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Abstract

Droughts are extreme dry events that decrease an ecosystem’s and society’s availability
of water resources, leading to impacts on vegetation health and agricultural produc-
tion and food shortages. Of particular note are droughts that develop on a more rapid
timescale (about 1 month), termed flash droughts. Flash droughts have gained increas-
ing attention in the past decade, because they can result in more rapid desiccation,
or deterioration in crop health, than what would normally be expected. Research
into flash drought events have found certain key variables, such as soil moisture and
evaporation from the soil and plants, and potential evaporation are among the key
variables driving flash drought events. Varying approaches have resulted in the cre-
ation of multiple methods for identifying and quantifying flash droughts, each using
different variables and thresholds (for the rapid intensification) to define them.
Machine learning (ML) techniques have been growing in popularity in the envi-
ronmental sciences due to their ability to accurately represent different environmental
phenomena, including drought. However, the use of ML for rapidly developing droughts
remains largely unexplored. Thus, this dissertation aims to investigate the ability of
various ML techniques to identify flash drought phenomena. Because ML use in flash
drought is largely unexplored, this dissertation explores how multiple ML algorithms,
such as random forests, support vector machines, several deep learning methods (e.g.,
several types of artificial neural networks), can identify flash drought events. The
ML algorithms were trained on key variables known to drive flash drought events —
soil moisture, evaporation, potential evaporation, temperature, precipitation, and the
change in soil moisture, evaporation, and potential evaporation. Lastly, feature im-
portance (the importance of each variable to the ML algorithms) was determined from
Shapely values and permutation importance methods to give the ML algorithms in-
terpretability and explainability. Results showed ML is capable of representing flash

drought events, with boosted trees and recurrent neural networks showing the most
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skill. However, the ML algorithms thought flash droughts were more active in the
hotspot regions, and the more likely in the late growing season than observations actu-
ally show. Feature importance in the ML algorithms showed that the algorithms were
relying heavily on soil moisture, precipitation, and potential evaporation to predict
flash drought, explaining why they over-emphasized the seasonality. Global represen-
tation of flash drought were also be investigated to determine how well the ML models
generalize and represent flash drought over vastly varying ecosystems, and to examine
rarely examined flash drought events. Global results showed that ML models trained
at local scales were significantly more skillful than at the global scale. The skill ML
has shown can allow us to not only push our understanding of flash droughts forward,
but can also help represent flash droughts in numerical models and allow us to identify

flash droughts in real time, and potentially lead to flash drought predictions.
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Chapter 1

Introduction

Droughts are extreme dry events that decrease an ecosystem’s and society’s availability
of water resources, leading to impacts on vegetation health and most primarily agri-
cultural loss and food shortages, though dry conditions can also increase the likelihood
for fires, and lead to or exacerbate heatwaves. In extreme cases, such as in eastern
Africa in the mid 2010s and early 2020s, strong drought can cause famine or exacer-
bate humanitarian crises as a result of the water deficit (Ribeiro et al. 2021; Dikshit
et al. 2022a; Lesk et al. 2022; Krishnamurthy R et al. 2022; Runde et al. 2022; Palmer
et al. 2023). In historical records, disappearing civilizations, such as the Ancestral
Pueblo civilization in the southwestern United States, has been attributed to strong
drought events (Cook et al. 2016). As a result, being able to understand, identify,
and predict drought events becomes essential in being able to adapt to and mitigate
drought impacts.

Of particular note are droughts that develop on a more rapid timescale (about 1
month), termed flash droughts. Flash droughts have gained increasing attention in
the past decade as drought events that develop much faster than expected, and which
can also result in more notable desiccation, or deterioration in crop health, due to the
rapid water loss. For example, the 2012 flash drought in the central United States had
impacts up to $17 billion due to agricultural losses (Otkin et al. 2016). In addition,
with future projections showing flash droughts becoming more common in a warming

climate, potentially even the new normal for droughts (Christian et al. 2021; Shah et al.



2022; Yuan et al. 2023), more research has started to focus on flash drought events.
This research has found certain key variables, such as soil moisture, evaporation from
the soils and plants, and potential evaporation are among the key variables driving
flash drought events (Otkin et al. 2018; Christian et al. 2019b; Chen et al. 2019; Otkin
et al. 2021; Tyagi et al. 2022).

In addition, research on flash drought has started to approach a consensus on what
it takes to define or quantify a flash drought event (a period of rapid intensification, in
which a variable undergoes rapid change from normal conditions to drought conditions
in about 1 month; e.g., Christian et al. 2019b, 2023; Noguera et al. 2020; Liu et al.
2020b; Otkin et al. 2021). However, varying approaches have resulted in the creation
of multiple methods for identifying and quantifying flash droughts, each using different
variables and thresholds (for the rapid intensification) to define them. These differ-
ent flash drought identification methods each give different prerogatives, identifying
different hotspots (regions where flash drought occurs more frequently) and different
seasonalities (months or season in which flash drought is more likely) relating to the
variable used to identify flash drought.

Alongside flash drought research, research into machine learning applications in
environmental sciences has also been growing in popularity and use. This is because of
machine learning’s ability to accurately represent and predict different environmental
phenomena. In particular, machine learning has proved useful in being able to rep-
resent drought events, and some machine learning predictions for drought have even
outperformed some of the existing methods for drought prediction (Rhee and Im 2017;
Rahmati et al. 2020). This representation of drought with machine learning has further
improved as scientists have started to explore more complicated machine learning tools

such as different types of artificial neural networks (Dikshit et al. 2022b; Hsieh 2022).



However, the use of applying machine learning to rapidly developing droughts remains
largely unexplored Dikshit et al. (2022b); Tyagi et al. (2022).

This dissertation contributions are the application of various machine learning tech-
niques towards predicting flash droughts, and investigating their performance and
which technique is best performing. Because there is not yet any consistent defini-
tion of flash drought and to give an unbiased approach, this dissertation explores the
ability of machine learning algorithms to predict flash drought according to various
different flash drought identification methods or definitions. In addition, because ma-
chine learning use in flash drought is largely unexplored, this dissertation also explores
how multiple different machine learning algorithms, such as random forests, support
vector machines, artificial neural networks, recurrent neural networks, and U-shape
convolutional networks, can represent flash drought events. Variables used to train the
machine learning algorithms were key variables known to drive flash drought events —
soil moisture, evaporation, and potential evaporation, the changes in these variables,
and temperature and precipitation. The machine learning models were evaluated us-
ing several different approaches; by examining the bulk statistics, by examining the
climatological predictions of the ML models, and by examining the local predictions
of the ML models (i.e., the ML predictions of specific case studies). Lastly, feature
importance (the importance of each variable to the machine learning algorithms) and
feature attribution (the contribution of each variable to the machine learning algo-
rithms) was determined from Shapely values, permutation importance, and GINI (for
tree based models) methods to give the machine learning algorithms interpretability
and explainability.

The first two parts of this dissertation used a regional reanalysis over the contiguous
United States to investigate flash drought representation over a single country. It was

hypothesized that machine learning models could accurately represent FD based on



their success with traditional droughts. And the results showed machine learning is
capable of representing flash drought events, with boosted trees, and recurrent neural
networks showing the most skill. However, the machine learning algorithms tended
to over emphasize hotspots and seasonalities (i.e., the machine learning algorithms
thought flash droughts were more active in the hotspot regions and they think flash
droughts are more likely on their favorable months than observations actually show).
Feature importance in the machine learning algorithms showed that the algorithms were
over reliant on only one or two variables (typically soil moisture and precipitation), and
did not incorporate the full suite of variables to learn surface interactions. This can
result in some cases, such as with the Ada boosted trees and random forests, where the
model seems to learn more about the climatology of a single variable as opposed to flash
drought patterns, and explains why certain summer months were over emphasized.

The final part of this project incorporated the global ERA5 dataset to investi-
gate how well the machine learning models generalize to the globe and represent flash
drought over vastly varying ecosystems. Therefore, in addition to investigating global
machine learning performance, this project also builds on Noguera et al. (2020), Pen-
dergrass et al. (2020), Liu et al. (2020b), and Otkin et al. (2021) by examining global
climatology for these identification methods. It was hypothesized in this final part that
machine learning models should be able to generalize flash drought outward if they did
well in the United States (given the highly heterogeneous climate regimes within the
United States), and help deliver flash drought predictions to various parts of the globe.
Differing levels of impact and human response to droughts and flash droughts were
also expected from the case studies based on recent events (e.g., food crises in eastern
Africa versus drought response in the United States).

The results from these showed, however, that both RNNs and boosted tree al-

gorithms struggled more than expected, and focused on predicting flash drought for



specific parts of the globe, such as the tropics, Mid-Latitudes, or high latitudes depend-
ing on identification method being predicted, than finding patterns across the whole
globe. In this case, the results showed that for some machine learning algorithms,
training at the local level may be necessary for accurate predictions.

Specific case studies across the globe also showed a secondary element to drought
and flash drought impacts that is rarely discussed in the literature — human response.
Societies that have more safeguards to guard against droughts and societies that re-
spond to them (such as limiting water use, or being able to increase food imports from
other locations) tend to be more weakly impacted by droughts and flash droughts.
In contrast, societies at greatest risk to drought and flash drought impacts are those
that do not have as many safeguards against these events, or have governments that
respond poorly (e.g., by withholding relief supplies). Overall, this dissertation takes
some of the first steps in incorporating machine learning to flash drought identification
and prediction. The skill of machine learning has shown can allow us to not only push
our understanding of flash droughts forward, but can also help represent flash drought
more accurately in numerical models and allow us to identify flash droughts in real

time, and potentially to predict them (two facets that are beyond our current ability).



Chapter 2

Background

The topics of machine learning (ML) and flash drought (FD) have, with only two
known exceptions (Zhang et al. 2022; Foroumandi et al. 2024), not been put together
in the literature. The little cross section between the two topics can result in many
people know aspects of one topic, but not the other. In order to ensure all aspects of
the dissertation are understandable to any reader, this chapter gives a brief overview
of drought and how research on it has evolved, of ML and how it has been applied
to drought monitoring and prediction, and of FD and how research on that topic
has progressed. Lastly, this chapter concludes with an overview of the project goals,

research questions, and brief overview on how the research was conducted.

2.1 Traditional Drought

Droughts describe a dry extreme in moisture available to the environment to use.
Drought is typically divided into four separate categories, each describing different
forms of impacts and types of moisture shortages (Fig. 2.1; Hao et al. 2018; AghaK-
ouchak et al. 2022; Dikshit et al. 2022a). The first level is meteorological drought,
which stems from a precipitation deficit (and which can end quickly via precipitation
events). Second is agricultural drought, which is due to a soil moisture deficit (this can
be due to a long enough precipitation shortage that the soil moisture starts to dry out).

As the name implies, agricultural drought is when agricultural output is impacted by
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Figure 2.1: Tllustration of different types of drought and levels of impacts. [Figure 2
in Dikshit et al. (2022a).]

the water shortage. This is hydrologic drought, resulting from a decreased ground-
water, and has impacts on streamflow, runoff, and reservoirs. Lastly, socio-economic
droughts describe droughts that impacts the supply and demand of water, food, and
other such commodities, and are known to have a more profound impact on the society
due to the water loss.

Social impacts of drought have led to numerous studies on the phenomenon and
different ways in which to examine and identify them. As a note, there is no consen-

sus on a precise definition for drought, particularly when it comes to quantifying the



events, and definitions can vary, each using different metrics (or indices) and thresh-
olds (Hao et al. 2018; AghaKouchak et al. 2022; Dikshit et al. 2022a). One of the early
studies of drought derived an index by which drought could be investigated, termed the
Palmer Drought Severity Index (PDSI; Palmer 1965; Alley 1984). The PDSI incorpo-
rates precipitation and potential evaporation to estimate the entire water budget and
determine the moisture availability in the atmosphere, which is then used to derive the
index value. The use of the whole water budget has helped to make the PDSI one of the
most popular metrics for identifying and monitoring drought, however the PDSI has a
few disadvantages. For example, the PDSI can move into extreme values more easily
than expected, it responds slowly to change, and its value does not transfer well from
one region to another (e.g., a PDSI of -1 in the southwestern United States may not
have the same physical meaning as a PDSI of -1 in the southeast of the United States).
These were addressed with the calibrated PDSI outlined in Wells et al. (2004), which
normalized moisture anomalies with moisture percentiles and allowed more variable
duration factors. However, this last point (retaining the meaning of a drought index
from one location to another) has led to the use of standardized indices — drought in-
dicators, such as precipitation, transformed from their natural statistical distribution
into a standard normal distribution.

