

predictive capability for VD risks?

i) How do the predictive skill and achievable lead times vary across different

agricultural land use types?

i) What valuable insights can be drawn from probabilistic and deterministic (i.e.,
ensemble mean) VD risk forecasts intro to drought early warning systems at regional
scale?
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This analysis draws on ensemble soil moisture hindcasts for the period 2001-2017, rather
than operational real-time forecasts (available only from November 2021) provided by the
Australian Water Outlook. The hindcasts offer a consistent retrospective dataset covering
multiple drought cycles and thus enable statistically robust validation of forecast skill. Further
methodological details on the hindcast and operational systems are available at:

https://awo.bom.gov.au/about/overview/forecasts. By rigorously assessing predictive

performance and uncertainty across agricultural systems, this chapter informs the
operational implementation of seasonal drought impact forecasting. It strengthens the
foundation for evidence-based drought preparedness and policy development, advancing
early warning capabilities through robust validation metrics and uncertainty quantification

frameworks tailored to vegetation stress prediction.

6.2. Data

In this study, a combination of hindcast (retrospective forecast) and near-real-time monitoring
(historical simulation) datasets was utilised to evaluate the predictive skill of forecasting
drought-induced vegetation deteriorating cross multiple severity levels in southeastern
Australia. A summary of dataset resolution, unit and temporal coverage is provided in Table
6.1, with detailed descriptions in subsequent sections. All datasets share a spatial resolution
of 0.05° and a common reference period from 2001 to 2017. The daily hindcast and historical

soil moisture data were aggregated to a monthly timescale using mean averaging.

6.2.1. Study areas

This study focuses on southeastern Australia, with the geographic extent shown in Fig. 6.1.
Four representative dryland agro-ecological zones across southern New South Wales and
northern Victoria were selected: Riverina rangelands (Riv), Wimmera—Mallee (Wim),
Goulburn Valley (GoV), and Southwest Slopes (SwS). These regions span a gradient of land
use types, including extensive grazing on native vegetation in Riv and SwS, predominantly
dryland cropping in Wim, and mixed agricultural systems in GoV. Collectively, they represent
key agricultural production areas and capture diverse climatic and biophysical conditions
critical for drought impact assessment and early warning system development. Areas
classified as irrigated land use were retained because they function predominantly as rainfed
systems at the study scale and are consistent with the natural water-balance soil moisture

hindcasts used in the analysis.
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Fig. 6.1. Spatial distribution of major agricultural land use types in southeastern Australia.
The red boxes delineate four key case study zones: Riverina rangelands (Riv), Wimmera—
Mallee (Wim), Goulburn Valley (GoV), and Southwest Slopes (SwS). Land use types include
grazing native vegetation, grazing modified pasture, dryland cropping, and irrigated cropping
and grazing.

6.2.2. Ensemble soil moisture hindcast data

The daily ensemble hindcast data of root-zone soil moisture (0-1.0 m depth) used in this
study were sourced from the Australian National Computational Infrastructure (NCI) Data

Collection and span 1981-2017 (https://thredds.nci.org.au/thredds/catalog/iu04/australian-

water-outlook/seasonal-forecasts/v1/hindcasts/catalog.html). These hindcasts were

generated by forcing the AWRA-L land surface model (version 6.1) with climate forecasts

from the ACCESS-S2 system, a sub-seasonal to seasonal dynamical forecasting framework
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developed by the Australian Bureau of Meteorology (BoM) (Hudson et al, 2017). The
resulting data provide root-zone soil moisture estimates at a 0.05° (~5 km) spatial resolution.
AWRA-L is the BoM'’s operational water balance model that simulates land—atmosphere
interactions to produce hydrological variables such as precipitation, soil moisture, and runoff
(Frost & Shokri, 2021). The seasonal forecasting system used in this study is ACCESS-S2,
BoM'’s current operational coupled ocean—atmosphere model, which replaced ACCESS-S1
in October 2021 (Wedd et al., 2022). ACCESS-S2 produces ensemble-based seasonal
climate forecasts, with each member representing an equally probable climate trajectory.
Further technical documentation is available in the BoM research report (Pickett-Heaps and

Vogel, 2022; http://www.bom.gov.au/research/publications/researchreports/BRR-065.pdf).

AWRA-L does not explicitly simulate anthropogenic irrigation water application; therefore, the
root-zone soil moisture hindcasts represent natural water-balance conditions only, including

in areas classified as irrigated land use.

Each monthly hindcast cycle includes 27 ensemble members, produced using a 9-day
lagged initialisation scheme consisting of three "burst" groups of nine members each. These
bursts are staggered across nine consecutive start dates (e.g., 23 April to 1 May), providing
lead times from 1 to 6 months. Forecasts are issued on the 1st of each month and are
designed to preserve intra-seasonal signal diversity while maintaining consistency in
seasonal trends (Vogel et al., 2021; Pickett-Heaps and Vogel, 2022). Fig. 6.2 illustrates the
configuration of this ensemble forecasting system. It shows how the hindcasts, initialised on

15t May, are used to project soil moisture conditions through the growing season.

For this study, | selected a 17-year subset (2001-2017) to align with the availability of
MODIS satellite observations. Daily ensemble soil moisture hindcasts were aggregated to
monthly means for each of the 27 ensemble members. Hindcasts were grouped by lead time,
from 1- to 6-month lead, representing predictions issued one to six months in advance of the
initialisation month. To improve normality, a square-root transformation was applied to the
soil moisture data. This configuration supports the evaluation of forecast skill in predicting
vegetation deterioration risks at lead times up to six months, offering early insights into
vegetation conditions during the peak growing season (typically July and August; see Fig.

S6.1) in southeastern Australia.
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Fig. 6.2. Schematic overview of ensemble root-zone soil moisture hindcast generation. Each
forecast is issued on the 1st of the month and spans lead times of 1 to 6 months (e.g., 1 May
issue covers May to November). A total of 27 ensemble members are generated using a
lagged initialization method, which combines three burst ensemble groups and nine
staggered start dates (e.g., 23 April to 1 May).

6.2.3. Historical Soil Moisture Simulations

Historical root-zone soil moisture simulations from AWRA-L (available from 1911 to present)
were used as a historical baseline to assess the forecast skill of ensemble hindcasts. These
simulations, driven by observed atmospheric inputs rather than forecasted conditions,
represent the “best available” estimates and serve as an idealised baseline (i.e., 0-month
lead time) against which forecasts with 1- to 6-month lead times are compared. For this study,
daily historical root-zone soil moisture simulations from 2001 to 2017 were sourced from the

NCI Data Collection (https://thredds.nci.org.au/thredds/catalog/catalogs/iu04/australian-

water-outlook/historical/historical.html) and aggregated to a monthly timescale. A square-root

transformation was applied to reduce skewness and improve the normality of soil moisture
values, particularly in dryland cropping and pastoral regions, thereby enhancing the

robustness of the standardised anomaly analyses used in this study.
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Table 6.1. Summary of the soil moisture datasets utilised in this study.

. . Temporal
Application Simulation coverage
PP Dataset Lead time  member Unit rage,
type spatial
number .
resolution
Historical simulated
. \ 1911-
Near-real-time root-zone soil
Y : 0-month 1 member mm/day vyesterday,
monitoring moisture (Frost and 0.05°
Shokri, 2021) )
Ensemble hindcast
Retrospective [ﬁgit;flj’rge(;?é'keﬂ_ 1-to6- 27 ey 1981-2017,
forecast month members y 0.05°

Heaps and Vogel,
2022)

6.2.4. MODIS vegetation greenness data

The Normalized Difference Vegetation Index (NDVI) is widely recognised as a key indicator
of vegetation greenness, canopy structure, and photosynthetic activity (Huete et al., 2002). In
this study, the NDVI dataset was derived from the Moderate Resolution Imaging
Spectroradiometer (MODIS) nadir BRDF-adjusted reflectance product (MCD43A4 v006). The
dataset was obtained from the NCI Data Collection
(https://dapds00.nci.org.au/thredds/catalog/ub8/au/MODIS//mosaic/MCD43A4.006/catalog.ht

ml), and the raw 500-m resolution was resampled to 0.05° (~5 km) using bilinear interpolation

for consistency with AWRA-L data. To minimise atmospheric and sensor-related noise, only
the highest-quality retrievals from bands 1 and 2 were used for NDVI calculations. Temporal
gaps in the NDVI time series were addressed through linear interpolation, with gap-filled data
constituting only 4% of the complete dataset across the study area and analysis period. The
8-day NDVI time series were then mean aggregated into monthly intervals for the period
2001-2017.

6.3. Methodology

An overview of the experimental design and forecasting framework is presented in Fig. 6.3
and elaborated in the subsequent sections. The methodological framework in this chapter
follows a two-stage design: prediction rules are firstly trained using historical root-zone soil
moisture simulations and then applied to independent seasonal root-zone soil moisture
hindcasts to evaluate forecasting performance by lead times. Section 6.3.1 introduces the

classification of vegetation deterioration (VD) severity levels based on non-exceedance NDVI
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standardised anomaly thresholds. Section 6.3.2 outlines the development of the integrated
VD prediction system and the configuration of optimised forecast rules derived from historical
simulations. Section 6.3.3 describes the forecast verification procedure, where the derived
rules are applied to SMA ensemble hindcasts to evaluate both deterministic and probabilistic
skill.
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Fig. 6.3. Overview of the forecasting methodology and experimental design.

6.3.1. Classification of vegetation deterioration severity

Consistent with the methods used in Chapters 4 and 5, soil moisture deficits and vegetation
stress are quantified using standardised anomalies (z-scores) of root-zone soil moisture
(RZSM) and NDVI, respectively. These z-scores are computed against the 2001-2017 long-
term monthly statistics following the standardised anomaly formula:

x(t)’)—#x(t) (6 1)

ze(t,y) = o2 (D)
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where x(t,y) is the value of the variable x on day t of year y; whereas pu,(t) and o,(t)
denote the multi-year monthly mean and standard deviation of variable x on day ¢, calculated
over the 2001-2017 reference period. The calculation of x(t,y) — u,(t) yields the anomaly for
day t of year y, which is then standardised to z, (t, y). This transformation yields time-specific
series of soil moisture anomalies (SMA) and vegetation index anomalies (VIA) across years

and pixel-wise land use types.