While numerous drought metrics or indices have since been published (on the or-
der of tens to hundreds; Zargar et al. 2011), the most popular index has been the
Standardized Precipitation Index (SPI; Guttman 1999), and the Standardized Precip-
itation Evaporation Index (SPEI; Vicente-Serrano et al. 2010). The SPI is simply the
precipitation transformed onto a standard normal distribution (so it changes rapidly
with precipitation and describes the atmospheric moisture supply). The SPEI is the
precipitation minus potential evaporation, transformed onto a standard normal dis-

tribution (thus describing the atmospheric moisture available). As a note, while the



different types of drought assume shortage of different types of moisture (precipitation,
soil moisture, and groundwater), most drought studies are conducted via precipitation
and potential evaporation, though many studies in more recent times have begun to
incorporate soil moisture into their analysis, also resulting in the creation in soil mois-
ture indices (e.g., Hunt et al. 2009; Cook et al. 2018; Baek et al. 2019; Kim and Raible
2021 and Stager et al. 2021 to name a few). Further, different types of drought are
examined by examining drought variables over different time scales (e.g., precipitation
with a 60-month running mean may be used to get the 60-month SPI and to investigate
annual to multi-annual drought; Kim and Raible 2021; Kim et al. 2022). In terms of a
global approach, these three drought metrics (PDSI, SPI, and SPEI), have been shown
to represent atmospheric moisture supply and availability well enough that they are
often taken as a sort of “truth value” when conducting drought studies across diverse
locations around the globe (e.g., Jiménez-Munoz et al. 2016; Rhee and Im 2017; Mo-
hamadi et al. 2020; Mehr et al. 2022) as well as on the global scale (e.g., Cook et al.
2018; Stevenson et al. 2018).

As discussed, identification of drought can be difficult given the plethora of available
indices, heterogeneity of drought, and differing levels of impacts depending on the time
scale and type of drought. The general ‘gold standard’ of drought identification and
monitoring in United States is considered to be the United States Drought Monitor
(USDM; Svoboda et al. 2002), which uses a suite of drought metrics, observations of
moisture conditions on the ground, and expert opinions to determine when there is
drought, how widespread it is, and what type of drought it is. This process shows
the complicated nature of drought, and the wide array of variables that have to be
considered to accurately monitor it.

Along with the discussion of drought identification is the discussion of drought

prediction, which is typically done in one of three ways: (1) hydrologic modeling, (2)



statistical modeling, or (3) a hybrid of the two (Fig. 2.2; Hao et al. 2018; AghaKouchak
et al. 2022; Dikshit et al. 2022a). Hydrologic modeling involves attempting to predict
moisture variables as a whole using physics-based numerical models and using those
to predict drought. However, the numerical models could be inaccurate (moisture
variables are known to be among the most difficult to represent in models and to
predict), the moisture budget may not be closed in the model, computations may
be difficult and computational expensive to perform, and so on. Statistical modeling
attempts to predict drought metrics using statistical correlations (e.g., using climate
indices in a multilinear model after determining how correlated or how strong of a
driver the climate index is in driving the drought). Hybrid models combine the two
approaches. Most notably among the statistical approach to drought prediction is the

emergence of machine learning in drought forecasting.

2.2 Machine Learning in Drought

Machine learning incorporates a set of inputs into iterative statistical models to create
a predictive model. The model is then trained to deliver to deliver realistic and reli-
able predictions (i.e., the model makes predictions, estimates the error, then changes
parameters in the model to reduce the error, and repeats until the error reaches a
minimum value, ideally a global minimum). A more complete overview of ML and
the ML models used in this dissertation can be found in chapter 3.4, and details on
ML methods and terminology can be found in (Chase et al. 2022, 2023). ML models
have a number of benefits, such as their ability to learn non-linear and non-stationary
patterns in datasets (Dikshit et al. 2022b; Park et al. 2016; Rhee and Im 2017; Dik-
shit and Pradhan 2021), and they have been shown to improve on existing methods

in making predictions (e.g., in predicting temperature extremes in Boulaguiem et al.
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2022, investigating atmospheric rivers, tropical cyclones, and fronts in Liu et al. 2016,
and in predicting evaporation and soil moisture in Babaeian et al. 2022; Li et al. 2022;
Liu et al. 2022). ML in drought studies have primarily been used a purely statistical
models (hence their reference as a statistical predictor in Figure 2.2), however they
can also be constrained by physical laws or features to help improve their performance
(in this approach ML models could be argued as a more hybrid approach to drought
predictions than purely statistical), though this approach is still largely unexplored in
drought predictions (Hsieh 2022).

While the use of ML in environmental sciences has shown a great deal of promise,
they are not foolproof. Once trained, the ML model parameters have been heavily
adjusted from their original values, meaning the exact nature of the model and how it
makes its predictions can be unknown, even to the designer of the ML model. Combined
with the fact that ML models are highly reliant on the dataset they are trained on,
learning any inherent bias, known and unknown, within them can make it difficult
to determine if the model is making correct predictions for the right reason, or if the
ML models are being ethical or can be fully trusted (McGovern et al. 2019, 2022;
Watson 2022; Mamalakis et al. 2022; Flora et al. 2024). This particular issue, on
making ML models understandable, explainable, interpretable, and trustworthy has
become important enough to spawn its own field of study termed explainable Al, or
XAI, which incorporates a number of methods to determine how ML models make
their predictions (e.g., see Mamalakis et al. 2022; Flora et al. 2024).

The use of ML to investigate and identify FD is still a new topic, with most studies
focused on investigating traditional, long-term drought events. Initially, much of the
research in ML and drought has focused primarily on standard ML approaches to
predict drought, such as various types of support vector regressors (e.g., Ganguli and

Reddy 2013; Mohamadi et al. 2020; Dikshit and Pradhan 2021), boosted decision trees
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and forests (e.g., Park et al. 2016; Rahmati et al. 2020), random forests (e.g., Park et al.
2016; Rhee and Im 2017; Rahmati et al. 2020; Prodhan et al. 2021), and other tree
based approaches (such as cubist models in Park et al. 2016). In addition, research into
this topic has almost entirely been treated as a regression problem, where a drought
index is predicted and used to represent drought (e.g., predicting SPI or SPEI), which
has proven useful given there is not a concrete definition of drought (Mohamadi et al.
2020; Dikshit and Pradhan 2021; Dikshit et al. 2022b). Predictors for drought have
also varied with each study, with most focusing on climate indices (e.g., Ganguli and
Reddy 2013; Rhee and Im 2017; Mohamadi et al. 2020; Dikshit and Pradhan 2021),
and/or satellite derived variables (e.g., Park et al. 2016; Rhee and Im 2017; Dikshit
and Pradhan 2021; Prodhan et al. 2021). The results of these studies have shown
ML models recreate drought indices well, though performance varies from one region
to another (as a note, many of these studies are conducted across various locations,
but ML drought prediction studies are more commonly published in China, India, and
Iran; Dikshit et al. 2022b). Overall, ML models have performed comparatively well
to other deployed methods for predicting droughts (Rhee and Im 2017; Rahmati et al.
2020).

Predictions of drought with ML methods have improved with the addition of neural
network based models (Dikshit et al. 2022b; Hsieh 2022). However, most drought
studies have focused on the standard, densely connected artificial neural networks
(ANNs; Mohamadi et al. 2020; Dikshit and Pradhan 2021; Dikshit et al. 2022b; Hsieh
2022). With the inclusion of ANNs and variants of them (the most popular variant
of ANNs in drought predictions being the adaptive neuro-fuzzy interface system or
ANFIS), drought predictions with ML methods have improved and become competitive
with the current methods of drought prediction. However, the full potential of ML

methods in drought are still largely unexplored, as many neural network types have not
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been thoroughly explored in drought predictions, including recurrent and convolutional
neural networks (RNNs and CNNs), despite the prominence of such networks in others
atmospheric and environmental sciences (e.g., in predictions of atmospheric extremes
and gross primary production with CNNs in Liu et al. 2016; Marcolongo et al. 2022,
2m temperature, relative humidity, and pressure with RNNs in Singh et al. 2019, and
temperature extremes with a generative adversarial network or GAN in Boulaguiem
et al. 2022). Indeed, most uses of neural network or deep learning (DL) methods have
come in monitoring and predicting proxies for drought, such as using RNNs and GANs
to monitor and predict soil moisture (Liu et al. 2020a; Foroumandi et al. 2024), or in
predicting evaporation with a mix of convolutional and recurrent networks (Babaeian
et al. 2022). In like manner, use of XAI methods is still being adopted in drought
predictions with ML. In addition, subsets of drought, such as FDs, have not been
greatly explored using ML methods (Dikshit et al. 2022b; Tyagi et al. 2022).

2.3 Flash Drought

Flash droughts describe the rapid evolution of drought conditions (on the order of 3
— 6 weeks depending on the definition of FD used; Otkin et al. 2018; Lisonbee et al.
2021; Tyagi et al. 2022). Emphasis of FD impacts has mostly been placed around
agricultural impacts (Mahto and Mishra 2020; Christian et al. 2021; Gavahi et al.
2022; Mahto and Mishra 2023), however they are known to develop dry conditions
that also lead into traditional, long-term droughts, increase ecosystem stress, increase
fire risk (Otkin et al. 2018, 2021; Lisonbee et al. 2021), and exacerbate, or lead into
conditions favorable for heatwaves (e.g., the 2010 Russian heatwave; Christian et al.
2020). However, FDs have proven more complicated to monitor and predict than

standard, long-term drought due to the inherent non-linearity involved in the surface
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feedback loop that characterized FDs, the strong heterogeneity in FD climatology, and
the fact that FD can develop from near or above normal moisture conditions (Otkin
et al. 2018, 2021; Basara et al. 2019; Christian et al. 2019a, 2021; Osman et al. 2021;
Tyagi et al. 2022). This is exacerbated further by the fact that rapid development of
FD means that long-term indices typically used for drought would not be effective in
monitoring FD events.

FDs are a relatively new discovery. The term was first popularized in 2002 (Svoboda
et al. 2002; Lisonbee et al. 2021), however studies into FD did not begin until 2013
with Anderson et al. (2013) (Otkin et al. 2018; Lisonbee et al. 2021; Tyagi et al. 2022).
Early research into FD focused on using evaporative stress to investigate drought,
creating the Evaporative Stress Index (ESI), and finding it was useful in being able
to characterize FD conditions, and in acting as a potential precursor for FD events
by up to two weeks (Anderson et al. 2013; Otkin et al. 2013, 2014). Following this,
other methods for developing early warning for FD were developed using the Rapid
Change Index (RCI; Otkin et al. 2014), which was built off of the ESI, and Evapora-
tive Drought Demand Index (EDDI; Hobbins et al. 2016; McEvoy et al. 2016), which
transforms potential evaporation into a standard normal distribution. These marked
some of the first indices created for the purpose of investigating and monitoring FD
conditions. Alongside these, research also focused on what characterized and drove
FD events, finding a positive feedback loop involving surface interactions (Tyagi et al.
2022; Christian et al. 2024). In this loop, high atmospheric demand (often driven by
high temperatures and/or low precipitation) would drive high evaporation from the
soils and vegetation. This would decrease available soil moisture, decreasing latent
heat flux and, to keep the surface energy budget balanced, increasing sensible heat
flux. This would increase the temperature, thus increasing the potential evaporation

and atmospheric demand, which in turn drive more evaporation (Fig. 2.3).
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Following this, a number of studies had been published about the mechanisms of
FD, however there were few attempts to properly define FD or quantify it. There-
fore, Otkin et al. (2018) challenged the FD community to work on quantifying FD and
determine definitions for FD, stressing the focus on the rapid intensification of drought
conditions, and on ensuring that the environment was actually in drought after the
rapid intensification period (in which the authors suggested the standard metric of a
moisture variable being below the 20th percentile). Numerous methods for identifying
and quantifying FD published as a result of this (e.g., Christian et al. 2019b, 2021,
2023; Noguera et al. 2020; Pendergrass et al. 2020; Li et al. 2020; Liu et al. 2020b;
Otkin et al. 2021; Osman et al. 2021).

The first of these was Christian et al. (2019b), which was later refined and improved
in Christian et al. (2022, 2023). This method focused on evaporative stress and the
change in evaporative stress to identify FD (the change in the evaporative stress had to
fall below certain percentiles to define the rapid intensification period, and the evapora-
tive stress had to fall below the 20th percentile at the end of the rapid intensification to
be determined as FD!; Fig. 2.4). Other methods used a similar approach of requiring a
metric had to change within a rapid time frame and fall below the 20th percentile to be
considered FD. For example, the method employed in Noguera et al. (2020) uses rapid

changes in the SPEI to define the rapid intensification period, and SPEI to determine

More precisely, the method in Christian et al. (2023) used the standardized evaporative stress
ratio to determine FD by requiring the intensification period is at least 30 days, the overall change in
the standardized evaporative stress ratio was below the 25th percentile, and that same variable was

below the 20th percentile at the end of the intensification period.
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if the region is in drought?. Pendergrass et al. (2020) employed two methods to iden-
tify FD using rapid increases in the USDM categories, and rapid increases in EDDI?,
while Ford and Labosier (2017) focused on soil moisture percentiles, which was later
incorporated in modified forms in Liu et al. (2020b), Yuan et al. (2023), Mahto and
Mishra (2023), and others. The idea behind these methods was to use soil moisture
percentiles. The rapid intensification began when the percentiles drop below the 40th
percentile and end when a threshold of percentile decrease was not being met. For
example, Liu et al. (2020b) required soil moisture percentiles to decrease by at least
6.5 percentiles per week to be considered rapid intensification. If the soil moisture
percentiles were below the 20th percentile at the end of the rapid intensification, then
it was flash drought. Lastly, the USDM was also used as a way to identify FD in Chen
et al. (2019) as well, which determined FD if a region experienced an increase of 2 or
more drought categories in a few weeks.

By the end of 2021, there were numerous published definitions for FD, each using
some different metrics and schemes, some assuming FDs last only 6 - 8 weeks, and
others allowing it to develop into traditional long-term drought, and others still not
focusing on rapid intensification at all (all methods published prior to 2021 are listed
in Lisonbee et al. 2021). Afterwards, more methods for FD identification were pub-
lished, such as Otkin et al. (2021) and Osman et al. (2021), which used two different

approaches with soil moisture. The plethora of different approaches to FD allows for

2The method in Noguera et al. (2020) required that the intensification period was at least 30 days,
that the SPEI droped at least 2 standard deviations in that time, and the SPEI was 1.28 standard
deviations below normal, the 10th percentile of a standard normal distribution, at the end of that

intensification period.
3 Pendergrass et al. (2020) required the EDDI to increase by 50 percentiles in 2 weeks and maintain

that high EDDI for at least 2 more weeks to be considered FD.
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numerous different ways to investigate FD, with each method giving its own “per-
spective”. For example, the Christian et al. (2019b) method emphasizes FD more in
moisture and energy transition regions and agricultural regions (due to the higher evap-
oration of crops) than other methods might (Osman et al. 2021; Alencar and Paton
2022).

In addition to this, studies on FD have begun to focus down on a select few variables
for investigating and identifying FD. Namely, studies have begun to focus heavily on
soil moisture (generally root-zone soil moisture) as one of the key variables in the feed-
back loop, but also evaporation and potential evaporation (Chen et al. 2019; Christian
et al. 2019b, 2021; Pendergrass et al. 2020; Otkin et al. 2021; Tyagi et al. 2022). Other
variables, such as high temperatures and low precipitation are also known to drive FD
and help initiate that feedback loop (Otkin et al. 2018; Tyagi et al. 2022). Similar
to traditional droughts, metrics focusing on these variables have also been created to
investigate FD events, with the ESI, RCI, and EDDI already discussed, but also the
Standardized Evaporative Stress Ratio (SESR; uses the ratio of evaporation to poten-
tial evaporation; Christian et al. 2019b; Lowman et al. 2023), the Standard Evaporative
Deficit Index (SEDI; uses the difference between evaporation and potential evapora-
tion; Vicente-Serrano et al. 2018; Li et al. 2020), and the Flash Drought Intensity Index
(FDII; uses soil moisture percentiles, how rapidly they decrease, and the length of time
they are below the 20th percentile to determine FD and FD intensity; Otkin et al.
2021), to name a few.

With the publication of FD identification methods also came studies examining the
climatological characteristics of FD. For example, Christian et al. (2019b) examined
the frequency of FD occurrence in the United States, finding several hotspot regions,
such as the areas of intensive agriculture in the central United States, on the south-

eastern coast of the United States, and in the upper Mississippi River floodplains. The
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Figure 2.4: Illustrations of FD identification methods for the (a) Christian et al. (2019b,
2023), (b) Liu et al. (2020b), and (c) Noguera et al. (2020) methods. Note the methods
cluster around identifying rapid intensification, and determining if the variable is below
a threshold at the end of the intensification period. [(a) Figure 2 in Christian et al.

(2019b), (b) Figure 2b in Liu et al. (2020b), and (c) Figure 1c in Noguera et al. (2020).]
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seasonality of FD (that is, the months more favorable for FD development/months in
which FD is more likely to occur), in the U.S. was also found to be more focused on the
spring and early summer seasons (Christian et al. 2019a; Chen et al. 2019). Other FD
climatologies studies have been conducted in the United States finding similar results
(e.g., Christian et al. 2019a; Otkin et al. 2021).

FD climatologies in other countries have also been examined, though not as fre-
quently. For example, studies have been conducted in China (Liu et al. 2020b; Li et al.
2020), in India (Mahto and Mishra 2020), and in Spain (Noguera et al. 2020). In India,
for example, many of the FDs were attributed to delayed or weak monsoons, though
temperature driven FDs were found in southern India and the upper Himalayas, with
similar seasonalities to the monsoon (Mahto and Mishra 2020). Note that most of the
FD studies have been focused on the United States and, to a lesser degree, in China,
with only a few studies in other locations.

To help with this, some of the research has discussed FD on a global scale (Chris-
tian et al. 2021, 2023; Qing et al. 2022; Yuan et al. 2023; Mahto and Mishra 2023).
These identified several regions across the world, such as the Iberian Peninsula, western
Russia, Northern Australia, southeast Asia, he eastern Amazon, and other agricultural
locations as being hotspots for FD development (Christian et al. 2021; Qing et al.
2022; Mahto and Mishra 2023). Christian et al. (2021) also examined the drivers of
FDs based on region, focusing on precipitation driven and PET driven FDs, with re-
sults varying vastly from region to region (e.g., FD in the European hotspots were
normally driven by high potential evaporation or increased atmospheric demand, while
man of the hotspots in the Americas had FDs driven by precipitation deficits). This
study has been complemented with Qing et al. (2022) and Mahto and Mishra (2023),
which found similar results and emphasize humid locations as being more vulnerable

to FD, and focused on the global agricultural impacts and responses to FD.
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Finally, with increased understanding of FDs, what drives them, how they develop,
their climatologies, and methods to quantify them, studies in recent years have begun
to focus on how FD will evolve in time (i.e., under climate change). While early in-
vestigations of FD in the Coupled Model Intercomparison Project, phase 5 (CMIP5)
yielded mixed results (Yuan et al. 2019; Hoffmann et al. 2021), later investigations of
FD in CMIP phase 6 (CMIP6) show more robust and realistic results in representing
FD (Christian et al. 2023; Yuan et al. 2023). In keeping with the heterogeneity of
FD, projections of FD into the future have shown some areas will increase in FD oc-
curence (e.g., in the Iberian Peninsula, eastern Europe, and the eastern Amazon; Shah
et al. 2022; Christian et al. 2023), and other areas where FD will decrease (e.g., in
India; Christian et al. 2023). Another study has also shown that FD is steadily re-
placing traditional, long-term drought as the default mode for drought initiation, and
showed FD will become more common in the future (Yuan et al. 2023), a trend that
has already been observed in global climatologies (Qing et al. 2022). This issue is
expected to worsen further with increasing populatios and increasing demands of agri-
culture and water supples (Gavahi et al. 2022; Iglesias et al. 2022; Shah et al. 2022;
Yuan et al. 2023; Foroumandi et al. 2024). Thus, being able to monitor and predict FD
becomes of high importance. One of the promising avenues in this, one that remains
untouched except for a few papers (Zhang et al. 2022; Foroumandi et al. 2024), is the
use of ML techniques for FD identification and prediction Tyagi et al. (2022); Dikshit

et al. (2022b).

2.4 Machine Learning and Flash Drought

Overall, a great deal of research has been done on droughts, drought predictions, the

use of MLL models to predict droughts, and about FDs, their drivers, mechanisms, and
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physical characteristics. However, there has been very little work to put these two
topics of ML predictions and FD together. Briefly, the studies by Zhang et al. (2022)
and Foroumandi et al. (2024) are the only known studies that explicitly attempts
to investigate FD using ML methods. Zhang et al. (2022) first identified droughts
and FDs using soil moisture and a method similar to Ford and Labosier (2017) for
FD identification, then they trained different ML methods to differentiate between
droughts and FDs, a feature the ML skillfully accomplished (and in which random
forests outperformed other ML methods, including RNNs). Foroumandi et al. (2024)
used a modified form of a GAN (called a conditional GAN or CGAN) to generate
maps of the Soil Moisture Stress Index (SSI), which was then correlated with FD
events. The CGANs showed considerable skill in being able to recreate the SSI maps,
and learned complex non-linearities in the soil moisture, though there were regions,
such as the northeastern United States and Great Lakes region, where the skill of the
model dropped a little.

There have also been other studies that have had similar ideas to FD and ML,
however these studies were predicting FD indicators, and monitoring and predicting
FD was not the goal of those studies. For example, other studies, similar to Foroumandi
et al. (2024), have sought to predict soil moisture using DL methods, such as Liu et al.
(2022) (which used random forests to predict soil moisture). Babaeian et al. (2022) used
recurrent and convolutional-recurrent neural networks to predict evaporation patterns,
with the convolurtional-recurrent network showing the greater skill.

However, aside from Foroumandi et al. (2024) (whose explicit goal was to monitor
FD via SSI), there has been no direct or explicit investigation of the ability of ML
models to represent and predict FD. Therefore, the contributions of this dissertation
project was the determination of the abilities of ML, such as random forests (RFs),

Ada boosted trees, support vector machines (SVMs), ANNs, RNNs, and convolutional
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U-nets, to represent FD events directly, determining which ML models perform best
for this task and where the ML models need to be improved. The ML models were first
trained locally, on a domain of the Contiguous United Stats (CONUS), with the best
performing models being carried over to a global domain to determine the ability of the
ML models to generalize to the heterogeneous patterns of FD. Because there is no single
definition for FD, the ML models were trained to identify FD according to five different
identification methods, and evaluated for each one. The use of a global analysis allowed
for the opportunity to investigate global FD patterns using identification methods that
have previously only been examined in certain regions, as well as investigate FDs in
regions that are rarely discussed in the literature, and thus see how impacts of FD may
vary from region to region. Therefore, in addition to the contributions stated above,
this dissertation also builds on the work done by previous investigations of regional FD
climatology by expanding their methods to the global domain and adding additional
global perspectives and patterns of FD to those made in Christian et al. (2021). This
dissertation will provide some of the early steps into incorporating ML methods in FD
research, help set some of the initial goal posts in ML performance for FD, and thence

improve our ability to monitor and predict FD events.
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Chapter 3

Datasets, Machine Learning Algorithms, and

Statistical Methods

3.1 Datasets

For this project, two datasets were used to train the ML models. The North Amer-
ican Regional Reanalysis was used to collect data for the contiguous United States
(CONUS) and training the datasets thereon, while the European Centre Medium-
Range Forecast’s Atmospheric reanalysis was collected to train the ML models on the
global scale. Figure 3.1 shows the design process, including variables collected from
each dataset, and some steps applied prior to ML training. The exact nature of the

preprocessing step changed depending on the dataset used, and is detailed below.

3.1.1 North American Regional Reanalysis

CONUS scale data for this project originate for the from North American Regional
Reanalysis (NARR) dataset (Mesinger et al. 2006). The NARR provides high resolution
data at the 0.3° x 0.3° or approximately 32 km x 32 km over North America and for
over 40 years of data (from 1979 to present). Surface variables in the NARR were
determined by the Noah land surface model (Ek et al. 2003). For the NARR, the SM
collected represents a 0 — 40 cm average in SM. While the NARR provides data for all

of North America, for this project it was subsetted to focus on CONUS.

25



A

Calculate FD Index

A 4

Identify FD

Input
Variables

-
.
’

Temperatur

T

s N
AY
e Evaporation Change in ET
(ET) (AET)

Change in PET Precipitation
(AET) (P)

I

1

1

1

:

1

Il Potential ET
: (PET)
1

1

1

1

1

1

\

Soil Moisture Change in SM
(SM) (AsMm) K
/7

N
~

__________________ [

Preprocessing

A\

Standardize
Variable

Make Class/Sample
Weights

Train ML model —><

Performance and
Verification

)

Figure 3.1: Experiment design for this project. The steps for data preparation can be

broken down into data collection, preprocessing (exact nature of preprocessing depends

on the dataset), splitting into training, validation, and testing folds, and standardiza-

tion.

26



The seasonality of FD in CONUS favors spring and summer seasons (Chen et al.
2019; Christian et al. 2019b, 2021). In addition, FDs have their greatest impact during
the agricultural growing season (April - October in North America), and hence many
FD studies focus on the growing season for FD research (Christian et al. 2019b; Shah
et al. 2022). Thus, for this project, the growing seasons for 1979 — 2021 were chosen
and the data was averaged into pentads (5-day, non-overlapping mean). The pentad
averaging was performed to retain the signal of FD predictors and minimize day-to-day

variations.

3.1.2 European Centre Atmospheric Reanalaysis v5

Global data was collected from the European Centre for Medium-Range Weather Fore-
casts (EMCWF') Atmospheric Reanalysis version 5 (ERA5) dataset (Hersbach 2023).
The ERA5 dataset provides high resolution, reliable data with high time scales that
have been shown to be effective in identifying FD (e.g., Christian et al. 2021; Shah
et al. 2022; Mahto and Mishra 2023; Yuan et al. 2023). The ERA5 data was collected
for the same years as the NARR data (1979 — 2021, and into 2022 ofor the Southern
Hemisphere). SM data from the ERA5 represent a 0 — 28 cm average in SM. Compared
to the NARR, additional levels of preprocessing was needed for the ERA5 dataset in
order to load the full dataset for ML training, and because of the nature of a global
dataset versus a local one.

First, the NARR dataset focused on a growing season of April to October, however
this is not consistent across all parts of the globe (more specifically across both hemi-
spheres). Christian et al. (2021) divided the globe into three parts, with the growing
season running from March to October north of 30°N, September to March south of
30°S, and a year-round growing season between 30°N and 30°S. However, the results

of Christian et al. (2021) still showed that tropical FD was generally favored in the
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months when the ITCZ was present (i.e., during the hemispheric summer season).
To this end, this study simplifies the global dataset by defining the growing season as
April to October in the Northern Hemisphere, and September to March in the Southern
Hemisphere!.