In this chapter, two RZSM datasets (see Table 6.1) are utilised to derive SMA: (i) a single-
member historical simulation, and (ii) a 27-member ensemble hindcast with six forecast lead
times per member. Accordingly, the historical dataset yields one SMA time series, while the
ensemble hindcast provides a total of 162 SMA series (27 members x 6 lead times). To
ensure consistency in anomaly estimation, all SMAs, including those from the ensemble
hindcasts, are calculated using the same 2001 to 2017 long-term monthly baseline derived
from the historical simulation. This approach ensures that the anomalies reflect deviations
from a common reference baseline, and avoids the confounding effects introduced by
forecast drift or member-specific bias in the ensemble. These SMA series form the basis for
determining trigger thresholds for vegetation deterioration prediction, as detailed in the

following section.

Vegetation deterioration (VD) events are categorised into six severity levels to capture a
gradient of stress responses. Following the classification scheme applied in Chapters 3 to 5,
the severity levels are defined based on the upper-bound thresholds of VIA as follows: VDo
(No deterioration, VIA > -0.5 SD), VD4 (mild deterioration, VIA < -0.5 SD), VD, (moderate
deterioration, VIA < -1.0 SD), VDs (severe deterioration, VIA £ -1.5 SD), VD4 (extreme
deterioration, VIA < -2.0 SD) and VDs (exceptional deterioration, VIA < -2.5 SD). Unlike
conventional mutually exclusive classification systems, which define severity levels with both
upper and lower bounds, this framework adopts a non-exceedance threshold approach with
each severity level is independently triggered when a VIA value falls below the specified
threshold. This structure is more appropriate for early warning applications, where the
operational need is to determine whether a specific severity threshold has been breached,
not to assign events into discrete categories. It reflects the logic of impact-based forecasting
systems (WMO & GWP, 2016; Bachmair et al., 2016), which rely on actionable triggers

rather than exhaustive classification.
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6.3.2. Integrated VD forecasting model

This section builds on the VD prediction framework established in Chapter 5 to determine
SMA trigger thresholds for forecasting VD risks across different severity levels. Using the
SMA timeseries derived from historical simulations as predictors, | followed the same
modelling logic as in Chapter 5 to derive ten SMA trigger threshold configurations: four from
the copula-based joint probabilistic models (Copula-cp40, Copula-cp50, Copula-cp60 and
Copula-cp70) and six from the event-matching models (EM-f1-0.1, EM-f1-0.2, EM-f1-0.3,
EM-f2-0.1, EM-f2-0.2 and EM-f2-0.3).

In Chapter 6, the total forecast horizon for VDs is defined as the combination of the soil
moisture forecast lead time (L) and the vegetation response time (d), which this conceptual
flaw is shown in Fig 1.2 in Chapter 1. Specifically, ensemble hindcast soil moisture provides
predictions at lead times of 1-6 months ahead, while vegetation conditions respond to soil
moisture anomalies with an intrinsic lag of 0—2 months, as established in Chapter 5.
Accordingly, vegetation deterioration is predicted at time T + L + d, conditional on soil

moisture forecasts issued at time T.

Although each VD severity level (VD1 to VDs) could theoretically select from all ten
configurations, | constrained the candidate pools based on key insights from Chapter 5 to
reduce computational load and enhance model interpretability: (i) copula-based models are
better suited for predicting low-severity, high-frequency stress (e.g., VD+) due to superior
false alarm control; (ii) event-matching models demonstrate higher skill in identifying
infrequent but severe stress events (e.g., VD4—VDs) via improved hit rates. Accordingly, SMA
trigger configuration for VD1 was selected exclusively from the copula-based models, for
VD4—VDs from the event-matching models, while VD>—VD3 drew from the full pool of ten SMA

trigger configurations.

To construct a robust and generalisable integrated prediction model, | applied a leave-one-
out cross-validation (LOOCV) procedure across the 17-year period (2001-2017). In each
iteration, one year was held out as the test set, while the remaining 16 years served as the
training set. Based on the training data, | reselected the optimal SMA trigger configuration for
each VD severity level (VD1—VDs) from the constrained candidate pools. The integrated VD
mapping rules was then constructed using the chosen configurations and applied to predict
the VD severity category for the held-out year. This procedure was repeated for all 17 years,
resulting in N=17 predicted VD maps. Model performance was evaluated by comparing these

predictions against the observed VD categories for each test year, using five evaluation
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metrics: hit rate, false alarm ratio (FAR), underestimation ratio, overestimation ratio, and
adjacent prediction ratio (APR), weighted according to severity-specific optimisation priorities
(see Chapter 5, Section 5.3.3.2).

This process was repeated for all 17 years, resulting in a fully cross-validated set of optimal
SMA trigger threshold configurations. Specifically, Copula-cp40 was selected for the lower-
severity categories (VD:1—VD2), while EM-f2-0.1 was assigned to the higher-severity
categories (VDs—VDs). These integrated VD prediction rules, calibrated solely on historical
SMA simulations, were then applied to the ensemble hindcast SMA series with lead times of
1 to 6 months, comprising a total of 162 series. Both deterministic forecasts (derived from
ensemble means) and probabilistic forecasts (based on the full ensemble distributions) were

generated and evaluated for each lead time, as detailed in the following sections 6.3.3.

6.3.3. Forecast verification: skill assessment of soil moisture hindcast

This section evaluates the forecasting skill of the ensemble-based (probabilistic) and
deterministic predictions produced by the integrated framework at a monthly temporal
resolution In probabilistic forecasting, a key aspect of skill assessment is whether the
forecasts provide added value relative to a reference prediction, typically defined as the
climatological frequency distribution of the target events (Pappenberger et al., 2015). Here,
the reference is constructed from the historical occurrence frequencies of each VD category

(VDo—VDs) over the 2001-2017 period, and is referred to as the VD event climatology.

The evaluation considers both the uncertainty captured by the ensemble spread and the
accuracy of deterministic predictions derived from ensemble means. Ensemble forecast skill
metrics consider the ensemble uncertainty. Probabilistic forecast skill is primarily evaluated
using the Ranked Probability Skill Score (RPSS), as introduced in Section 6.3.3.1. RPSS
accounts for the full ensemble distribution and is appropriate for multi-category forecast
verification. In parallel, deterministic forecasts derived from the ensemble means are
evaluated using categorical skill metrics. The VD severity levels (VD0O-VD5) are treated as
discrete outcomes, and forecast performance is analysed using 6x6 contingency tables,
comparing predicted categories (y;) to observed categories (o;). This framework allows for
the computation of standard accuracy metrics such as the root-mean-square error (RMSE)
and relative bias, overestimation frequency, underestimation frequency, which are defined in
subsequent sections (Sections 6.3.3.2). These metrics are calculated not only at the grid-cell
scale but also aggregated at the regional scale across key agricultural zones in southeastern

Australia.
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6.3.3.1. Probabilistic forecast skill analysis

Probabilistic forecast performance was assessed using the Ranked Probability Skill Score
(RPSS), which measures the cumulative squared error between forecast categorical
probabilities and observed categorical probabilities, comparing them against a reference
prediction (i.e., a climatology reference prediction). RPSS is particularly well-suited for
evaluating forecasts with ordinal multi-categorical severity levels where there is an
imbalanced sample size of different categories (Epstein 1969). This provides a
comprehensive assessment of overall forecasting performance across different VD

categories.

The rank probability score (RPS) is a measure of the probabilistic forecast for a single

forecast-observation pair at time t and is defined as (Wilks, 2011):
2
RPS, = ——=YK_(Fiee —0pe) (k=12,...K) (6.2)

where K is the total number of categories (K=6); k is the category of vegetation deterioration
events (VDs); t = 1,..., T are the monthly time steps (all months or only months of a given
season); the cumulative forecast probability vector at time step t, expressed as F,, = Y~_, fi,
with y;=1 being the forecast for the event will occur in but not exceed the i-th category, and
the cumulative observation vector Oy, = Yk o; with 0;=1 if the observed event does not

exceed the i-th category and 0;=0 otherwise.

The forecast skill is evaluated relative to a reference prediction, defined as the climatological
occurrence frequency of VDs for each category (VDo-VDs) over the period 2001-2017. Let p;
be the climatological frequency of the event occur in i-th category, and let ¢, = ¥, ¢; be the
corresponding cumulative vector. Then the climatological RPS for the reference score,

RPS i, at monthly time step t can be calculated as:
1 2
RPScimt = 7= Zk=1(Cht — Oke)” (k =12,..,K) (6.3)

The rank probability skill score (RPSS) is defined as (Wilks, 2011):

(RPS)

RPSS=1-— (6.4)

(RPSclimatology)

where angle brackets (-) denote the average of the scores over T forecast-observation pairs

for each pixel during the annual growing season months over the period 2001-2017. The
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RPSS ranges from —« to 1 with higher positive RPSS values indicating better forecasting
skill compared to the reference (climatology) prediction. RPSS =1 represents perfect skill

and 0 indicates no skill compared to the reference.

6.3.3.2. Deterministic forecast skill analysis

To assess the deterministic forecasting skill of the ensemble mean soil moisture hindcasts in
predicting vegetation deterioration (VD) events, | employed three key evaluation metrics:
Root Mean Square Error (RMSE), Relative Bias (%), and Over-/Underestimation Frequency
(%). These metrics provide a comprehensive assessment of forecast accuracy, systematic
bias, and temporal reliability across different lead times and VD risk levels. RMSE
evaluations are conducted for all risk levels (VDo—VDs), mild risk (VDo—VD>), and severe risk
(VDs-VDs) for both the whole growing season (May—October) and seasonal scales (MJJ and
ASO).

The four metrics (RMSE, relative bias, overestimation frequency, and underestimation
frequency) defined below are computed for each grid cell and aggregated across
southeastern Australia for different lead times (1- to 6-month lead), VD risk categories (all

risk, mild risk, severe risk), and for seasons (MJJ, ASO, and full growing season).