In addition, to help manage the size of the datasets, the ERA5 was averaged down
to 0.5° x 0.5° resolution, and the sea grid points were removed prior to training the
ML models to reduce the data size by approximately 70% and were re-inserted post
hoc for plotting the results. The data was also standardized for each grid point prior
to be used for training the ML model. Lastly, the poles were excluded from the
study as those regions are too cold throughout the growing season to experience higher
evaporation rates and sufficient soil moisture depletion Christian et al. (2021, 2023).
An aridity index mask was also applied to mask out low moisture environments for

similar reasons (Christian et al. 2021, 2023; Zomer et al. 2022)2.

3.2 Input Data

ML models were trained on a set of 8 variables that have been identified as key variables
in FD identification, monitoring, and driving the feedback process that characterizes
FD events. These variables are temperature (T), precipitation (P), evaporation (ET),
potential evaporation (PET), and soil moisture (SM). For the key FD variables that are
involved in the feedback process and are regularly used for FD identification (ET, PET,
and SM; e.g., Christian et al. 2019b, 2023; Li et al. 2020; Liu et al. 2020b; Pendergrass

'The Southern Hemisphere growing season was allowed to extend two pentads into April to keep
it the same number of pentads per growing season as the Northern Hemisphere, allowing the two to

be merged within the code.

2Regions masked by the aridity index or cold environments were treated the same as sea and ocean

values and given class/sample weights of 0 so that they were ignored in training.
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et al. 2020; Otkin et al. 2021), the change in those variables from one pentad to the
next were used to capture the rapid intensification component of FD. For this project,

the temporal change in these three main drivers were calculated as:
Az, =) — xp_1, (3.1)

where z is either SM, ET, or PET, p is the pentad, and p — 1 is the previous pentad.
Additionally, a 6-pentad leading moving average was applied to each change variable so
that ASM, AET, and APET all represent the mean 30 day change in their respective
variable. Thus, the input parameters used to identify FD, in the order they are given
to the ML algorithms, are T, P, ET, AET, PET, APET, SM, and ASM. Moreover,

prior to training an ML model, each variable was standardized for each grid point.

3.3 Output Data

For this project, the FD identification problem was treated as a classification problem.
Thus, the output datasets consisted of two values or labels®; 0 (i.e., there was no
FD for that grid point and pentad), or 1 (i.e., there was FD for that grid point and
pentad). However, because there is no consensus on a definition for FD, five different
FD identification methods were chosen for this project, and the ML algorithms were
trained to identify FD for each method separately.

The first method for FD identification used was the method outline in Christian
et al. (2019b). This method employed evaporative stress (using SESR, which is the
standardized ratio of ET to PET) to determine FD via a set of four criteria. How-
ever, Christian et al. (2022) employed an improved version of this method with the

satellite derived Land Surface Water Index (LSWI), which was later incorporated into

3There is also a hidden third class applied to all sea or ocean grid points, whose class/sample

weight was set to 0 so that only land values were used in training.
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SESR Christian et al. (2023). The improved method used the Savitzky-Golay filter to
remove high-frequency noise while retaining the signal in the pentads. The removal
of this high-frequency noise also allowed for two criteria to be merged together, creat-
ing a simpler form of FD criteria. This project employed the improved and simplified
version of FD identification in Christian et al. (2023) (hereafter C23). This method
requires that the rapid intensification even lasts a minimum of 30 days, that the av-
erage change in the filtered SESR is below the 25th percentile (quantification of rapid
intensification), and that the filtered SESR is below the 20th percentile at the end of
the intensification period (quantification of drought).

The second method used is outlined in Noguera et al. (2020) (hereafter N20). N20
used SPEI on the weekly timescale to represent the demand and supply of atmospheric
moisture. Similar to the C23 method, N20 required that a rapid intensification period
lasted at least 4 weeks (24 days; 30 days on the pentad timescale), that SPEI decreased
by at least 2 standard deviations (or z-units in the N20 paper) in the intensification
period (quantification of rapid intensification), and that the SPEI was 1.28 standard
deviations below normal (i.e., an SPEI value of -1.28) at the end of the intensification
period (quantification of drought).

The third method is given in Pendergrass et al. (2020) (hereafter P20). P20 used
EDDI to identified FD when the EDDI increased by 50 percentiles over two weeks
(or 3 pentads; rapid intensification quantification), and that the increased EDDI was
maintained for another two weeks. Because the EDDI increased by a large margin (50
percentiles), the area was assumed to be in drought after the intensification period.
P20 also used another method of FD identification which involved how rapidly drought
intensified according to the USDM. The USDM is still relatively new, having started
in 2002 (Svoboda et al. 2002), and its methods for categorizing drought has evolved

in time, with the allowance of more rapid changes in drought being implemented more
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in the past decade. Thus, the USDM dataset did not contain enough samples for
the purpose of this study and was not used for FD identification (i.e., only the first
definition of P20 is intended when discussed here).

Liu et al. (2020b) (hereafter L20) detail the forth FD method used in this project.
L20 based their FD definition on the work done by Ford and Labosier (2017) and
used weekly SM percentile data, requiring that, in a 3 week (4 pentad) window of
rapid intensification, the change in SM percentiles must average -6.5 percentiles/week
(or a percentile/pentad decrease) or have a minimum of -10 percentiles/week (or -7.5
percentiles/pentad; rapid intensification quantification), and that the minimum SM
percentile was below the 20th percentile (drought quantification).

The final FD identification method used in this project was from Otkin et al.
(2021) (hereafter O21). 021 defined the FDII to quantify the occurrence and intensity
of FD using SM percentiles at the pentad timescale. The O21 method quantified
rapid intensification and drought separately and identified FD by multiplying the two
components together. The calculation of FDII is more involved than the previous
methods, and the reader is referred to O21 for details. For simplicity, FD was said to

occur when FDII > 0.

3.4 Machine Learning Algorithms

Traditional ML algorithms for this project were created using the sklearn package in
Python (Pedregosa et al. 2011; Buitinck et al. 2013), while neural network or deep
learning models were built and trained using the TensorFlow package and the Keras
API (Chollet et al. 2015; Abadi et al. 2015). To fine tune model parameters, a subset of
the data (10 folds and 4 rotations) were used. The parameters with the best validation

performance were chosen for the full experiments. As discussed above, no two FD
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identification methods are the same, and thus each FD identification method needs
different parameters.

In testing the ML algorithms, the most important parameter was the class weights
(for sklearn models) or sample weights (for TensorFlow models) used to account for
class imbalance. Class and sample are weights that were applied to labels in the error
functions being minimized when training ML models. The difference between the two
is class weights were applied to the classes (e.g., class weights are applied to all 0 and
1 labels after their errors are summed), while sample weights applied the weight to
each sample prior to summing the error. Class weights were applied to sklearn models,
and sample weights to TensorFlow models. This is due to a limitation in TensorFlow,
which does not apply class weights for multidimensional outputs. For TensorFlow
models each sample weight was made uniform for a given class to mimic the effects of
class weights. The class/sample weights being the most impactful parameter may be
expected, considering one importance difference between each method is how frequently
they identify FD. Thus, during these experiments, most of the parameters were kept
the same across each FD identification method, and the class/sample weights were
modified to fit each identification method. Descriptions of these ML algorithms and
the associated terminology can be found in Chase et al. (2022, 2023).

This project explored the use of multiple different ML algorithms towards FD iden-
tification and prediction. The standard ML algorithms employed were random forests
(RFs), Ada boosted decision trees, and support vector machines (SVMs), while the
NN architectures explored were standard artificial neural networks (ANNSs), recurrent

neural networks (RNNs), and convolutional U-nets.
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3.4.1 Standard Machine Learning Algorithms

Decision trees are one of the basic types of ML algorithms. They use a set of yes/no
questions (e.g., is the variable above or below a threshold?) that branch out to multiple
possibilities leading to a specific classification. A RF is an ensemble of decision trees,
each perturbed to slightly different conditions, and the most common classification is
taken as the final classification value for the RF. The simplicity of this model, the ease
of interpretation, and how readily it provides estimates for feature importance have led
to RF's being one of the more common and preferred types of ML algorithms used in
drought identification and prediction (Rhee and Im 2017; Rahmati et al. 2020; Dikshit
and Pradhan 2021; Hsieh 2022). Tests showed that 150 trees, each allowed to grow 15
branches deep, was most effective for this study, similar to findings from other works
(e.g., Park et al. 2016; Rhee and Im 2017; Rahmati et al. 2020).

Boosting algorithms are based on fitting an ML model (in this case decision trees) to
a dataset, then adjusting the weights of the ML model with each iteration. The weight
adjustments are based on the gradient of an error function that is being minimized.
Boosting is fairly common in traditional drought studies, with XGBoosting being the
most favored (Park et al. 2016; Rahmati et al. 2020; Prodhan et al. 2021; Hsieh 2022).
Ada boosting creates additional decision tree classifiers, and adjusts the weights with
each iteration to improve their performance. For this project, it was found 80 estimators
were able to identify FD with a learning rate of 1074,

Lastly, SVMs are similar to perceptrons, with a model that is minimized by a loss
function similar to a linear model. Various kernels can be used for SVMs, with the
RBF kernel being most common for drought studies for its ability to represent non-
linear data more effectively (Ganguli and Reddy 2013; Mohamadi et al. 2020; Dikshit
and Pradhan 2021). However, for this study, RBF kernels did not have a significant

improvement over linear kernels, whereas it increased the computation time by an order
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€23 N20 P20 120 | 021
RF | 25 3.3 105 135 | 4.5
Ada | 55 (23) | 4.5 (7.1) | 160 (95) | 800 (18) | 8 (4)
SVM | 26.5 5 120 200 | 65

Table 3.1: Class weights applied to each ML algorithm for identifying FD in each
identification method. Non-FD labels were given a class weight of 1, and sea values
were a class weight of 0. Non-parenthetical values denote class weights applied for the
NARR dataset. Parenthetical values denote class weights applied to the global ERAS

dataset.

of magnitude. Thus, linear SVMs were used for this project with the squared hinge
loss function minimized, L2 regularization, and a stopping error for 1075,

The class weights used for these ML models can be found in Table 3.1. For all ML
algorithms, each grid and pentad was treated as an example of FD for the ML model

to learn from.

3.4.2 Deep Learning Algorithms

Some of the neural network, or deep learning, model parameters can be found in
Table 3.2%. These are parameters that were kept the same across all DL experiments
for simplicity (regularization, dropout, optimizer, learning rate, and loss function),
while more primary parameters, such as sample weights and network architecture were
modified and tuned for FD. Neural network architectures used for this dissertation can

be found in Figure 3.2, and final sample weights can be found in table 3.3.

4For the global RNN experiments for the N20 method, dropout was reduced to 0.2, as this was

found to help with an issue in training.
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Dropout Ay | Learning Rate Optimizer Loss Function
Adam (5, = 0.9,
Categorical
0.6 (U—net: 02) 1073 1073 52 = 099’ decay = O’
Cross-Entropy
¢ = None)

Table 3.2: Miscellaneous parameters that were applied to each neural network. These
parameter values did not vary from network to network (except dropout), nor from
one FD identification method to another. Ay denotes the L2 regularization parameter.
Activation functions were tanh for LSTM layers and elu for dense and convolution layers

(except for the last convolution layer, which had tanh to prevent gradient explosion).

C23 N20 P20 L20 021

ANN | 80 55 750 900 22
RNN | 33 (16.3) | 21 (32) | 100 (57) | 200 (27) | 4.5 (6)
U-net 17 5 100 116 48

Table 3.3: Sample weights applied to each neural network for identifying FD in each
identification method. Sample weights were applied to all positive FD labels equally
to mimic the effect of class weights. Negatives FD labels were given sample weights of
1, and sea values were a sample weights of 0. Non-parenthetical values denote sample
weights applied for the NARR dataset. Parenthetical values denote sample weights
applied to the global ERA5 dataset.
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Figure 3.2: Neural network architectures used to identify FD. a) artificial neural
network architecture, b) recurrent neural network architecture. Spatial dimensions
(Nspace) for the NARR grid was 20,580 (210 x 98). ERA5 spatial dimensions without

ocean grid points was 266,723. Time dimension (Nym.) was 43 pentads per fold.
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ANNSs, sometimes called densely connected neural networks (DNNs) or fully-
connected networks to distinguish them from 1D CNNs, are the standard form of neural
networks and the ones most commonly used in drought studies (Mohamadi et al. 2020;
Dikshit et al. 2022b; Hsieh 2022). These networks take the inputs, and connect all of
them to each unit in the next layer, the output of which is connected to all the units in
the next layer, and so on. Interestingly, many drought studies do not use deep ANNs,
but rather tend to stick to ANNs with 1 or 2 hidden layers (Dikshit and Pradhan
2021; Dikshit et al. 2022b; Hsieh 2022). The ANN structure used for this project is a
standard structure for ANNs, with a large number of units in the first layer, and steadily
decreasing number of units for each following layer. A four layer model was chosen,
starting with 80 units in the first layer and decreasing to 10 units in the final layer
(Fig. 3.2). When testing on the subset of FD data, the structure of the network did not
greatly impact the predictions as much as the number of parameters that are trained in
the neural network. If there were too many parameters, the network would get stuck in
a simple solution (predicting no FD for all grid points and pentads), and have trouble
finding a solution that predicts FD and learns FD patterns (i.e., it would get stuck in a
local minimum in the cross-entropy loss function). These simple solutions, predictions
of only one value for the entire dataset, are referred to as trivial solution throughout
dissertation (stemming from the terminology in linear algebra, where a trivial solution
for a set linear equations refers to solution that is all zeros) because they are trivial
(predicting a single value is a simple way to get low error when predicting extreme
events), and because they are neither useful nor good predictions. Conversely, if there
were too few parameters, the network would not be able to sufficiently learn anything.
From experimentation, approximately 2,000 to 7,000 parameters struck a balance where
the networks could learn spatial and temporal features of FD with out getting trapped

in a trivial solution (however, approximately 11% - 21% of rotations for the P20, 1.20,
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and O21 methods still got trapped in trivial solutions, as seen in 5). The proposed
architecture for this study contained 5,023 parameters. For the ANNs in this project,
each grid and pentad in the dataset was treated as an example, while the input features
were densely connected to the hidden layers.