* RMSE

RMSE is a widely used metric for assessing the accuracy of deterministic forecasts. It
quantifies the average magnitude of prediction errors by calculating the square root of the
mean squared differences between forecasted and observed VD categories. RMSE is

defined as:

RMSE = J%z'ﬁzl(ﬂ —0,)? (6.5)

where F; and O; represent the forecast and observed VD categories at time step i,
respectively; and N denotes the total number of forecast-observation pairs. Lower RMSE
values indicate better agreement between forecasts and observations. As there is no
universally accepted threshold for a "good" RMSE, forecast skill is evaluated based on
RMSE differences relative to a historical baseline. In this study, the historical baseline is
defined as the RMSE computed from VD predictions generated from historical simulated
SMA compared against observed VD categories. For each lead time, the difference in RMSE

between hindcasts and the historical baseline (i.e., RMSE}inacast — RMSEpistoricar) iS Used to

168



3819
3820

3821

3822
3823
3824

3825

3826
3827
3828

3829

3830
3831
3832
3833
3834
3835

3836

3837

3838
3839
3840
3841
3842
3843
3844
3845

assess the forecast performance. A negative RMSE difference indicates improvement over

the historical baseline, while a positive value reflects a degradation in forecast skill.
* Relative bias (%)

Relative bias quantifies the systematic deviation of forecasts from observations, providing
insight into whether the model overestimates or underestimates VD risk over the entire study
period. It is calculated as:

N —0.
2= (P00 5 1009, (6.6)

Relative bias =
A positive relative bias indicates a systematic overestimation of VD risk (e.g., a relative bias
of +20% means forecasts, on average, are 20% higher than observations). Conversely, a

negative relative bias signifies an underestimation of VD risk.
e Over-/Underestimation Frequency (%)

Overestimation and underestimation frequency metrics assess the temporal consistency of
forecast deviations, capturing how often forecasts exceed or fall below observed VD risk
levels. These metrics provide insights into whether systematic errors occur consistently
across the study period or are sporadic. Overestimation frequency (%) and underestimation
frequency (%) represents the proportion of time steps where the forecast VD risk category is

higher and lower than observed, respectively. calculated as:

N
=1 1(F; > 0;
Overestimation frequency = Liz1 (Nl ) X 100%
Y, 1(F < 0))
Underestimation frequency = N X 100%

where 1(+) is an indicator function that takes a value of 1 when the condition is met and 0
otherwise. A higher overestimation frequency suggests that forecasts tend to predict
vegetation deterioration events that do not occur, while a higher underestimation frequency
indicates that the model frequently fails to capture observed deterioration events. For
instance, if the analysis yields an overestimation frequency of 20% and an underestimation
frequency of 40%, this indicates that the forecast system produces values exceeding
observations in 20% of temporal instances and falls below observations in 40% of temporal

instances.
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6.3.3.3. Aggregation of forecast metrics at regional scales

In addition to grid-based verification, forecast skill metrics were aggregated at the regional
scale to evaluate performance across the four case study zones outlined in Fig. 6.1: Riverina
rangelands (Riv), Wimmera—Mallee (Wim), Goulburn Valley (GoV), and Southwest Slopes
(SwS). These regions represent distinct agro-ecological contexts and land use systems
across southeastern Australia. For each case study zone and lead time, spatial averages of
RMSE differences and RPSS values were computed to assess the skill of vegetation
deterioration (VD) forecasts. This regional-scale aggregation enables a more interpretable

comparison of forecast performance in relation to land management zones.

6.4. Results

6.4.1. Performance of the probabilistic VD forecast

6.4.1.1. Ranked probability skill score

| assessed the accuracy and reliability of ensemble soil moisture forecasts in predicting
ordinal multi-categorical VDs through the RPSS, calculated across agricultural land grid cells
in southeastern Australia for the period 2001-2017. The RPSS measures relative
improvement of the forecast performance against a climatology forecast, where positive
values indicate superior performance compared to climatology ensemble forecasts. The
RPSS values near zero or negative indicate no improvement or diminished performance,

respectively.
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Fig. 6.4. Spatial distribution of Ranked Probability Skill Score (RPSS) values for vegetation
deterioration (VD) forecasts at 1- to 6-month lead times across southeastern Australia, for
the seasonal periods of the growing season (May to October) during 2001-2017. Warmer
colours (redder shades) indicate higher forecast skill.

Fig. 6.4 illustrates the spatial distribution of RPSS values throughout the growing season
(May to October) at varying lead times (1- to 6-month lead). A detailed seasonal breakdown
of RPSS, distinguishing between early (May-June-July, MJJ) and late (August-September-
October, ASO) growing seasons is provided in Supplementary Fig S6.2. Comprehensive
RPSS results at seasonal and key agricultural regional scales are presented in Appendix
Tables S.6.6. Over the whole growing season, the RPSS values show a positive skill in
specific regions of southeastern Australia, with the area proportions of positive RPSS for 1-
month to 6-month lead being 21.2%, 21.5%, 9.4%, 4.1%, 0.4%, and 0.7%, respectively.
These results demonstrate that the predictive capability of ensemble soil moisture hindcasts

exhibits a clear degradation at extended lead times.

The temporal analysis of RPSS reveals pronounced seasonal variations in forecast skill (see
Fig. S6.2). During the late growing season (ASO), the framework demonstrates superior
predictive capability over that for the early growing season (MJJ) and maintains positive
RPSS values up to 2-month lead across all regions, with some areas exhibiting skill

extending to 3-month lead (Fig. S6.2). The ASO period exhibited both higher and widespread
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positive RPSS values than that of MJJ, with the corresponding area proportions for the 1-
month to 6-month lead being 41.3%, 48.4%, 35.0%, 24.3%, 12.8%, and 4.9%, respectively.
Conversely, the MJJ season exhibits limited regions with positive RPSS values; the spatial
extent of skilful forecasts for the 1-month to 6-month lead are 11.6%, 8.0%, 1.1%, 0.5%,
0.0%, and 15.1%, respectively, highlighting that skillful forecasts are restricted to a few areas
in the early part of the growing season. This pattern suggests fundamental challenges in

predicting vegetation deterioration events during initial growth phases.

Interestingly, the framework shows the highest mean RPSS (see panel headings on Fig. 6.4)
at the 2-month lead across southeastern Australia. While the 1-month lead exhibits higher
positive RPSS values in some regions, more negative RPSS values are observed in coastal
grazing modified pasture areas that result a lower overall mean RPSS at the 1-month lead
across the study region. This spatial pattern is more pronounced during the ASO season, as
shown in Fig S6.2g. In addition, the ensemble VDs forecasting framework exhibits significant
spatial variations across southeastern Australia. In general, the forecast skill tends to be
higher in parts of the northeastern, western, and central regions, particularly in areas
dominated by grazing native vegetation and grazing modified pasture land use types
maintaining positive skill metrics across 1- to 3-month lead. From a seasonal perspective,
while forecast skill is initially constrained earlier in the cool season, a systematic
enhancement emerges as the season progresses into the ASO period, with predictive

capability extending to a 4-month soil moisture lead in some regions.

6.4.1.2. Skill across total forecast horizons: combined vegetation response and extended

lead times

The VD forecasting framework accounts for both the intrinsic vegetation response time to soil
moisture anomalies (d) and the lead time of ensemble soil moisture hindcasts (L). In this
framework, vegetation deterioration is predicted at time T + L + d, such that the total forecast
horizon reflects the combined effect of soil moisture forecast lead time and vegetation
response lag. Fig. 6.5 summarises forecast skill as a function of soil moisture hindcast lead

time, conditional on different assumed vegetation response times.

The boxplots in Fig. 6.5a show substantial spatial variability in RPSS at a 1-month soil
moisture lead, with some pixels exhibiting positive skill and others showing strongly negative
values. This spatial heterogeneity is particularly evident for pixels characterised by a 2-month

vegetation response time, where RPSS values at a 1-month soil moisture lead can be lower
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than those at longer lead times. This pattern reflects the interaction between intrinsic system
delays and forecast uncertainty when short-lead soil moisture forecasts are used to predict

vegetation conditions at longer effective horizons.

The spatial distribution of vegetation response times (Fig. 6.5b) indicates that most
agricultural land exhibits a 1-month response to soil moisture variability (79.8%), while
smaller proportions show immediate (0-month, 13.4%) or delayed (2-month, 6.7%)
responses. Across increasing soil moisture hindcast lead times, median RPSS values
change only modestly, whereas the overall spread of RPSS values narrows. In particular, the
most positive RPSS values decline with lead time, while strongly negative values become

less extreme, resulting in reduced variability in forecast skill distributions.

Negative RPSS values primarily arise from the aggregated probabilistic performance across
all VD severity categories (VDo—VDs), reflecting underprediction at low VD risk levels and
overprediction at high VD risk levels. Despite predominantly negative RPSS values across
much of the study area, the spatial and temporal structure of forecast skill highlights how
forecast uncertainty and intrinsic vegetation response times jointly shape predictability across

extended forecast horizons.

(a) (b)

Vegetation response time (months)

1.0

w

0.8 g g -34
== 2

0.6

-35

0.4

0.2

|
w
o

-0.0 f el

RPSS

-0.2

-0.4

i
i
i
‘
@ i
i
0
i
|
i
|
i
i
i
i
1
@ |
0
i
1
i
i
1
i
i
i
i
Latitude (°N)
& &
0 ~N
Ve
ol
-
Vegetation response time (months)

-0.6

|
w
©
=]

-0.8

-1.0 a0 & Al
1 2 3 4 5 6 140 142 144 146 148 150

Longitude (°E)

soil moisture hindcast lead time (L) months

Fig. 6.5. Assessment of RPSS forecast skill across intrinsic system lag of vegetation
response to soil moisture (0-2 months, d) and extended (1- to 6-month) lead times (L) from
ensemble soil moisture hindcasts. (a) Distribution of Ranked Probability Skill Score (RPSS)
across vegetation response times (0-2 months) for soil moisture hindcasts at 1- to 6-month
lead times, presented as box-and-whisker plots. (b) Spatial distribution of vegetation
response times implemented in the prediction framework across southeastern Australia. The
analysis reveals that 13.4%, 79.8%, and 6.7% of agricultural land exhibits 0-month, 1-month,
and 2-month vegetation response times to soil moisture variations, respectively.
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6.4.2. Performance of the deterministic VD forecast

The performance of deterministic VD forecasts from ensemble mean SMA was evaluated
using three groups of metrics: RMSE difference, relative bias (%), and over-/underestimation
frequency (%). These metrics were assessed across three VD risk intervals: all risk levels
(VDo—VDs), mild risk (VDo—VD3), and severe risk (VD3s—VDs). Evaluations were conducted for
both the full growing season (May—October) and two sub-seasonal (MJJ and ASO).

As shown in Fig. 6.6 for the full May—October period, RMSE differences relative to the
historical baseline vary across lead times and regions. At the 1-month lead, negative RMSE
differences are observed across many regions, indicating locally improved performance
relative to the baseline. At the 2-month lead, RMSE differences are close to zero, suggesting
performance broadly comparable to the historical baseline. Beyond the 3-month lead, RMSE
differences become predominantly positive, with regional mean values increasing to
approximately 0.08-0.09, indicating degraded forecast performance relative to the baseline.
The early cool-season period (MJJ; Fig. S6.3a) exhibits more spatially extensive negative
RMSE differences than the full-season average, indicating relatively improved forecast
performance during this period. In contrast, the late-season period (ASO; Fig. S6.3b) shows
greater spatial heterogeneity and more pronounced degradation in forecast skill at longer
lead times. A notable exception occurs in southern coastal regions dominated by grazing on
modified pasture, where forecasts at 3- to 6-month lead exhibit consistently lower RMSE

than the historical baseline.

As shown in Tables S6.1-S6.4, the relative bias analysis reveals that the deterministic
forecast framework systematically underestimates VD risk, with negative bias intensifying as

lead time increases.
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Fig. 6.6. Spatial distribution of deterministic forecast skill for vegetation deterioration (VD)
events across southeastern Australia, shown for the full growing season (May—October).
Forecast skill is represented by the difference in root mean square error (RMSE) between
hindcasts and the historical baseline (i.e., RMSE,inacast — RMSEpistoricar) fOr 1- to 6-month
lead times during 2001-2017. The mean RMSE difference, spatially averaged across the
study region, is reported above each panel. Negative values (green) indicate improved
forecast skill relative to the historical baseline, while positive values (pink) indicate
degradation.

From a risk interval perspective, while the historical baseline shows minimal overall bias, it
exhibits clear deviations within specific risk intervals, with a -10% bias for mild risk and a +32%
bias for severe risk. This asymmetry is particularly pronounced during the MJJ season,
where the bias for severe risk categories reaches approximately +70%. Across all lead times
and growing season segments, deterministic forecasts show consistent bias patterns within
mild and severe risk categories. Forecast accuracy deteriorates progressively, with average
bias shifting from —-20% at 1-month lead to —44% at 6-month lead. In terms of bias
occurrence frequency, the historical baseline tends to underestimate in ~30% of cases and
overestimate in ~24%, whereas the deterministic forecasts exhibit a systematic shift toward
underestimation. The underestimation frequency increases from 36.2% at 1-month lead to
43.0% at 6-month lead, while overestimation decreases from 12.9% to 1.5%. This
underestimation tendency becomes particularly prominent for severe risk during the late

growing season (ASO), where underestimation frequencies exceed 60%. Conversely,
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overestimation drops sharply beyond 1-month lead, especially in the mild and all-risk

categories.

Overall, these analytical outcomes demonstrate that deterministic forecasts maintain robust
performance up to 2-month lead times, particularly within central and northern geographical
domains. However, forecast accuracy exhibits systematic degradation beyond 3-month leads,
characterised by persistent underestimation bias that manifests most prominently in severe

vegetation deterioration events? during the early growing season.

6.4.3. Forecast performance over regions important for agriculture

This section examines forecast performance within four pre-defined agricultural analysis
regions in southeastern Australia, selected to represent distinct wheat—sheep production
environments (Riverina rangelands, Wimmera—Mallee, Goulburn Valley, and Southwest
Slopes; see Fig. 6.1). These regions are used as case-study subdomains to explore how
forecast skill varies across contrasting agricultural systems, rather than to represent average

conditions across the broader agricultural landscape.

The RMSE difference and RPSS averaged over four wheat-sheep producing regions are
shown in Fig. 6.7 (see Tables S6.5 and S6.6 in the Supplementary Information for results at
the seasonal scale). Across all regions, RMSE difference increases with forecast lead time,
indicating a progressive decline in deterministic forecast accuracy relative to the historical
baseline. For the full May-October period (Fig. 6.7a), RMSE differences are close to zero at
the 1-month lead and become increasingly positive beyond 2-month lead, stabilising at
approximately 0.2-0.3 from 3-month lead onward. This indicates that sub-seasonal
deterministic forecasts (up to 2-month lead) perform broadly comparable to the historical
baseline but exhibit increasing error at longer leads. A similar pattern is observed during MJJ
period (Fig. 6.7b), with generally lower RMSE differences than the full-season average. In
contrast, RMSE differences during ASO (Fig. 6.7c) increase more rapidly with lead time,

exceeding 0.3 at 6-month lead in regions such as Wimmera—Mallee and Goulburn Valley.

Relative to southeastern Australia—wide averages (Fig. 6.6), forecast performance within the
selected analysis regions shows greater variability across both lead time and season (Fig.
6.7d-f). This reflects the fact that these regions represent subsets of the broader agricultural
landscape and include areas where forecast skill is locally higher or lower than the regional

mean.
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Fig. 6.7. RMSE difference (a-c) and RPSS (d-f) averaged over 4 key agricultural zones in
southeastern Australia — for vegetation deterioration events (VDs) in all growing season
months (a and d), MJJ (b and e), and ASO (c and f) (see Fig. 6.1 for a map of the key
agricultural zones across the study region). The black lines and markers represent the mean
across these 4 key agricultural zones. Grey lines represent the southeastern Australia-wide
averages using gridded data for each skill metric. Riv = Riverina rangelands, Wim =
Wimmera-Mallee, GoV = Goulburn Valley, SwS = Southwest Slopes.

For the full growing season (Fig. 6.7d), the mean RPSS across the selected regions is close
to zero at the 1-month lead and declines with increasing lead time, becoming negative
beyond 3—4 months. This indicates limited probabilistic forecast skill relative to climatology at
longer leads. Seasonal differences are evident: RPSS values during MJJ are negative across
all selected regions at all lead times (Fig. 6.7e), whereas during ASO, RPSS values are
closer to zero or weakly positive in some regions, particularly Wimmera—Mallee and

Goulburn Valley, at lead times up to 4-5 months (Fig. 6.7f).

Overall, these results indicate that forecast performance within selected agricultural regions
can differ from the southeastern Australia—wide average, but positive skill is spatially and
seasonally limited. The results highlight where and when soil moisture anomaly—based
forecasts may provide comparatively better information within agricultural systems, while also

underscoring the prevalence of negative skill across much of the broader landscape.
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6.4.4. Case study of VDs in 2002

| examine the vegetation deterioration events (VDs) in August 2002 over southeastern
Australia as a case study to illustrate the behaviour of the proposed forecasting framework
under a well-documented drought event. The temporal evolution of VIA throughout 2002 (Fig.
6.8c) shows a progressive regional decline in vegetation condition beginning in May, with
peak deterioration occurring during the late growing season in August. Severe VDs were
predominantly observed across the central and northern regions (Fig. 6.8a). The VDs
predicted via historical soil moisture simulation show reasonable agreement with
observations (Fig. 6.8b), though notable underestimation occurred in the western and

southwestern regions.
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Fig. 6.8. Observation and forecasts of vegetation deterioration events (VDs) across
southeastern Australia for August 2002. (a) Observed VDs categories; (b) VDs categories
predicted using historical soil moisture simulation with zero lead time; (c) Time series of
regionally averaged Vegetation Index Anomaly (VIA) from January to December in 2002,
displaying early and late growing seasons; (d) Deterministic forecasts of VD categories for
August 2002, derived from ensemble mean soil moisture at lead times ranging from 1- to 6-
month; (e) Probabilistic forecast VD occurrence for August 2002, based on ensemble soil
moisture forecasts issued at lead times ranging from 1- to 6-month.
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Deterministic forecasts based on ensemble mean soil moisture illustrate how forecast skill
varies with lead time for this event (Fig. 6.8d). At short subseasonal lead times (1—-2 months),
the deterministic forecasts broadly capture the spatial extent of observed VD-affected areas,
particularly in the northern part of the study region. However, the severity of vegetation
deterioration is not well reproduced, and forecast skill declines substantially at longer lead

times (3—6 months), with limited detection of VD signals.

Probabilistic forecasts derived from ensemble soil moisture outputs represent the forecasted
probability of VD occurrence aggregated across VD+—VDs categories (Fig. 6.8e). At lead
times up to 3 months, higher forecast probabilities are concentrated in regions that
experienced observed VD impacts, while forecasted probabilities decrease systematically
with increasing lead time, becoming markedly lower at 56 months. Comparison of
accumulated probabilities for mild (VD+—VD.) and severe (VDs—VDs) VD categories (Fig. S6.4)
indicates that, at short lead times, the ensemble forecasts assign relatively higher
probabilities to severe VD outcomes in northern regions, highlighting the framework’s ability

to differentiate between risk intervals for this event.

Overall, this case study demonstrates that the proposed framework can reproduce key
spatial features of a major drought event at short lead times and illustrates the progressive
degradation of forecast information with increasing lead time. Additional drought-year case
studies presented in the Supplementary Information (e.g. October 2006; Fig. S6.5) show
comparable forecast behaviour, reinforcing the broader applicability of the framework for
characterising vegetation drought risk evolution rather than providing event-specific skill

validation.

6.5. Discussion

6.5.1. Framework uncertainties and limitations

This framework explores the potential of using soil moisture forecasts to anticipate vegetation
deterioration events at seasonal timescales across southeastern Australia by extending the
inherent lagged relationship between soil moisture and vegetation response. While the
results demonstrate that root-zone soil moisture provides a physically meaningful basis for
linking hydroclimatic conditions to vegetation dynamics, several methodological and data-

related limitations warrant careful consideration.

First, the framework relies on root-zone soil moisture as the primary predictor of vegetation
deterioration. Although soil moisture represents a key integrative variable governing

vegetation water availability, vegetation anomalies may also arise from factors not explicitly
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represented in the framework, including land management practices, pest outbreaks, and
wildfire disturbances. These processes can influence vegetation condition independently of
soil moisture deficits and may therefore contribute to unexplained variability in the predicted

vegetation responses.

Second, the analysis is constrained by the 17-year study period (2001-2017), which limits
the sample size available for evaluating forecast skill, particularly for rare and high-severity
vegetation deterioration events. This limitation primarily reflects data availability rather than a
structural weakness of the proposed framework and is common to many seasonal drought
forecasting studies. Nevertheless, small sample sizes may reduce the stability of skill metrics
for extreme categories, and caution is therefore required when interpreting performance

statistics for severe vegetation deterioration.