RNNSs are networks better attuned for learning temporal data based on its recurrent
or recursive feature. RNNs take in a time series for each input feature (which are
densely connected in ANN-fashion), and for a given time frame will use the input
features to learn the classification. Additionally, the network will also recursively
use information from the previous time frames to learn the temporal features of the
data. However, the weighting of the previous time frames becomes smaller the further
back the recurrent layer looks, resulting in a standard recursive layer having short-
term memory. Additional recurrent modules have been developed so that RNNs can
have better long term memory. The most common modules are the long short-term
memory module (LSTM), and the gated recurrent unit module (GRU) (Hochreiter
and Schmidhuber 1997; Sak et al. 2014; Zaremba et al. 2014; Cho et al. 2014). These
modules use a series of gates to regulate what gets remembered and what is forgotten
to help improve memory, with the parameters of the modules being trained as part of
the training process.

Drought studies, and atmospheric studies in general, favor LSTMs exclusively when-
ever RNNs are used, as LSTMs are a more complete form of the GRU modules (Dikshit
et al. 2022b; Hsieh 2022; Zhang et al. 2022). While both were tested, LSTM layers
were shown to slightly improve ML predictions and were used in this study. Thus,
this study used a simple RNN structure, with one recurrent (LSTM) layer followed
by a densely connected layer after the time series had been learned (Fig. 3.2). This
model had fewer parameters than the ANN (2,563 parameters total), and training the

model an improvement over the ANNs in terms of computation time and resources.
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The RNNs were faster to train (assuming no parallel processing) and did not have as
many issues in getting stuck in trivial solutions (though this still occurred with the
N20 method for some of the rotations). RNNs cannot be trained in parallel (due to its
recurrent nature), however, and can thus be slower to train than other algorithms that
employ parallel processing for training. For the RNNs, each grid point was treated as
a sample, while the input features were connected to each unit, and the recursive axis
was trained along the time axis.

Convolutional neural networks differ from ANNs in that not all of the nodes are
connected to all of the subsequent nodes. Rather, a set of nodes from the previous layer
connects to a node in the next layer in a convolutional operation. In a 2 dimensional
sense, this means that a rectangular set of grids are connected to a single grid in the
next layer, while another grid in the next layer uses inputs from another rectangle of
grids, and so forth until all the grids in the next layer have been filled in. The size
of the box used for convolution depends on the kernel size of the layer (e.g., a kernel
size of 3x3 means a sliding box of 3x3 grids will be used for inputs in the next layer).
In addition, convolutional networks incorporate pooling layers, or layers that use a
n x m kernel and either the average or maximum value (depending on the type of
pooling used) of that kernel for the grid value in the next layer. For meteorological
purposes, zero-padding (adding zeroes around the edges of the map) is typically used
so that convolution layers do not change the grid size (which this project followed),
while pooling is used to reduce the grid size by a prime factor (typically 2; Liu et al.
2016; Boulaguiem et al. 2022; Marcolongo et al. 2022; Foroumandi et al. 2024). An
operation, termed up sampling, can be used to go in the opposite direction (increasing
the grid size by a prime factor). Using a sequence of convolutional and pooling layers
followed by a sequence of convolutional and up sampling layers forms a network termed

a U-network (because the architecture resembles a U).
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On top of convolutional networks, which are known to effectively learn spatial
features, U-nets have been shown to effectively recreate and predict maps of meteo-
rological variables, and learn complex spatial-temporal patterns (e.g., Liu et al. 2016;
Boulaguiem et al. 2022; Marcolongo et al. 2022; Foroumandi et al. 2024). Therefore,
this study employs a convolutional U-net to identify FD, with the architecture given in
Figure 3.2. Skip connections (i.e., concatenation layers that connect layers just before
dropout to layers just after up sampling) were employed to improve model training
(having a copy of inputs later in the model can help jump start it when many of
initial parameters or bias values are initially close to zero), and to help with model
performance. Note skip connections acted as additional connections within the model
(i.e., layers with skip connections skip part of U via skip connections, but were also
connected to the dropout layers that followed them). This model was deeper than the
other networks explored here, and contained a larger number of parameters to train
(257,875 parameters), but was able to adeptly identify FD regardless. Additionally,
the nature of the computations for convolutional layers are simpler than recurrent and
densely connected layers, making them more efficient to train and use. For example,
the U-net used for this study took roughly the same time to train as the RNNs and
used similar resources, despite having orders of magnitude more parameters to train.
For this experiment, the convolution was performed on maps of FD variables (i.e.,
along the spatial axes), while the input variables were densely connected to the “fil-
ters” (a third dimension that densely connects the input variables, similar to the nodes
in ANNs, except only along this third dimension). The U-nets used the time axis as
the number of training examples. Note this means the U-nets had fewer samples to
train on than the other networks (a training set had 41 folds, with 43 pentads per fold
for 1,763 samples compared to 20,580 samples for when each grid point in the NARR

was treated as an example).

41



3.5 Machine Learning Verification and
Interpretation

Verification of ML models was performed via K-fold cross-validation (Hastie et al.
2009). For K-fold cross-validation, each fold in the cross-validation must be statisti-
cally independent from each other, which means that the datasets cannot be divided
randomly since some of the variables, such as T, PET, and especially SM, are au-
tocorrelated to various degrees. However, because there is approximately a 5 month
difference between each growing season, it was assumed that the autocorrelation is
negligible between one growing season and the next. Hence, each growing season is
statistically independent and considered 1 fold. For each ML experiment, 1 fold was
reserved for validation, 1 fold for testing, and the remaining folds for training. For the
global datasets, 20 folds were used for training as a result of some computational lim-
itations. Thus each dataset (CONUS and global) was divided into 43 folds, and there
were then 43 experiments for each ML model trained (and for each FD identification
method explored), so that each fold was treated as a validation and test fold.

The skill of the ML algorithms was determined using the true skill statistic, or
Peirce’s skill score (Woodcock 1976). The true skill statistic uses all four components
of a confusion matrix® to determine the skill score. This score is independent of clima-
tology event frequency, can expressed similar to the equitable threat score, and can be
expressed as the probability of detection of the event (POD) minus the probability of

false detection (POFD). The true skill score can be expressed as:

TP FP

kil — _
T TP Y FP T FPATN

= POD — POFD, (3.2)

5Also called truth tables or contingency tables.
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where T'P is the number of true positives (or correct FD predictions), F'P is the number
of false positives (or false alarms), and T'N is the number of true negatives (or correct
non-FD predictions). While other skill metrics such as the critical skill index (CSI)
could also be used to determine the skill of the ML algorithms, the general comparison
between ML algorithms was the same between multiple metrics (not shown), and the
true skill statistic showed the difference in ML algorithm performance at two decimal
places, whereas the others often required three or more decimal places (note this could
be interpreted as the other skill metrics did not detect a significant difference in model
performance).

The main statistical comparison used to compare true and predicted FD labels
was the composite mean difference, which is the true labels averaged in time minutes
the predicted labels averaged in time. Statistical significance of the differences was
determined from the bootstrap method® at the p < 0.05 level, with a difference of zero
used as the null hypothesis (therefore the desired result is no difference, or that there
is not statistically significant difference). The Monte-Carlo bootstrapping was applied
to each grid point individually (i.e., a distribution was determined for each grid point,
and the p-value was determined relative to that distribution) so that each p-value is
equally applicable across all grid points. Spatial distributions of other metrics, such
as accuracy, precision, recall, and area under the ROC curve were examined with
consistent results found.

Finally, feature importance was obtained via multiple methods. The first method

used Shapely values, determined from the SHAP package Lundberg and Lee (2017).

6The Monte-Carlo bootstrapping method randomizes the data and repeats the statistics (in this
case, the time series was randomized at each grid point and the composite mean difference calculated)
N times to obtain a distribution. The actual statistic is compared to the distribution to obtain a

p-value. In this experiment, N = 5000.
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Shapely values assume a model output or quality can be represented by a linear sum of
contributions, and coefficients of those contributions then make up the feature attribu-
tion of a given feature (Lundberg and Lee 2017; Flora et al. 2024). The coefficients are
estimated by comparing model performance “with” the feature to the model perfor-
mance “without” the feature. Feature importance can be determined from attribution
by performing a global average of the absolute value of the attributions. A second
set of feature importances were calculated using permutation importance using the
ranked probability skill score (RPSS) as the multiclass metric to evaluate the per-
muted skill (McGovern et al. 2019; Au et al. 2022; Flora et al. 2024). Permutation
permutes (i.e., randomizes) one or more features and examines the decrease in the skill
metrics (E.g., RPSS) to determine the importance of the feature. The third method
for determining feature importance for tree based models was the GINI importance,
obtained as part of the training from the total reduction of tree criterion caused by
certain features (Pedregosa et al. 2011; McGovern et al. 2019).

Feature importance calculations are computationally expensive, and because of this,
some simplifying assumptions were made. For example, calculations for the Shapely
values were performed on the spatially averaged time series (i.e., data averaged over the
domain) for test folds for each rotation, with the assumption that the spatial average
approximately represented the data. Additionally, the permutation importance was
done with 10% of the test data in calculations. Feature importance for ANNs was only
calculated using Shapely files, due to a limitation in the permutation importances, and
feature importances were omitted from RNN and U-net calculations as the calculations

for 3 dimensions yield ambiguous results.
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Chapter 4

Standard Machine Learning Performance

The frequency of FD events according to each method can be seen in Figure 4.1. The
general spatial trend in FD is similar for each method (with some small variations in
the spatial hotspots), but each method has different FD frequencies and each method
highlights some hotpots more strongly than others (some omit hotpot regions alto-
gether), agreeing with the general findings in Osman et al. (2021) and Alencar and
Paton (2022). These frequency climatologies are one of the targets that the ML algo-

rithms in this chapter and chapter 5 should be able to predict.

4.1 Statistical Performance

The skill scores for the standard ML algorithms are shown in Table 4.1. Overall, of the
three standard ML algorithms explored, the best performing in most cases was the Ada
boosted decision trees, with the exception being with the N20 and P20 methods for
which RF's performed best. The skill scores for the test set predictions were fairly low
(e.g., CSI < 0.35 and the true skill statistic < 0.35 for all ML algorithms, including the
DL algorithms). This was likely due to mistiming of the ML algorithms of FD events
by a few pentads up to two months, as well as an overemphasis of spatial hotspots
and climatological seasonality. The overemphasis on spatial hotspots is seen in the
composite mean difference maps (Fig. 4.2). Regions that generally experienced more

frequent FD events, most notably the Great Plains, were over predicted by the ML
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Figure 4.1: Percentage of years from 1971 — 2021 in which FD occurred according
to the a) C23 method, b) N20 method, ¢) P20 method, d) L20 method, and e) 021

method.
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RFs Ada Boosting SVMs

€23 | 0.20 (£0.016) 0.33 (+0.019)  0.13 (£0.016)
N20 | 0.17 (£0.013)  0.13 (£0.007) 0.22 (£0.012)
P20 | 0.11 (£0.016) 0.06 (+£0.008)  0.05 (£0.013)
L20 | 0.15 (£0.014)  0.27 (£0.016) 0.07 (+0.011)
021 | 0.14 (£0.009) 0.28 (+0.016)  0.08 (+0.011)

Table 4.1: True skill statistic over all grid points and pentads for each standard ML
algorithm and FD identification method. Numbers in parentheses indicate 95% con-
fidence intervals derived from a 1-sample t-test (calculated across all folds). Highest

skill score for is identification method is bolded.

algorithms (these over predictions are also where the difference in true and predicted
labels were statistically significant; Fig 4.3). In contrast, the ML algorithms performed
better outside of climatological hotspots for some FD identification methods (C23,
P20, and L20), and under predicted FD in other identification methods (N20 and
021). These same patterns were also seen in RFs and SVMs, though the RFs handled
over predictions better than the Ada boosted Trees, and SVMs placed more emphasis
on the southern portions of the Great Plains (Fig. 4.4 and 4.6). These same patterns
were also found in standard performance metrics (e.g., accuracy, precision, recall, and
AUC; not shown).