Third, the framework assumes independence of drought impacts between years and does
not explicitly account for legacy effects associated with multi-year climate variability. This
simplification may lead to underestimation of threshold events and misidentification of
drought impact onset dates, particularly in scenarios where soil moisture deficits persist from
pre-growing seasons. Previous studies have shown that large-scale climate modes such as
ENSO, as well as their modulation by the Interdecadal Pacific Oscillation, can influence soil
moisture persistence and vegetation responses across seasons and years in Australia
(Power et al., 1999; Donohue et al., 2009)

Finally, the framework establishes soil moisture—vegetation relationships using growing-
season data (May—October), while early-season forecasts necessarily rely on soil moisture
conditions from preceding months. This temporal mismatch does not constitute a
fundamental limitation of the framework, but it may influence forecast performance if soil
moisture forecasts exhibit seasonally varying skill or if transitional processes at the onset of
the growing season are not fully captured. A more explicit assessment of soil moisture
forecast skill across seasons would help to disentangle the relative contributions of predictor
uncertainty and vegetation response dynamics, and represents an important direction for

future work.

6.5.2. Seasonal and spatial forecast skill variation

The framework exhibits distinct seasonal patterns in forecast skill, with higher performance

generally observed during the late growing season (August-September—October, ASO)

compared to the early growing season (May—June—July, MJJ). This seasonal contrast may

reflect differences in the dominant hydroclimatic drivers across the growing season. Cool-
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season rainfall, which is often associated with soil moisture anomalies from preceding
autumn conditions (March-May), typically intensifies across southeastern Australia during
early winter and reaches maximum influence in late winter (August) before declining in spring
(October) (Wedd et al., 2022). Lower forecast skill during MJJ may arise from several
interacting processes. One possible explanation is the influence of agricultural management
activities, such as sowing and early crop establishment, which can modify vegetation
dynamics independently of soil moisture availability during early-season transition periods
(Chenu et al., 2013; Feng et al, 2020). In addition, vegetation dormancy and rapid
phenological transitions during this period may weaken the strength of the soil moisture—

vegetation coupling inferred from growing-season data.

Forecast skill also exhibits pronounced spatial variability, particularly at short soil moisture
lead times. At the 1-month lead, spatial heterogeneity contributes to lower area-averaged
skill scores than those observed at the 2-month lead (Fig. 6.4). This contrast becomes more
evident during the ASO period (Fig. S6.2). Interestingly, even within the selected analysis
subdomains located within four key agricultural zones, where positive RPSS values are
concentrated, two regions exhibit lower average RPSS at 1-month lead compared to 2-month
lead forecasts (Fig. 6.4d). This pattern contrasts with theoretical expectations and empirical
evidence from various hydro-meteorological forecasting applications (e.g., precipitation, soil
moisture, runoff), where shorter lead times typically demonstrate superior forecasting skill
(van Dijk, 2013; Vogel et al., 2021). However, given the limited spatial extent of the analysis
subdomains, it remains unclear whether this apparent reduction in skill represents a robust

signal or reflects sampling uncertainty.

The spatially heterogeneous skill patterns (Fig 6.8b) suggest that forecast performance is
strongly conditioned by local environmental characteristics. For example, in coastal regions
south of the Grampians in Victoria, which include mixed grazing and dairy production
systems, the framework exhibits lower probabilistic skill relative to climatology, despite
comparatively smaller RMSE values. This contrast may reflect complex land—atmosphere
interactions in coastal environments, where maritime influences from the Southern Ocean
and Tasman Sea, combined with intensive land use, introduce substantial variability in
vegetation indices that is not fully captured by soil moisture anomalies alone (Dey et al.,
2019).

In some locations, reduced forecast skill may also reflect a mismatch between the inferred
vegetation response time and the effective soil moisture—vegetation dynamics operating

locally. Although response times are estimated empirically from historical data, their spatial
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generalisation may be limited in environments where vegetation responses are strongly
influenced by non-hydrological controls. This interpretation is consistent with the relatively
weak soil moisture—vegetation correlations identified in coastal grazing systems (Chapter 3,
Fig. 3.2).

Overall, the pronounced spatial variability in forecast skill indicates that limitations of the
framework are not solely attributable to insufficient regional tuning, but may instead reflect
more fundamental constraints in representing vegetation responses using soil moisture alone
across diverse environments. These findings highlight the need to better characterise the
conditions under which soil moisture provides a dominant control on vegetation dynamics, as

well as the circumstances in which additional processes must be considered.

6.5.3. Total forecast horizons and added value of impact-based drought forecasting

The total forecast horizon of the proposed framework comprises two key components: (i) the

vegetation response time (typically 0-2 months), which represents the lagged response of

vegetation to soil moisture anomalies, and (ii) the lead time of soil moisture forecasts
available from the forecasting system, which extends beyond the contemporaneous soil
moisture—vegetation relationship. These two components, vegetation response time (d) and
forecast lead time (L), are conceptually illustrated in Fig. 1.2b. Together, these components
support a subseasonal-to-seasonal early warning capability with an effective forecast horizon
of approximately 2—4 months for anticipating vegetation deterioration risk, although useful

skill is spatially limited and confined to specific regions.

Model training and verification were conducted using historical soil moisture simulations (see
Chapter 5, Section 5.3.4; Chapter 6, Section 6.3.2), with a deliberate emphasis on favouring
overestimation of drought impacts. This conservative design choice is motivated by the need
to minimise missed warnings in high-stakes agricultural settings, where failure to detect
vegetation stress may result in substantial economic losses (Stone & Meinke, 2006).
Nevertheless, analysis reveals that deterministic forecasts derived from ensemble mean soil

moisture hindcasts tend to significantly underestimate vegetation deterioration risk (Fig. 6.8d).

Probabilistic forecasts, when assessed using proper scoring rules, offer a decision-relevant
framework for impact-based early warning, especially where forecast performance is
heterogeneous across space (Arnal et al., 2018). In this context, applying stakeholder-
specific probability thresholds may improve the practical utility of forecasts. For instance, as
illustrated in Fig. 6.8e, stakeholders may consider initiating drought preparedness measures

when the forecast probability of moderate vegetation deterioration (VD2) exceeds 70%, and
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begin raising awareness when the forecast probability of extreme deterioration (VD4) risk

exceeds 30%.

While challenges remain in precisely forecasting the timing and intensity of drought impacts,
this impact-based forecasting framework provides a structured way to explore how soll
moisture information can be translated into probabilistic indications of vegetation
deterioration risk. Rather than directly enabling early intervention, the framework may help to
contextualise drought risk signals and support exploratory risk awareness, particularly in
drought-vulnerable regions (Murphy, 1993; Arnal et al., 2018). At the local level, the forecasts
can assist agricultural stakeholders in adjusting grazing practices, assessing crop viability,
and managing resources. This includes enabling pastoralists to prepare targeted drought
response strategies such as emergency water provision, supplementary feeding, livestock
adjustment, and relocation planning (FAO, 2019). At the regional level, the framework may
support integrated risk assessment by aggregating local warnings to quantify spatial patterns
of drought severity. Such assessments could assist state and federal authorities in evidence-
based drought response planning and may provide opportunities to align with economic

indicators for broader impact forecasting.

6.5.4. Implications and future research directions

The evaluation of the inherent performance of the historical baseline for vegetation
deterioration (VD) prediction highlights important constraints on the predictive system and
indicates directions for future refinement. While the integration of copula-based and event-
matching models provides a useful foundation for multi-category risk prediction, forecast
performance remains uneven across regions and severity levels. These limitations may
reflect not only aspects of the framework structure, but also the relatively low information
content available in the predictor variables, particularly when soil moisture forecasts exhibit
limited skill or weak coupling with vegetation response. Future refinements could therefore
focus on both methodological development and improved utilisation of available information.
These may include hybrid modelling strategies, such as dynamic threshold adjustment that
accounts for evolving climate conditions and spatial heterogeneity (De Kauwe et al., 2020). A
key enhancement would involve spatially explicit weighting schemes to optimise the

contribution of each model type based on region-specific skill metrics.

In addition, incorporating additional predictors such as antecedent soil moisture anomalies
and initial vegetation stress conditions may help improve forecast accuracy, particularly in

regions where VD events in early growing season or moderate VD events currently tend to
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be underestimated. These enhancements have the potential to strengthen the framework's

practical relevance and responsiveness to varying drought risk contexts.

The current geographical scope of the analysis focuses southeastern Australia (primarily
across Victoria, the Australian Capital Territory, southern New South Wales and a small
portion of eastern South Australia). However, the analysis has yet to explore several major
agricultural production regions across the continent, including the intensive farming zones in
Queensland and the coastal agricultural districts of South Australia (SA) and Western
Australia (WA). Future research endeavours could aim to expand this forecasting framework
to encompass the entire continental agricultural landscape, extending from the winter-
dominant rainfall regions in the southwest to the summer-dominant northern agricultural
zones (Bruno et al, 2018). This continental-scale implementation would provide
comprehensive coverage across the diverse farming systems within Australia, each
characterised by distinct climatological patterns, soil conditions, and agricultural practices
(Hochman et al.,, 2017). Such expansion would enhance the utility of the framework for

national agricultural planning and drought risk management strategies.

The transition from hindcasts to operational forecasting introduces significant methodological
adaptations and opportunities for advancement. The current analysis employed hindcast
data at monthly timescales (2001-2017), whereas the operational Australian Water Outlook
(AWO) system implements a 99-member time-lagged ensemble for real-time forecasts

(available from October 2021, https://awo.bom.gov.au/about/overview/forecasts). This

represents a substantial expansion beyond the 27-member hindcast ensemble members
examined in this study. The real-time operational seasonal forecasts within AWO deliver soil
moisture estimation through a set of ensemble percentiles (5th, 25th, 50th, 75th and 95th) at
lead times of 1- to 3-months. Future research includes leveraging these soil moisture

percentile forecasts into the established VDs prediction framework.

From a socioeconomic perspective, future research directions would evaluate the
implications of impact-based forecasting by quantifying the cost-benefit trade-offs for drought
preparedness interventions. A critical advancement would involve linking VDs forecast
outputs to economic valuation frameworks to examine drought-associated costs through
relative value analysis, particularly focusing on cost-loss ratios for optimising early action
trigger thresholds (Busker et al., 2023; Richardson, 2000; Wilks, 2001). This integration
would support the development of tailored impact forecast products that address the diverse
manifestations of soil moisture drought-induced vegetation stress, including reduced crop

yields, ecological degradation and enhanced fire risk (Crausbay et al., 2017).
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6.6. Conclusions

This chapter evaluated the predictive capability of seasonal ensemble soil moisture hindcasts
for detecting drought-induced VDs across agricultural regions in southeastern Australia from
2001 to 2017. It extended and implemented an integrated prediction framework that
synthesises copula-based and event-matching methods to identify optimal SMA trigger
thresholds for categorising multi-level VD risks. The framework first established SMA
threshold configurations using historical simulations of root-zone soil moisture as historical
baseline, and then validated their transferability using ensemble hindcasts at seasonal lead

times ranging from 1 to 6 months.

The findings indicate that ensemble soil moisture hindcasts offer context-dependent and
spatially variable information for forecasting drought-induced VDs, with performance
dependent on land use type, season, and forecast lead time. Key insights from this study are

as follows:

1. Total anticipate horizon of VD forecasts spanned about two to four months — this
window comprised two components: the intrinsic vegetation response lag to soil
moisture deficits (typically 0—2 months) and the extended forecast lead time from
seasonal soil moisture hindcasts (1- to 3-month lead). Combined, these factors
enabled early warning capability up to four months in many regions of southeast
Australia. Forecast accuracy declined substantially beyond this window, especially for

severe deterioration categories.

2. Probabilistic and deterministic forecasts provided complementary information for
VD risk assessment — these two approaches were not directly compared, as they
serve complementary roles in early warning. While RPSS-based evaluation showed
that probabilistic forecasts exhibited limited category-level skill beyond the 1-month
lead in most regions, they demonstrated an ability, as illustrated in the 2002 case
study, to distinguish between two broader risk intervals: mild (VD+—VD) and severe
(VDs—VDs). Case studies revealed that where the forecast probability of a given risk
interval exceeded 60% at the 2-month lead, the corresponding VD outcome was often
confirmed by observations. Deterministic forecasts, although more straightforward
and easier to interpret, tended to substantially underestimate the occurrence of
severe risk interval (VDs—VDs) beyond the 2-month lead. Taken together, these two
forecasting modes offer complementary strengths for operational decision-making

under different levels of risk tolerance.
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3. Forecast skill exhibited clear spatial and seasonal variation — higher skill was
observed in inland pastures and dryland cropping regions, while coastal pasture
regions showed relatively poor performance. Seasonally, forecasts were generally
more accurate during the late growing season (August—October) than the early
season (May—July). These spatial and temporal patterns highlight the need for region-
and season-aware interpretation of forecast outputs in operational applications, rather

than uniform use of forecast information.

4. The framework added value for impact-based drought early warning at multiple
spatial scales — by translating soil moisture anomalies into multi-categorical VD
warnings and aggregating forecasts across space, the system provided timely and
scalable information. At the local scale, the forecasts could support decision-making
by farmers and pastoralists around grazing, irrigation, and resource planning. At the
regional level, they could inform broader drought risk assessments and contribute to

state or federal preparedness strategies.

In summary, the findings in this chapter show that ensemble soil moisture hindcasts can
provide temporally extended but spatially heterogeneous information relevant to anticipating
vegetation deterioration risk several months in advance. The primary contribution of this work
lies in demonstrating how seasonal soil moisture forecasts can be structured and translated
into impact-based risk information, rather than in establishing uniformly skilful detection
across the study region. Within this framing, the approach offers a means to explore drought
risk evolution and potential lead times in regions where soil moisture—vegetation coupling is
sufficiently strong. Despite substantial spatial and temporal variability in performance, the
framework illustrates how forecast lead time and vegetation response lag can be combined

to support impact-oriented drought risk awareness.
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Sl Figures

NDVI Data with Key Points
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Fig. S6.1. Long-term NDVI phenology averaged over the study area. The annual minimum
occurs on January 17; the annual maximum occurs on August 14. NDVI first exceeds the
midpoint on May 17 and last remains above it on November 1. Based on this pattern, the
growing season is defined as May to October in this study, the primary focus period for VD
forecasting.
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4339  Fig S6.2. Spatial distribution of Ranked Probability Skill Score (RPSS) values for vegetation
4340  deterioration (VD) forecasts at 1- to 6-month lead times across southeastern Australia, for
4341  the seasonal periods of (a) May—June—July (MJJ) and (b) August—September—October (ASO)
4342  during 2001-2017. Warmer colours (redder shades) indicate higher forecast skill.
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Fig. S6.3. Deterministic forecast skill for vegetation deterioration (VD) events in southeastern
Australia, shown separately for (a) the early growing season (May—June—July, MJJ) and (b)
the late growing season (August—-September—October, ASO). Forecast skill is represented by
the difference in root mean square error (RMSE) between hindcasts and the historical
baseline (i.e., RMSEinacast — RMSEpistoricar) for 1- to 6-month lead times during 2001-2017.
The mean RMSE difference, spatially averaged across the study region, is reported above
each panel. Negative values (green) indicate improved forecast skill relative to the historical
baseline, while positive values (pink) indicate degradation.

189



4354

4355
4356
4357
4358
4359

4360

4361

4362

4363

4364

semble forecast

(a) Sum of probabilities (VD1 to VD2) from en

o St * &

@ *g e P

Probability

Fig. S6.4. Spatial distribution of forecast vegetation deterioration probabilities for August
2002 across southeastern Australia. (a) Sum of probabilities for mild risk interval (VD1-VD>)
and (b) severe risk interval (VD3-VDs), shown for forecast lead times from 1 to 6 months.
Values range from 0 to 1, with higher values indicating greater probability of deterioration

occurrence.

(a) Observation

(b) Historical simulation

(c) Time series of VIA

iy B~ 3
g AN ;
I 3 5 g oy g Ve ooy s
...... AN, g
; : § i
g &
2% z
18§
5
= 0 5.
< Jan Feb Mar  Apr  May Jun Jul Aug  Sep Oct Nov  Dec
& Month
5
. "
. i s i3
T % 3 ';:fj" 1 4 2
7 & f aaNY }’,v o "5 g “.-9,‘ : | N3 s ¥ & (»qﬂy 1
Lead-1, '» . | Lead-2 ,. 4 _ "4 Lead-4, -, | |Lead-5 ) ‘4 Lead-6, 4 0
(e) Sum of probabilities (VD1 to VDs) from ensemble forecast
-3 g e o @ = — “wrgall \__$¢§ (’é‘- B tﬁ‘i — 1.0
y A s o " ; 08
A 06
AL 0.4
: a 0.2
readly

Fig. S6.5. Same as Fig. 6.8 but for October 2006.

190

VDs category

Probability



4365 Sl tables

4366  Table S6.1. Root Mean Square Error (RMSE) of deterministic VD forecasts across different
4367 risk intervals and seasons at 1- to 6-month lead times relative to the historical baseline
4368  (2001-2017).

Risk interval Season Hist M1 M2 M3 M4 M5 M6

All Risk ALL 0.97 0.94 1.01 1.04 1.05 1.06 1.06
MJJ 1 0.91 0.99 1.01 1.01 1.01 1.01
ASO 0.93 0.97 1.03 1.06 1.09 1.1 1.1
Mild Risk ALL 0.65 0.67 0.71 0.71 0.71 0.71 0.71

MJJ 0.67 0.68 0.74 0.74 0.74 0.74 0.74
ASO 0.61 0.64 0.66 0.67 0.67 0.67 0.67
Severe Risk ALL 0.85 0.87 0.97 1.05 0.87 0.71 0.71
MJJ 0.82 0.68 0.6 0.56 0.44 0.6 0.6
ASO 0.82 0.95 1.02 1.07 0.9 0.73 0.73
4369 Notes: Hist refers to the historical baseline. M1—M6 indicate hindcasts with 1- to 6-month lead times.

4370

4371  Table S6.2. Relative bias (%) of deterministic VD forecasts across different risk intervals and
4372  seasons at 1- to 6-month lead times relative to the historical baseline (2001-2017).

Risk interval Season Hist M1 M2 M3 M4 M5 M6

All Risk ALL 1.2 -206  -36.3 -415 -432 -441 -441
MJJ 2.7 -21.0 -37.5 -423 -431 -436 -43.6
ASO 0.1 -19.3  -33.7 -39.2 -419 -43.0 -43.0
Mild Risk ALL -10.5 211 -346 -396 -41.7 -428 -42.8
MJJ -10.1 -20.8 -35.2 -405 -416 -423 -422
ASO -8.2 -18.3 -30.9 -356 -38.9 -40.6 -40.6
Severe Risk ALL 31.8 -16.5 -35.5 -40.7 -42.0 -425 -425
MJJ 69.8 -6.5 -324 -369 -37.2 -37.5 -375
ASO 26.3 -139 -30.0 -36.3 -38.7 -394 -394

4373 Notes: Hist refers to the historical baseline. M1-M6 indicate hindcasts with 1- to 6-month lead times.
4374
4375  Table S6.3. Overestimation frequency (%) of deterministic VD forecasts across different risk

4376  intervals and seasons at 1- to 6-month lead times relative to the historical baseline (2001-
4377 2017).

Risk interval Season Hist M1 M2 M3 M4 M5 M6

All Risk ALL 243 12.9 5.5 2.8 20 1.5 1.5
MJJ 26.8 13.5 5.8 2.6 1.9 1.5 1.5
ASO 21.9 12.3 5.3 3.0 2.0 1.6 1.6
Mild Risk ALL 18.6 10.8 4.9 2.7 20 1.6 1.6
MJJ 20.7 11.6 5.5 2.6 1.9 1.5 1.5
ASO 16.5 10.0 4.4 2.8 2.0 1.6 1.6

Severe Risk ALL 53.2 36.0 324 30.0 314 29.7 29.7
MJJ 63.1 47.9 44.3 29.7 29.9 32.5 32.5
ASO 48.8 31.2 30.7 29.9 31.8 28.1 28.1
4378 Notes: Hist refers to the historical baseline. M1-M6 indicate hindcasts with 1- to 6-month lead times.
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4379

4380 Table S6.4. Underestimation frequency (%) of deterministic VD forecasts across different risk
4381 intervals and seasons at 1- to 6-month lead times relative to the historical baseline (2001—
4382  2017).