The last feature to note is the interpretability of the ML algorithms (Fig. 4.8 for
Ada boosted trees). For this study, several approaches at estimating feature importance
were examined and compared. The ranking of the most importance feature importance
varied notably from one FD identification method to another. Where some had P as
the most important variable, and PET as the second most important, others ranked SM

as the most important. The SHAP feature importance and permutation importance
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Figure 4.2: Composite mean difference of true minus predicted FD labels for each FD

identification method using Ada boosted tree predictions.
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Figure 4.3: 95% statistical significance of composite mean differences between the true

FD labels of the Ada boosted tree predictions. Statistical significance determined by

the Monte-Carlo bootstrapping method (N = 5000).
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Figure 4.4: Composite mean difference of true minus predicted FD labels for each FD

identification method using RF predictions.
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FD labels of the RF predictions. Statistical significance determined by the Monte-
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Figure 4.6: Composite mean difference of true minus predicted FD labels for each FD

identification method using SVM predictions.
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were omitted from the Ada boosted tree analysis as all values were small (107 for
the 021 method, and 1077 and lower for the other methods), and the permutation
importance method also struggled with the feature importances as the values were both
small (absolute value < 0.2) and statistically identical to each variable. In contrast,
the GINI estimations were notably different, with P and SM often the most important
variables (as much as twice as important as the second ranking variable). However, the
precise ranking of variables and magnitude varied more notably with the GINI method.
According to the GINI method, the Ada boosted trees incorporated surface features
more readily than the permutation importances would imply. The feature importance
can also explain the performance of the other models. For example, the SVMs only
learned on details based on SM and §SM (Fig. 4.9). This may explain why they focused
on the southern Great Plains, and much of the SVMs poorer performance (they were
not incorporating patterns or synthesizing information from other variables almost at
all). In contrast, the RFs had varying results, though the GINI importances had similar
results to the Ada boosted trees (Fig. 4.10). However, the SHAP importances for the
RFs showed multiple results, with the RF's were also reliant on APET, and T as well as
SM (C23, L20, and O21 methods) or P (P20 method). This suggests the RFs may have
had trouble learning the surface interaction that characterizes FD given it is reliant on
simpler variables (T, P, and PET), resulting in their lower skill scores though they did
learn the correlation between FD and SM.

Furthermore, the standard ML algorithms learned to predict FD for some identifi-
cation methods better than others. This finding may have been because of the variables
the ML algorithms emphasized. Since the L.20 and O21 methods used SM to identify
FD, these methods had the larger skill score (according to feature importance; Fig. 4.8,
4.9), and 4.10. In addition, SESR (for the C23 method) is strongly correlated with SM,

allowing an emphasis on SM to produce a larger skill score. Meanwhile, predictions for
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tations and bars show the average importance across each rotation. Error bars indicate
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the N20 method (which uses SPEI) relied most on P for the predictions. However, the
boosted trees were not using PET or T as much (i.e., it was relying on atmospheric
supply to make predictions and did not use atmospheric demand with it), or learning
as much of the surface interactions while RFs only incorporate P, and SVMs only used
SM, resulting in a lower skill score. Finally, the P20 method uses EDDI to identify
FD, which is not strongly correlated with variables like P and SM. Focus on these
variables for the predictions resulted in more mistiming of FD events and a lower skill
score (Table 4.1). One of the FD identification methods the ML algorithms learned
most successfully was the C23 method, which had the highest skill statistic for two
of the ML algorithms and had fewer under predictions of FD events, despite the ML
algorithms not incorporating ET or PET (the variables used for SESR) as strongly for

that method.
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4.2 Predicted Climatology

Apart from performance metric, climatological predictions of the ML algorithms were
also examined to determine how well they reproduce the statistical patterns of FD
in space and time. The predicted climatologies (Fig. 4.11) showed similar patterns
to those discussed. Compared to the true labels (Fig. 4.1), the ML algorithms over
predicted FD events in climatological hotspots. The standard ML algorithms also
highlighted major agricultural regions in the western United States (such as Central
Valley in California and southern Idaho) and over predicted FD in these locations
as well. Given the development of FD via evaporative feedback from the vegetation
(i.e., crops that tend to transpire more than local vegetation), it makes sense that
these regions would be hotspots for FD, as is the case for other major agricultural
regions (e.g., Christian et al. 2023; Lowman et al. 2023; Mahto and Mishra 2023; Yuan
et al. 2023), but they were not present in the true labels (Fig. 4.1). However, this
suggests that the ML algorithms were able to learn these hotspots (i.e., it learned
what spatial regions experience FD more frequently), and they learned to identify FD
more frequently for major agricultural regions. While the composite differences showed
the RF's not emphasizing hotspots as much as Ada boosted trees, this was not mirrored
as well in the predicted climatologies of RFs and SVMs exaggerated hotspots more than
Ada boosted trees (Fig 4.12 and 4.13).

The standard ML algorithms overemphasized the seasonality of FD events, identi-
fying FD more frequently during favored months and under predicting FD in months
less emphasized in that climatology (Fig. 4.14). That said, this also showed that
ML algorithms were able to learn the seasonality of FD events for some identification

methods and overall capture the heterogeneity of these events. The full extent of the
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Figure 4.11: Predicted frequency climatology of FDs by the Ada boosted trees for the
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Figure 4.13: Predicted frequency climatology of FDs by the SVMs for the (a) C23, (b)

N20, (c) P20, (d) L20, and (e) O21 methods.
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ML models’ ability to capture FD events, however, is debatable as they tended to fo-
cus FD identification during the end of the summer season (August — October) for all
methods, rather than just the FD identification methods that have that seasonality.
This is a potential issue from the ML algorithms having over relied on one or two
select variables (such as SM according to the GINI method). For example, the ML
algorithms may simply have learned the SM climatology, which decreases in the late
growing season (Illston et al. 2004). This would also explain why FD occurrence in
some agricultural regions are over predicted, as these would see larger declines in SM
due to intensive agriculture and irrigation than regions dominated by native vegetation.
In terms of the FD coverage in time, the ML algorithms learned the general patterns
of FD coverage, showing similar spikes and dips as compared to the true labels (i.e.,
the ML algorithms were able to learn which years contained more extensive FD events
and which years were less extensive; Fig. 4.15). RFs and SVMs had similar seasonality
and temporal results as the Ada boosted trees, except that RFs were more successful

in learning FD seasonality for the N20 method (Fig. 4.16, 4.17, 4.18, and 4.19).

4.3 Case Studies

Lastly, the ability of the ML algorithms to represent more specific, individual events
was also investigated. To this end, certain FD years, 1988, 2011, and 2012, were chosen
due to their high spatial FD coverage and their well known timing and impacts.

To start, in 1988, prolonged drought conditions initiated in April and May in the
Midwest of the United States. Throughout the early growing season dry conditions
propagated further into the Great Plains and Midwest, with some regions undergoing
rapid drying as the drought spread into new regions (Fig. 4.20). By the end of the

summer, the majority of the United States, especially the north central United States,
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was in a severe, historic level drought (Kim and Rhee 2016; Kim et al. 2019). While
1988 is generally viewed as a major drought event, the occurrence of rapid drying with
this event has not been discussed much in literature. FD was recorded for all FD
identification methods, primarily in May and June when the SM started to rapidly
decline in response to the increased ET due to increased T and PET (Fig. 4.23).
The scope of the rapid drying, however, was different between different methods. For
example, the C23 and N20 methods saw the 1988 drought begin as a FD as a whole
(with the end result that most of the domain experienced FD by the end of the growing
season), while P20 only recorded FD as the drought propagated through the Great
Plains in the early summer.

Some of the seasonality bias can be seen as the standard ML algorithms predicted
FD up to one to two months late for some methods (C23 and N20), and prematurely
early in another (P20), the bias being towards the late seasonality the late seasonality
the Ada boosted trees predicted as the large decline in SM wasn’t until mid to late June
(Fig. 4.23). The spatial coverage of the 1988 event was generally well represented by the
ML algorithms, with the exception that the ML algorithms liked to make continuous
patches of FD as compared to discontinuous grid in the L20 method. The RF and
SVM reliance on SM can be seen in this case study, as both waited until June and
July, when was SM at a minimum, to identify FD (Fig. 4.21 and 4.22). Further, the
RF struggled to capture the spatial extent of the FD for the C23 method, and SVM
struggled with capturing the spatial extent overall.

During early 2011, abnormally hot and dry conditions started to initiate the devel-
opment of drought in the Southern Great Plains (Texas and Oklahoma). However, as
the spring and summer continued, the drying increased in rate and spread eastward
to much of the southern United States, creating a large FD event that began in April

and May and continued into June and July (with much of Texas, Oklahoma, and the
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Figure 4.20: FD case study for 1988 for each FD identification method. (left column)

True labels, (center) predicted labels from the test dataset, (right) true and predicted

FD coverage over the domain. FD predictions were made by the Ada boosted trees.
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southeastern United States settling into drought for the remaining growing season; Fig
4.24; Otkin et al. 2013; Ford et al. 2015; McEvoy et al. 2016). Note this was a largely
moisture demand and soil moisture deficit driven FD (decreases for SESR in the C23
method, for example, would be due to increases in PET), as the evaporation did not
start to decrease until September, despite the desiccation in the vegetation (Fig. 4.27).

For the C23 method, the ML algorithms captured the timing for this event fairly
well (likely due to the early SM decline, but potentially due to the increased PET
as well), but largely over predicted the coverage of FD initiation in May. For the
021 method, the coverage of the FD event in the Southern Great Plains was well
represented, but the FD extended further north than verification (again, a bias toward
climatology). Moreover, the Ada boosted trees identified FD up to two months late in
many locations. For the remaining FD identification methods, the Ada boosted trees
either over predicted (P20 and L20) or under predicted (N20) FD coverage and they
mistimed FD occurrence by one to two months. Given the Ada boosted tree reliance
on SM for the L20 method, and P for the P20 and N20 methods (Fig. 4.8), these
late predictions of FD may be in response to a combination of a minimum SM in late
August and September, and a sharper decrease in P in September than during the
rest of the event (for Ada boosted trees predicting the L20 method, ASM was less
important than P; Fig. 4.27b, e). The RFs struggled to identify FD in Texas, and had
trouble capturing the spatial extent and timing of the event (Fig. 4.25). The SVMs
did better with the timing and spatial coverage (Fig. 4.26), which might be due to the
SM rapidly decreasing early the growing season, to which the SVMs responded (4.9).

In 2012, part of eastern Arkansas and southern Missouri dried out at time scales
faster than normal. As the spring continued, the drought propagated north and west-
ward, causing regions that were above normal moisture conditions and not expecting

drought conditions to rapidly deteriorate into drought. The result was widespread
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Figure 4.24: FD case study for 2011 for each FD identification method. (left column)
True labels, (center) predicted labels from the test dataset, (right) true and predicted

FD coverage over the domain. FD predictions were made by the Ada boosted trees.
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Figure 4.25: FD case study for 2011 for each FD identification method. (left column)

True labels, (center) predicted labels from the test dataset, (right) true and predicted

FD coverage over the domain. FD predictions were made by the RFs.
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Figure 4.27: Spatially domain averaged standardized anomalies of (a) temperature, (b)

precipitation, (c) potential evaporation, (d) evaporation, and (e) soil moisture for the

2011 case study.
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desiccation and crop loss (Fig. 4.28; Ford et al. 2015; Otkin et al. 2016; McEvoy et al.
2016; Basara et al. 2019). The end result saw drought settle into much of the central
United States, creating one of the more famous and heavily examined examples for
FD.

For this case study, the Ada boosted trees generally identified FD development a
month later than truth (in June and July when SM first reached its minimum, Fig.
4.31, rather than May with the exception being for the C23 method, which identified
FD early). The ML algorithms also had a harder time predicting the aerial coverage
for this FD event, as they often over predicted the extent of the FD for the C23, P20,
and L20 methods. However, the ML algorithms were able to represent the coverage of
the FD relatively well for the N20 and O21 methods. In comparison, the RF's focused
heavily on June and July for when predicting FD, resulting in numerous timing issues
(Fig. 4.29), when SM and P were at their minimum and PET at its maximum (based
on GINT importance; Fig 4.10) and when the change in ET was also at its maximum
(important in the SHAP importance; Fig. 4.10). However, the RFs capture the extent
of the FD fairly well for the N20 method, and for the central Great Plains for the
C23 and O21 methods (but not for Nebraska and the Dakotas). SVMs also focused
on June and July (Fig. 4.30), in this case it is likely because the SM was minimum
and change in SM was maximum at that time (Fig. 4.31). The SVMs also struggled
with the spatial extent of the FD, identifying effectively the extent for all identification

methods.
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Figure 4.28: FD case study for 2012 for each FD identification method. (left column)
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FD coverage over the domain. FD predictions were made by the Ada boosted trees.
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True labels, (center) predicted labels from the test dataset, (right) true and predicted

FD coverage over the domain. FD predictions were made by the RFs.
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2012 case study.
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Chapter 5

Deep Learning Performance

In conjunction to investigation of FD with standard ML techniques, DL methods were
also employed to determine how well they compared to the standard method, in par-
ticular to Ada boosted trees and RFs as they have managed to perform equally well
as DL, and even surpass them, before (e.g., Prodhan et al. 2021; Zhang et al. 2022).
In this chapter, DL and their results were examined in the same manner as in chapter
4, to preserve the thoroughness of examining the statistics, climatological predictions,
and local scale case-by-case predictions, and for ease of comparison with the standard

ML results.

5.1 Statistical Performance

The true skill statistic for all NN structures are given in Table 5.1. In this case,
the RNN architecture managed to improve the skill of the ML algorithms (up to a
0.11 increase in the best case) for two FD identification methods (N20 and P20). In
comparison, the standard ANN structure struggled to make FD predictions and the
U-nets overemphasized spatial patterns more than RNNs. ANN results could be partly
due to the tendency of the ANNs to get trapped in a trivial solution more frequently
than the RNNs, U-nets, or standard ML algorithms, because the ANNs did not consider

spatial structure, and also because it over emphasized SM above all other variables,
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ANNs RNNs U-Nets

C23 | 0.03 (£0.006) 0.25 (£0.034) 0.12 (+£0.015

£0.025

P20 | 0.00

( )
N20 | 0.00 (£0.002) 0.23 (£0.046) 0.18
(£0.000)

L20 | 0.06 (£0.023) 0.16 (+0.027) 0.06

( )
( )
0.08 (+0.025) 0.00 (£0.002)
(£0.023)
( )

021 | 0.18 (£0.050)  0.10 (£0.016)  0.15 (£0.011

Table 5.1: True skill statistic over all grid points and pentads for each DL algorithm and
FD identification method. Numbers in parentheses indicate 95% confidence intervals
derived from a 1-sample t-test (calculated across all folds). Highest skill score for is

identification method is bolded.

similar to the SVMs (Fig. 5.1), and generally did not seem to learn the surface feature
interactions involved in FD events.

In examining the difference between the true and predicted FD labels for the RNNs
(Fig 5.2), a widespread improvement can be seen in the climatology predictions com-
pared to the Ada boosted trees for four of the identification methods. In each case, the
amount of over prediction of FD in hotspot regions was notably reduced, with fewer
cases of under prediction except for the Great Lakes region and the Northeast in the
(C23 method, and southeastern California in the N20 method. The consistent under
predictions of FD in the O21 method suggest that the RNNs focused heavily on the
events in the southern U.S. and therefore struggled to identify FD in other regions.
Moreover, the composite difference for the P20 method looks quite good, with only
small differences compared to the truth labels. However, all of those differences were
statistically significant (Fig. 5.3), and the predictions using the P20 method had a low
skill score, suggesting that the RNNs predicted similar spatial climatology, but might

have struggled with the timing of FD events. Composite differences for the U-nets
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Figure 5.1: Average feature importance for the ANNs according to the SHAP method.
Feature importance was determined for all rotations and bars show the average im-
portance across each rotation. Error bars indicate 95% confidence intervals from a 1

sample t-test (average and standard deviation taken across all rotations).
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Figure 5.2: Composite mean difference of true minus predicted FD labels for each FD

identification method using RNN predictions.

showed relatively good results for the L20 method except in the Great Lakes region
and the Northeast (Fig. 5.4d). However, U-net results for other methods were more
mixed, where the P20 method saw consistent over predictions, and the C23, N20, and
021 methods had a mixture of under predictions and over predictions (for the N20
method, the under/over prediction was spatially split between the eastern and west-
ern United States; Fig. 5.4). The ANNs, however, either over predicted (P20, 120,
and O21) or under predicted (C23, and N20) FD in all locations, depending on the

identification method (Fig. 5.6).
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(a) True - Predictions for C23 Significance (b) True - Predictions for N20 Significance

Figure 5.3: 95% statistical significance of composite mean differences between the true
FD labels of the RNN predictions. Statistical significance determined by the Monte-

Carlo bootstrapping method (N = 5000).
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Figure 5.4: Composite mean difference of true minus predicted FD labels for each FD

identification method using U-net predictions.
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Figure 5.5: 95% statistical significance of composite mean differences between the true

FD labels of the U-net predictions. Statistical significance determined by the Monte-

Carlo bootstrapping method (N = 5000).
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Figure 5.6: Composite mean difference of true minus predicted FD labels for each FD

identification method using ANN predictions.
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Figure 5.7: 95% statistical significance of composite mean differences between the true
FD labels of the ANN predictions. Statistical significance determined by the Monte-

Carlo bootstrapping method (N = 5000).
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5.2 Predicted Climatology

Figure 5.8 shows the predicted FD frequency climatology by the RNNs. The RNNs
showed notable improvement in the predicted climatology compared to the Ada boosted
trees, with the over emphasis on hotspot regions reduced in the RNNs compared to
the Ada boosted trees. The agricultural regions that the Ada boosted trees identified
as hotspots were still present in some RNN predictions (e.g., for the C23 method), and
absent in others (e.g., in the P20 method). In addition, the over emphasis in Florida
was still present for some FD identification methods (i.e., C23, L20, and O21). Further,
while the RNNs created hotspots in some agricultural regions (e.g., eastern Washington
and southern Idaho), the signal there was much more muted compared to what the
standard ML algorithms learned. In exchange, however, the RNNs learned to identify
an additional hotspot in Arizona and western New Mexico. This was particularly
interesting as while this it not a hotspot for FD in the true labels (Fig. 4.1), it was
a hotspot for rapid intensification of dry conditions without going into drought (Edris
et al. 2023). In particular, the RNN predictions for the O21 method focused heavily
on this hotspot region, but struggled to learn FD elsewhere. The emphasis on the
southern United States suggests the RNNs, for the O21 method, may have been over
reliant on T and/or PET for FD prediction for that identification method, given its
similarity to the T and PET climatologies in the United States.

As the RNNs seemed to over predict FD in similar locations as the Ada boosted
trees for all methods except 021, they may have relied on similar variables as the Ada
boosted trees to make predictions (SM, P, and PET), but the performance in over
predictions and emphasis on other locations also suggests the RNNs more effectively
incorporated information from other variables and were not as strongly reliant on

a select few as the Ada boosted trees were. The U-nets also reproduced frequency
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Figure 5.8: Predicted frequency climatology of FDs by the RNNs for the (a) C23, (b)

N20, (c) P20, (d) L20, and (e) O21 methods.
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Figure 5.9: Predicted frequency climatology of FDs by the U-nets for the (a) C23, (b)
N20, (c¢) P20, (d) L20, and (e) O21 methods.

climatologies for some methods well (C23, N20, and L20), while the ANNs produced
a more realistic frequency climatology for the O21 method (Fig. 5.9). However, the
U-nets nets struggled to learn patterns for the P20 method, and over predicted FD for
the O21 method similar to the standard ML algorithms, and the ANNs struggled to
learn FD for methods other than O21 as a whole (Fig. 5.10).

Also in contrast to the Ada boosted trees, the RNNs may also have learned the
seasonality of FD more effectively. The RNNs did not focus on a select few months at
the end of the growing season, but predicted varying seasonalities depending on the
FD identification method (Fig. 5.11). The RNN seasonalities also matched the true

labels more closely in some cases (E.g., the C23, N20, and 120, though it had trouble
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Figure 5.10: Predicted frequency climatology of FDs by the ANNs for the (a) C23, (b)

N20, (c¢) P20, (d) L20, and (e) O21 methods.
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finding early season FDs in C23), but that attempt at learning the seasonality also
resulted in poorer results in the P20 and O21 methods (Fig. 5.11c, e). In addition,
the resulting time series of FD coverage had more mixed results compared to the Ada
boosted trees.

The RNNs in general did not learn as well which years had larger FD events as
well, resulting in some years with much more widespread FD predicted when the true
labels showed otherwise (Fig. 5.12). Note years when no FD was predicted for the N20
method represent the RNN experiments (K-Fold cross validation requires training the
RNNs K, 42 in this case, times) that predicted trivial solutions (e.g., in 1983 — 1985;
Fig. 5.12b). In comparison, the U-nets also captured the seasonality (Fig. 5.15) and
time series (Fig. 5.14) of the C23 method well (even finding some of the early season
FDs), and the seasonality of the O21 method (though the U-nets struggled getting
some of the early season FDs with that method), and it had difficulty learning the
time series for the O21 method (Fig. 5.15e). The ANNs were able to learn some of
the seasonal patterns of FD for the O21 method, however they over emphasized the
end of season FDs (Fig. 5.15), and struggled notably with the time series, creating an

erroneous large area covered by FD in 2000 - 2010 (Fig. 5.16).

5.3 Case Studies

A case study for the FD of 2012 is given here (Fig. 5.17) as a direct comparison to the
predictions from the Ada boosted trees in Chapter 4. In this case, the boosted trees
performed relatively well and captured much of the spatial of the FD, but struggled
with the timing, identifying FD prematurely or months too late. In comparison, the
RNNs were also able to capture, and even improve on the spatial coverage of FD

(e.g., creating a more realistic interpolation of FD in the P20 method), however it also
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struggled with the exact timing of the FD onset (Fig. 5.17). Unlike the Ada boosted
trees, which would identify F'D too early or too late, depending on the FD identification
method, the RNNs consistently identified FD a month or two late as this case study,
shifting the bulk of the identification down by four to eight pentads (Fig. 5.17, right
column). In contrast, U-nets were able to learn the timing of this event more effectively
for the C23 and O21 methods, but under estimated the spatial extent of the FD (Fig.
5.18). For the N20 method, the U-nets also struggled with the timing, and in the P20
method, and struggled more with the P20 and L20 methods. The ANNs struggled to
identify FD for all identification methods except O21 (a repeating pattern for all case
studies), where they struggled with the spatial coverage of the FD and timing (Fig.
5.19).

Another case study that was examined was in 2003, in which FD developed early
in the growing season, then propagated into the central portion of the Great Plains
into summer as the SM declined and vegetation mortality resulted in decreased ET
rates (Fig. 5.23) throughout the rest of the growing season, creating substantial crop
damage (Fig. 5.20; Otkin et al. 2014). This was an interesting case study because
the RNNs learned the coverage and timing of the FD more effectively, having the bulk
of the FD identified at the same time as the true labels for the C23, N20, and L20
methods. However, in the C23 and N20 methods, the RNNs failed to find regions
where FD initiated early, and thus did not necessarily capture the propagation of FD
(Fig. 5.20, rows 1 and 2). Combined with the good representation of FD coverage for
the same three identification methods, the RNNs well outperformed the Ada boosted
trees in this case study (not shown). U-nets also performed well for the C23 and 021
methods, but struggled to identify FD for the N20 and L20 methods for this case study
(Fig. 5.21), and tried to create continuous patches of FD in the P20 method. For the

021 method, the ANNs over represented FD, likely responding to the deteriorating SM
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Figure 5.17: FD case study for 2012 for each FD identification method. (left column)
True labels, (center) predicted labels from the test dataset, (right) true and predicted

FD coverage over the domain. FD predictions were made by the RNNs.
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Figure 5.18: FD case study for 2012 for each FD identification method. (left column)
True labels, (center) predicted labels from the test dataset, (right) true and predicted

FD coverage over the domain. FD predictions were made by the U-nets.
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Figure 5.19: FD case study for 2012 for each FD identification method. (left column)

True labels, (center) predicted labels from the test dataset, (right) true and predicted

FD coverage over the domain. FD predictions were made by the ANNs.
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over the region (Fig. 5.23e). The ANNs gave increasing FD coverage (and identified
FD late in many cases) as it responded to SM decline.

The final case study examined was in 2017, in which large parts of eastern Mon-
tana and western North and South Dakota fell into severe drought for much of the
growing season, resulting in notable agricultural impacts (up to 2.6 billion U.S. dollars
in agricultural losses; He et al. 2019; Lowman et al. 2023). Rising temperatures (and
evaporative demand) without corresponding precipitation increase in May resulted in
early FD identification in the N20 method, while the C23, L20, and O21 methods
identified FD in early summer (June) as SM and ET decreased, and P20 identified the
FD at the end of the growing season as evaporative demand rapidly increased (Fig.
5.24 and 5.27). The RNNs represented FD fairly well for this event, with the spatial
extent of the FD fairly well captured by the RNNs. While the RNNs had difficulty
getting the timing of FD for the C23 and N20 methods (where FD was predicted about
a month late), they were able to capture the timing of the FD better with the N20,
P20, and L20 methods. U-nets also capture the the FD for C23 and O21 methods
fairly well, though they showed a tendency to simplify or smoothed patches of FD for
all identification methods except P20 (where they failed to find FD; Fig. 5.25). In
contrast, the ANNSs failed to identify FD for this case study for all methods, including

the 021 method (Fig. 5.26).
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Figure 5.20: FD case study for 2003 for each FD identification method. (left column)
True labels, (center) predicted labels from the test dataset, (right) true and predicted

FD coverage over the domain. FD predictions were made by the RNNs.
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Figure 5.21: FD case study for 2003 for each FD identification method. (left column)

True labels, (center) predicted labels from the test dataset, (right) true and predicted

FD coverage over the domain. FD predictions were made by the U-nets.
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Figure 5.22: FD case study for 2003 for each FD identification method. (left column)

True labels, (center) predicted labels from the test dataset, (right) true and predicted

FD coverage over the domain. FD predictions were made by the ANNs.
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Figure 5.23: Spatially domain averaged standardized anomalies of (a) temperature, (b)

precipitation, (c) potential evaporation, (d) evaporation, and (e) soil moisture for the

2003 case study.
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Figure 5.24: FD case study for 2017 for each FD identification method. (left column)

True labels, (center) predicted labels from the test dataset, (right) true and predicted

FD coverage over the domain. FD predictions were made by the RNNs.
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Figure 5.25: FD case study for 2017 for each FD identification method. (left column)

True labels, (center) predicted labels from the test dataset, (right) true and predicted

FD coverage over the domain. FD predictions were made by the U-nets.
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2017 case study.
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Chapter 6

Machine Learning on Global Flash Drought

6.1 True Climatologies

The climatology of the truth labels, that the ML models were trying to predict are
shown in Figure 6.1. Global patterns and trends for the C23 method have already
been studied in Christian et al. (2021). In addition, Christian et al. (2021) identified
15 regions across the globe that represented FD hotspots. Because these are areas
that are prone to FD or have more impactful FD (typically due to the presence of
intensive agriculture), global time series and seasonalities were examined with respect
to these regions rather than the overall global time series (which would not represent
the heterogeneous trends; e.g., Fig. 6.7).