Risk interval Season Hist M1 M2 M3 M4 M5 M6

All Risk ALL 28.5 36.2 410 424 428 431 43.0
MJJ 30.1 38.6 442 457 46.0 463 46.2
ASO 26.8 33.8 37.8  39.1 39.6 399 399
Mild Risk ALL 26.8 326 36.7 37.8 38.1 384 384
MJJ 29.2 35.7 404 417 420 422 422
ASO 24.0 294 327 337 3441 344 344
Severe Risk ALL 33.0 514 573 606 583 546 547
MJJ 241 36.7 384 520 388 51.7 517
ASO 36.8 58.7 60.5 611 60.0 56.6 56.6

4383 Notes: Hist refers to the historical baseline. M1-M6 indicate hindcasts with 1- to 6-month lead times.
4384

4385  Table S6.5. RMSE differences of deterministic vegetation deterioration forecasts across key
4386  case study regions at 1- to 6-month lead times, disaggregated by season (ALL, MJJ, ASO)
4387  during 2001-2017.

Key

i Season M1 M2 M3 M4 M5 M6
region
ALL 0.01 0.14 0.17 0.18 0.18 0.18
Riv MJJ -0.02 0.15 0.18 0.19 0.18 0.18
ASO 0.04 0.15 0.18 0.19 0.2 0.2
ALL 0.01 0.15 0.24 0.29 0.3 0.3
Wim MJJ -0.06 0.04 0.05 0.05 0.05 0.05
ASO 0.09 0.27 0.44 0.53 0.54 0.54
ALL 0.05 0.18 0.25 0.31 0.33 0.32
GoV MJJ -0.04 0.1 0.15 0.18 0.18 0.18
ASO 0.13 0.26 0.34 0.44 0.47 0.47
ALL -0.03 0.11 0.19 0.21 0.22 0.22
SwS MJJ -0.11 0.07 0.13 0.14 0.14 0.14
ASO 0.05 0.16 0.25 0.29 0.31 0.31

4388  Notes: M1-M6 indicate hindcasts with 1- to 6-month lead times. Seasons: ALL = May—October (full),
4389  MJJ = May-July (early), ASO = August—October (late).
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4392 Table S6.6. Ranked Probability Skill Score (RPSS) of probabilistic vegetation deterioration
4393  forecasts across key case study regions at 1- to 6-month lead times, disaggregated by
4394  season (ALL, MJJ, ASO) during 2001-2017.

Key
i Season M1 M2 M3 M4 M5 M6

region
ALL -0.01 0 -0.06 -0.07 -0.13 -0.14

Riv MJJ -0.1 -0.1 -0.13 -0.12 -0.19 -0.15
ASO 0.08 0.1 0 -0.02 -0.07 -0.15
ALL 0.05 0.01 -0.02 -0.07 -0.14 -0.12

Wim MJJ -0.15 -0.18 -0.17 -0.15 -0.24 -0.15
ASO 0.24 0.18 0.11 -0.01 -0.07 -0.1
ALL 0.04 0.04 -0.02 -0.06 -0.1 -0.07

GoV MJJ -0.02 -0.1 -0.14 -0.16 -0.23 -0.1
ASO 0.09 0.16 0.08 0.04 0 -0.05
ALL 0.03 0.04 -0.04 -0.08 -0.11 -0.09

SwS MJJ -0.03 -0.05 -0.15 -0.18 -0.21 -0.11
ASO 0.08 0.11 0.05 0.01 -0.03 -0.08

4395  Notes: M1-M6 indicate hindcasts with 1- to 6-month lead times. Seasons: ALL = May—October (full),
4396  MJJ = May-July (early), ASO = August—October (late).
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Chapter 7

Conclusions and future research directions

7.1. Research Summary

This thesis advances the field of informative drought early warning by improving the
forecasting capability of vegetation deterioration (VD) risks in southeastern Australia’s
dryland agricultural ecosystems. The merit of my proposed approach lies in its ability to
predict vegetation growth conditions for the upcoming month or season in advance, with an
accompanying level of skill measured by several metrics. My methodology aims to bridge the
gap between current soil moisture conditions and future vegetation status. By developing a
predictive framework, | can provide valuable insights into the potential impacts of soil
moisture deficits on vegetation health. This information is crucial for enhancing drought
preparedness and mitigation strategies of natural capital, landscape function, ecosystem
services, and farm productivity, potentially benefiting agricultural businesses and agricultural-

dependent communities.

First, this thesis investigated the relationship between vegetation dynamics and soil moisture
variability, assessing the predictive performance of copula-based joint probability modelling
in identifying critical threshold values that trigger multi-categorical VD risks (VD4-VDs).
Second, the thesis introduced an innovative 'threshold event-matching' framework, which
significantly enhances the predictive capability for infrequent severe VD events. Third, by
integrating copula-based joint probability modelling with the event-matching framework, the
study refined and validated a robust prediction approach capable of capturing VD events
across both frequent mild and infrequent severe severities, with particular relevance to
agricultural vegetation systems. Finally, this thesis demonstrated the operational applicability
of the established framework by applying it to ensemble soil moisture forecast datasets,
quantifying both predictive skill and practical early warning horizons. This integration
provides critical lead-time information for drought risk management, enhancing the
effectiveness of drought early warning systems across the study region and potentially

beyond to other Australian agricultural regions.
Four key research questions were determined for the thesis:

RQ1. (Chapter 3): Can the joint probability distribution approach (e.g., copula-based
models) be used to develop a statistical framework for predicting multi-categorical
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vegetation deterioration events based on historical root-zone soil moisture

simulations?

RQ2. (Chapter 4): Do in-situ soil moisture observations, through a ‘threshold event-
matching’ approach, offer potential capability in predicting infrequent-severe

vegetation deterioration events, and if so, what is the lead time?

RQ3. (Chapter 5): Can the ‘threshold event-matching’ approach improve predictions
of vegetation deterioration severity at large scales, and how does integrating with
copula-based models enhance prediction accuracy for different land use types in

southeastern Australia?

RQ4. (Chapter 6): To what lead time can ensemble soil moisture forecasts skilfully
predict vegetation deterioration risks, and how can deterministic and probabilistic

forecasts be applied into drought early warning systems?

These questions were addressed in corresponding chapters as indicated above in brackets.
The following sections summarise and conclude the research presented in this thesis, with

Section 7.2 proposing future research directions.

Previous research has demonstrated that vegetation degradation strongly correlates with soil
moisture drought stress, particularly in dryland regions (Zhang et al., 2023). Root-zone soil
moisture exhibits paramount importance for terrestrial dryland vegetation ecosystems
compared to other hydro-meteorological factors (Chen et al., 2014; Akuraju et al., 2017).
Consequently, this thesis primarily utilised root-zone soil moisture as the only predictive
variable. Chapter 3 developed a prediction framework based on standardised anomalies (i.e.,
z-scores) of root-zone soil moisture to predict the severity category of VD events, as
classified from a satellite-derived vegetation index (i.e., NDVI) in southeastern Australia. The
quantitative relationships between soil moisture and vegetation anomalies were established
through time-lagged Spearman correlation analyses and copula-based joint probability
modelling. Using this probabilistic framework, the conditional probabilities of multi-categorical
VD risks were estimated under varying scenarios of root-zone soil moisture anomalies. The
analysis highlighted the complex and region-specific nature of vegetation responses to soil
moisture deficits, with response times mainly varying from 8 to 40 days across different
ecosystems. Although the copula-based prediction framework proved effective in anticipating
frequent-mild vegetation drought impacts, it showed limitations in predicting infrequent-
severe events. This chapter advances drought early warning systems by quantifying

vegetation deterioration risks using soil moisture thresholds across multiple vegetation
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categories, thereby providing valuable insights for agricultural and environmental

management practices.

To enhance the predictive capability for infrequent severe events, Chapter 4 developed an
innovative threshold-based event-matching methodology, using in-situ soil moisture
observations from the central and western United States of America. This approach proved
particularly effective in capturing severe VD events? triggered by soil moisture anomaly
signals. In details, the investigation assessed the predictive potential of soil moisture
observations for satellite-derived vegetation drought impacts by identifying critical thresholds
that delineate the soil moisture stress and VD classifications. The predictive performances
were measured by F-score to balance the trade-off between false alarms and missing events
across varying soil moisture depths and VD classifications. The results demonstrated that the
threshold event-matching approach significantly outperformed random prediction references,
as evidenced by the positive improvements in F-scores. Notably, enhanced predictability was
achieved for more infrequent-severe VD events (e.g., -2.0 standard deviations), with optimal
z-score threshold combinations aligning the similar values of soil moisture anomaly and
vegetation index anomaly thresholds. The framework also provided effective lead times of
approximately 2-6 weeks, with agricultural regions showing markedly superior predictive
capability compared to forest and natural vegetation zones. Overall, the methodology
developed in Chapter 4 demonstrated considerable strength in forecasting moderate to
extreme VD events during drought seasons, with enhanced predictive capability for drought

early warning systems.

Chapter 5 extended the analytical framework established in Chapter 4 by investigating the
predictive capability of root-zone soil moisture as simulated by the Australian Water
Resource Assessment (AWRA-L) land surface model across extensive spatial domains. This
chapter systematically assessed the performance of individual copula-based modelling,
event-matching approaches, and their integrated frameworks in predicting VD risks across
southeastern Australia. The findings revealed distinct complementary strengths: copula-
based prediction frameworks tended to underestimated VD risks, showing a bias toward
mild-to-moderate categories (VD1-VD2) while underrepresenting severe categories (VD3-VDs).
In contrast, ‘event-matching’ frameworks showed a tendency toward overestimation with
reduced accuracy in mild-to-moderate cases (VD+-VD2) and reasonable performance in
severe categories (VDs-VDs). While neither the standalone copula-based nor ‘event-
matching’ models demonstrated consistent superiority over the reference persistence model
(VD¢ = VD¢¢) for near-future forecasting, their integration provided valuable complementary
insights into VD risks derived from soil moisture signals. The robustness of this integrated
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approach was further corroborated through a case study of the 2002 drought, in which the
combined framework achieved improved predictive accuracy. This methodology proved
particularly effective in drought-prone agricultural land use regions while providing notably
shorter response scope compared to other land use regions. Ultimately, this chapter
contributed significant insights into the operational feasibility of soil moisture-based
predictions for drought risk management, particularly in regions characterised by diverse

agricultural land-use patterns.

The final research question addressed in Chapter 6 examined the use of seasonal soil
moisture forecasts to explore VD risk prediction. Specifically, it assessed the skill of
probabilistic and deterministic VD forecasts during the annual growing season (May-October)
using ensemble soil moisture hindcasts at lead times ranging from 1 to 6 months. The
findings indicated that, although forecast skill decreases with longer lead times, the
integrated copula- and event-matching-based framework effectively forecast the spatial-
temporal patterns and severity of VD risks across the study area. Rather than demonstrating
uniformly robust forecast skill, the analysis illustrated how combining soil moisture forecast
lead time with vegetation response lag provides a structured framework for interpreting
potential VD risk evolution over subseasonal to seasonal timescales, particularly in regions
where soil moisture—vegetation coupling is relatively strong. This horizon combines the
inherent vegetation-soil moisture response time (0-2 months) with the extended lead time (1-
3 months) provided by soil moisture forecasts. The probabilistic VD risk forecasts provided
sub-seasonal to seasonal outlooks, with the probabilistic approach particularly effective in
distinguishing between mild and severe VD risks, maintaining prediction confidence above
50% for VD risks up to 4 months across the majority of the study area. The framework
proved especially effective in regard to VD early warning capability during the late growing
season (August—October), demonstrating higher predictive skill in inland pastoral and dryland
cropping zones. Overall, the framework provided reliable and valuable probabilistic insights
into the likelihood and severity of drought-induced vegetation stress. These results
demonstrate that integrating seasonal soil moisture forecasts into the predictive model
developed in Chapter 5 can extend the overall early warning horizon, thereby offering
additional lead time for implementing drought preparedness and mitigation strategies. The
early warning signals generated by this framework can help in effectively informing decision-

making for the agricultural sector of southeastern Australia.

In summary, this thesis presents a comprehensive framework for forecasting vegetation

deterioration risks using soil moisture anomalies, with a particular emphasis on the

agricultural regions of southeastern Australia. The core studies collectively represent a
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significant advancement in impact-based drought early warning capabilities through the
development and validation of novel predictive frameworks that enhance the forecasting skill
across the varying severity levels of VD events. Furthermore, the integration of ensemble soll

moisture hindcasts may help extend the temporal reach of drought early warning systems.

7.2. Limitations, knowledge gaps, and future research directions

This research has significantly advanced the field of drought impact early warning through
developing a comprehensive categorical VD forecasting framework. Despite these
advancements, several limitations remain that warrant further investigation. Future work
should focus on enhancing the operational efficiency of the framework, expanding its
geographical scope, and integrating additional environmental variables to improve real-time
drought predictions. This will provide stakeholders with the tools necessary to mitigate
drought impacts on agriculture and the environment, ultimately enhancing drought resilience
across Australia. Suggested directions for future research include: (1) refinement of the
multiple model integration approach; (2) integration of hydrometeorological and oceanic-
atmospheric variables as additional predictors; (3) integration of additional satellite-based
vegetation products in drought Impact assessment; (4) expansion of model spatial scale; (5)
framework transformation with operational seasonal soil moisture forecasts; (6) Linking
economic cost-loss analysis to the VD forecast framework; and (7) Validating the framework

in the context of climate change. Each of the areas is discussed below.
(1). Refinement of the multiple model integration approach

This study underscores the need for advancements in the vegetation deterioration (VD)
prediction framework to enhance predictive accuracy in regions with persistently low forecast
skill, including coastal and other substantial fractions of inland regions (Chapter 6). This can
possibly be achieved through region-specific adaptations that emphasise understanding
localised vegetation response patterns to hydrometeorological variability. Optimising
prediction capabilities requires refining the integration of multiple models, particularly through
advanced hybridisation of copula-based and event-matching methods. A key development
area involves spatially explicit weighting schemes that allow geographically varying
contributions from copula-based and event-matching models based on local performance
metrics (Hao et al., 2018), together with dynamic threshold adjustments for evolving climate
conditions and regional characteristics (De Kauwe et al., 2020). Additionally, as discussed in
Chapter 5, incorporating vegetation condition persistence as the initial VD categories in

hybrid models alongside the antecedent soil moisture anomalies may enhance forecast
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accuracy, particularly for agricultural regions where short-term persistence forecasts show

potential for improvement.

(2). Integration of hydrometeorological and oceanic-atmospheric variables as additional

predictors

The current framework demonstrates context-dependent utility using root-zone soil moisture
as the primary predictor of vegetation health. However, opportunities exist to enhance the
framework by incorporating additional environmental parameters, such as
hydrometeorological (e.g., maximum temperature extremes, atmospheric evapotranspiration
(ET) demand), along with dominant oceanic-atmospheric drivers of intra-seasonal or
interannual droughts in Australia, including the El Nifio—Southern Oscillation (ENSO), the
Indian Ocean Dipole (IOD), the Madden-Julian Oscillation (MJO), and the Southern Annular
Mode (SAM) (Feng et al., 2020; Holgate et al., 2020; BoM, 2020). Integrating these
parameters into VD predictive models may improve the representation of climate—vegetation
linkages relevant for drought forecasting, particularly in regions where vegetation responses
are not well explained by soil moisture alone. This further research direction will contribute to
more robust VD predict framework, particularly for regions with complex environmental
interactions and diverse vegetation ecosystems. Nonetheless, future developments must

also account for the sample size limitations associated with higher-dimensional modelling.

(3). Integration of additional satellite-based vegetation products in drought Impact

assessment

The current framework can adapt to alternative vegetation condition indicators beyond the
currently standalone use of the Normalised Difference Vegetation Index (NDVI). Future
research should explore integrating other satellite-derived vegetation products, such as near-
infrared reflectance of vegetation (NIRv), solar-induced chlorophyll fluorescence (SIF), kernel
NDVI (kNDVI), and vegetation optical depth (VOD). These indices offer complementary
perspectives on vegetation functionality, particularly photosynthetic activity and carbon stock
dynamics in terrestrial ecosystems under hydrometeorological stress (Badgley et al., 2017;
Camps-Valls et al., 2021; Liu et al., 2015; Sun et al., 2017). Expanding to include gross
primary production (GPP) and leaf area index (LAI) measurements would further deepen our
understanding of ecosystem carbon stock dynamics and structural responses to varying
drought stress scenarios (Smith et al, 2019). This methodological expansion would

significantly advance our comprehension of vegetation-environment interactions under
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drought conditions, enhancing the framework's capacity to capture complex ecosystem

responses and contributing to more robust drought prediction and management strategies.

(4). Expansion of model spatial scale

While the current research framework has proven effective within southeastern Australia,
including Victoria, the Australian Capital Territory, and southern New South Wales, its
applicability to other significant agricultural production regions remains unexplored. Future
research should focus on expanding this framework across the Australian continental
landscape, extending from Queensland's intensive farming zones through South Australia's
coastal agricultural districts to Western Australia's diverse agricultural regions. This
expansion would encompass both winter- and summer-dominant rainfall regions,
representing a broad spectrum of Australian farming systems (Hochman et al., 2017). The
validation process should tune and assess the framework performance across these varied
landscapes, considering each region's unique agricultural practices and environmental
conditions. This expansion would enhance the framework's utility for national agricultural
planning and drought risk management, offering broader applicability across diverse
ecological and climatic contexts and contributing to more effective continental-scale drought

risk management strategies.

(5). Framework transformation with operational seasonal soil moisture forecasts

The shift from hindcast analyses (Chapter 6) to operational forecasting frameworks
introduces both challenges and opportunities. The current study used hindcast data at a
monthly resolution from 2001 to 2017, while the Australian Water Outlook (AWO) operational
system employs a sophisticated 99-member time-lagged ensemble methodology for real-
time forecasting. This system, available since October 2021

(https://awo.bom.gov.au/about/overview/forecasts),  significantly  enhances ensemble

dimensionality compared to the 27-member hindcast ensemble in this study. The AWO
operational framework provides soil moisture estimations using ensemble percentiles (5th,
25th, 50th, 75th, and 95th), with forecast lead times from one to three months. Future
research should integrate these percentile-based soil moisture forecasts into the VD
prediction framework. This will require refining statistical techniques to accommodate the
utilisation of the full percentile distribution in VD risk prediction. Furthermore, future research
could also explore optimisation, potentially incorporating weighted ensemble approaches that
account for forecast uncertainty with the increased ensemble number across different lead

times and seasons. Integrating these operational soil moisture forecasts represents a critical
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step towards developing a real-time VD forecasting system for impact-based drought early

warning systems.

(6). Linking economic cost-loss analysis to the VD forecast framework

Future research could explore how VD forecasts may be linked to external economic cost—
loss or cost—-benefit analysis frameworks, allowing forecast information to be interpreted
within individual business contexts. Such linkages would enable decision-making to remain
with individual business holders, where economic outcomes depend on specific risk
preferences, management practices, input costs, and commodity prices, rather than being
embedded directly within the forecasting framework. Research could examine the
relationship between VD categories and economic metrics, such as income variability
(ABBERS, 2022), food security (Rachester, 2023), yield outcomes, ecological services
values (Crausbay et al.,, 2017), and potential loss of wildfire (Jolly et al.,, 2015), to identify
critical thresholds or tipping points for proactive intervention (Klein et al, 2015).
Implementing this relative value analysis plot through cost-loss ratio assessments (Busker et
al., 2023; Shyrokaya et al., 2023;) align VD forecasts could optimise early action triggers,
facilitating the evaluation of intervention timing and resource allocation before drought events,
thus enhancing stakeholder decision-making across diverse agricultural and environmental
sectors (Busker et al., 2023; Richardson, 2000; Wilks, 2001).

(7). Evaluating the framework in the context of climate change

The research framework is increasingly significant within the context of accelerating climate
change, which is expected to intensify the frequency and severity of droughts in southern
Australia (Hochman et al., 2017). This underscores the need for reliable drought impact early
warning tools for long-term climate adaptation, particularly in regions vulnerable to drought-
induced vegetation stress. The Australian Water Outlook's national hydrological projections

(https://awo.bom.gov.au/about/overview/projections) provide a temporal framework for

assessing future soil moisture conditions, focusing on 2030, 2050, 2070, and 2085 (BoM,
2020). Future research should examine the framework's predictive capability under projected
climate scenarios, particularly for RCP4.5 and RCP8.5 emission scenarios. This will involve
adapting soil moisture-vegetation response relationships to account for enhanced
atmospheric CO, concentrations and altered precipitation patterns, as well as refining
prediction frameworks to accommodate changing temperature extremes and soil moisture
availability (Knauer et al., 2017). Extending and evaluating this framework under projected

climate scenarios is crucial for improving drought preparedness and mitigation strategies,
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particularly in agricultural regions most vulnerable to climate change impacts. This research
direction will contribute to adaptive management approaches that consider both current and

future climate scenarios in drought risk assessment and mitigation planning.
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