In examining the climatologies, some similar patterns were found across all FD
identification methods, including FD hotspots in the eastern Amazon, western Europe
(in the Iberian Peninsula), northern Australia, central United States, and eastern and
southern Asia (to varying degrees). Some contrasts between the different methods
were also found. The L20 method, for example, placed emphasis on FD in the tropics.
This is potentially due to it relying on declines in SM to measure FD, and given
the tropics have heavily leached soils (so the soil moisture declines more easily and
frequently). In contrast, the O21 method quantified SM decline differently and required
that the FD last longer than a month (as that method sought to measure impactful

FDs) making the distribution of FD from this method more uniform. However, the
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021 method still focused on similar hotspots to the C23 method (that is, regions of
moisture and precipitation gradients, such as the Sahel and central Eurasia). The
N20 method showed a high rate of FD identification, suggesting rapid declines in
atmospheric moisture availability (measured via SPEI) was more common than other
variables, and that many regions were sensitive to this type of moisture variation.
Nonetheless, some signals could be distinguished, such as western China and southeast
Asia, western Amazon, western Europe, and mountain slopes (e.g., eastern slopes of
the Andes and Rocky Mountains, and the western slopes of the Rocky Mountains in
Canada and Alaska). Lastly, the P20 method highlights many of the regions all the
other methods do, but more weakly given it is looking for large increases in PET, which
can be difficult to cause in areas that do not experience rapid increases in moisture

demand (such as the tropics due to its consistent temperatures).

6.2 Bulk Statistics

The bulk skill scores for the global ML models are given in Table 6.1. Skill scores
showed a notable decrease in the ML model skill compared to the Ada boosted trees
and RNNs in Chapters 4 and 5, except for the P20 and O21 methods for the RNNs,
which saw only a marginal decrease in skill (by 0.01). As a whole, this was not too
surprising given the heterogeneous nature of the world, and the increased difficulty of
moving from a regional to a global scale. However, the level of decreased skill in the
Ada boosted trees and RNNs (for the C23, N20, and .20 methods) was notable, and
some important trends could be seen in the composite mean differences (Fig. 6.2 and
6.3). In general, both ML models struggled noticeably with capturing global trends
in FD. In general, the ML models tended to focus on a select few locations at the

expense of the rest of the globe. For example, for the C23 method, ML models focused
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on Mid-Latitude FD at the expense of under predicting FD in the tropics. For the
L20 method, ML models focused heavily on the tropics at the expense of the rest of
the globe (where they predicted almost no FD), and the Ada boosted trees focused
more on the High Latitudes for the N20 and P20 methods. Note the RNNs had great
difficulty predicting FD for the N20 method (see Section 6.3), and ultimately settled on
a solution of predicting identical flash drought values everywhere, resulting in constant
over predictions of FD everywhere (composite mean difference < -0.1; Fig. 6.2b). For
the O21 method, the ML models under predicted FD across the globe except for regions
that were supposed to be masked out by the aridity index, where the ML models did
predict FD and thus had over predictions (see Section 6.3 for a discussion). In some
cases, the ML models captured some signals. For example, the strong over emphasis
on the tropics for the L20 method came from the strong emphasis on the tropics in the
true labels, which the ML models over emphasized as chapters 4 and 5 showed they
were prone to do, and the C23 method focused more on areas of energy and moisture
transitions in the Mid-Latitudes, which the Ada boosted trees focused more on (see
Section 6.3).

These singular trends of emphasizing performance in certain latitudes dominated
ML model predictions above any other pattern or signal. While problematic in terms
of global predictions, this did suggest areas where ML models may be more effectively
implemented for individual methods. For example, studying FD using the P20 and
N20 methods via Ada boosted trees may have better results focusing on the High
Latitudes, or the Low Latitudes if studying the L.20 method with either ML method,
or the Mid-Latitudes for the C23 method. While the patterns from the composite mean
differences can be interesting, it is worth noting that none of them were statistically
significant for either ML model (i.e., statistical significance produced empty maps; not

shown), and as such, these results need additional evidence to support them.
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Figure 6.2: Composite mean difference of true minus predicted FD labels for each FD

identification method using global RNN predictions.
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Ada Boosting RNNs

€23 | 0.03 (£0.003) 0.05 (+0.013)
N20 | 0.24 (£0.017)  0.12 (40.047)
P20 | 0.04 (£0.007) 0.06 (+0.011)
120 | 0.09 (+£0.007)  0.06 (£0.015)
021 | 0.04 (£0.006) 0.09 (£0.021)

Table 6.1: True skill statistic over all grid points and pentads for Ada boosted trees
and RNNs across the globe and FD identification method. Numbers in parentheses
indicate 95% confidence intervals derived from a 1-sample t-test (calculated across all

folds). Highest skill score for an identification method is bolded.

The lower skill scores in Table 6.1 can also be attributed to the difficulties in
capturing heterogeneous temporal patterns of FD across the globe (see Section 6.3).
Lastly, the performance of the RNNs for the N20 method should be noted. As a
whole, the RNNs had struggled with this method more than the others, and frequently
produced test experiments that would either predict no FD anywhere (one type of
trivial solution) or FD everywhere (another type of trivial solution). While alternate
parameters were being explored, hyperparameter tuning was cut short due to lack of
time and parameters yielding some non-trivial experiments were chosen. However,
these parameters still broadly resulted in trivial solutions in the test datasets for most
of the rotations for this method, resulting in the poor performance found in Figure 6.2
and in the next section, while over prediction of FDs resulted in a seemingly higher
skill that was found in Table 6.1.

The performance of the Ada boosted trees can be partly understood via the GINI
feature importances (Fig. 6.4), which showed a mixture of variables ranking most

important. This includes PET and SM for the C23 method, P for the N20 method,
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P and PET for the P20 method, T and ET for the L20 method (hence the vast over
emphasis on the tropics), and P and SM for the O21 method (which is likely why this
method had some of the best climatological predictions as the Ada boosted trees tried
to learn SM patterns for the O21 method). In short, the Ada boosted trees appeared
to have been unable to find general patterns in FD that generalized to the globe, and
defaulted to some of the climatological patterns of the most important variables (e.g.,
the low P and PET in the poles, and high T and ET in the tropics). The Ada boosted
trees that put more emphasis on SM seemed to produce more realistic predictions, in

part because of SM’s more heterogeneous climate patterns, but also because they did

so for methods that were correlated with SM (C23 and O21).

6.3 Climatology Predictions

The climatologies predicted by the RNNs are shown in Figure 6.5 and by the Ada
boosted trees in Figure 6.6. The spatial distribution of predicted FD events discussed in
Section 6.2 can be seen, with over emphasis of FD in certain locations at the expense of
others (though the RNNs generally under predicted FD). The climatologies that the two
ML models gave reasonably resembled true global climatologies, with distinguishable
spatial patterns and features, for the C23, P20, and O21 methods. Climatolgical
predictions for the L20 method by the RNNs seemed reasonable, however the RNNs
still heavily focused on the tropics at the expense of identifying almost no FD at higher
latitudes.

For the C23 method, the ML models captured a lot of Mid-Latitude patterns,
though the ML models almost failed to find FD in the tropics altogether, despite FD
being present in those locations in the truth labels (Fig. 6.1a; the RNNs predicted FD

in the tropics for the C23 method better than the Ada boosted trees, but still had blank
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Figure 6.4: Average feature importance for the global Ada boosted decision trees
according to the GINI method. Feature importance was determined for all rotations
and bars show the average importance across each rotation. Error bars indicate 95%
confidence intervals from a 1 sample t-test (average and standard deviation taken across

all rotations).
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patches of FD in the tropics). Spatial patterns in Ada boosted predictions for the C23
method also followed areas that are sensitive to precipitation deficits, such as the dry
western United States, Himalayan Mountains, central Eurasia, transition regions from
the humid Black and Caspian Seas to dry Siberia, and Argentina, on the lee side of the
Andes Mountains. However, this can be difficult to interpret as learning precipitation
deficits, as these are areas that were masked out by the aridity index that the Ada
boosted trees were supposed to ignore, suggesting the Ada boosted trees seemed to
think the masked out locations had higher frequencies of FD (in general, RNNs learned
to ignore or have few FDs in these masked locations, though Ada boosted trees would
sometimes emphasize them). Alternatively, it could be argued the Ada boosted trees
learned about areas of precipitation gradients in the Mid-Latitudes for FD predictions.
Given the Ada boosted trees’ emphasis on PET, P, and SM for the C23 method (Fig.
6.4), the latter explanation seems more likely. A similar argument could be made for
the O21 method, which identified similar hotspots in arid regions, as the Ada boosted
trees focused on P, SM, and ASM for that method.

For the P20 method, note the Ada boosted trees heavily over predicted FD in east-
ern Siberia, Alaska, and Greenland (Fig. 6.6¢; areas with some of the coldest global
temperatures, and lowest precipitation values). Given the Ada boosted trees for the
P20 method focused on P, it is likely the boosted trees simply learned precipitation cli-
matology rather than FD patterns. Interestingly, the RNNs had the opposite problem
of focusing on the tropics. In both cases, the ML models failed to identify the similar
distribution of FD the true P20 labels identified, and instead focused on a specific re-
gion. That said, the ML models still learned some patterns for FD, such as eastern and
southern Asia, western Europe (more central Europe in the RNNs), and the eastern
Amazon (Fig. 6.5¢ and 6.6¢). This suggests the ML models were capable of learning

some of the global spatial patterns for this method.
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Lastly, both ML models under predicted FD for large swaths of the globe for the O21
method, but learned distinct signals similar to the C23 method (Fig. 6.5e and 6.6e).
However the Ada boosted trees also learned some patterns in the tropics for the O21
method, such as the Congo Basic (eastern Africa for the RNNs), western and central
Australia (northern Australia in the RNNs), and the central and northern Amazon.
In general, Ada boosted trees and RNNs looked to be learning similar patterns for the
021 method as for the C23 method, except Ada boosted trees extended further into
the tropics and dry soil locations than for the C23 method. While this helped the Ada
boosted trees make more realistic predictions for the O21 method, it ran at the risk of
creating FD hotspots that were not present in the truth labels (Fig. 6.1e), such as in
western Australia, southwestern Africa, and much of the Middle-East. In contrast, the
RNNs more successfully learned to ignore areas filtered by the aridity index, preventing
them creating many new hotspots, but also resulting in wider under predictions of FD
compared to the Ada boosted trees.

In terms of predicted time series and seasonalities of FD, both ML models struggled
significantly with these. When examining the overall time series in the FD prone regions
identified in Christian et al. (2021) (Fig. 6.7, 6.8, 6.9, 6.10, and 6.11), the ML models
notably struggled to capture the temporal patterns, either under predicting FD (for
the C23 and P20 methods, the L20 method outside of the tropics, and the O21 method
after about half way through the time series), or over predicting FD (N20 method for
the Ada boosted trees, and L20 method within the tropics). ML models seemed to
take some consideration of cliamte change, but not in a way that helped the models.
For example, in all time series for the O21 method, FD was over predicted by RNNs,
but then started to predict fewer or less expansive FD about half way through the
time series, resulting in large under predictions. This change from over prediction

to under prediction of FD was most likely due to changing temperatures and soil

128



moisture conditions resulting from climate change. However, the ML models failed to
learn climate change patterns that would help them or were present in the truth labels,
such as the increasing trend in FD coverage in Asia Minor (Fig. 6.7 through 6.11).
Interestingly, the Ada boosted tree algorithms also created U, and inverted U-shaped,
time series for several methods (e.g., in the central United States and Argentina in the
N20 method, tropical locations in the L20 method, and Asia Minor and Iberia in the
021 method; Fig. 6.8, 6.10, and 6.11).

Another notable feature was the seasonality of FD predicted by the ML models
(Fig. 6.12, 6.13, 6.14, 6.15, and 6.16). For all methods, the ML models predicted the
seasonality of FD to be at the start, or at the end, of the growing season (depending on
location and identification method). This was most likely connected to the variables
emphasized by the ML models responding to shifts in P, T (and PET by extension),
and SM. Overall, this showed that the Ada boosted trees and RNNs failed to learn
the temporal, and most especially the seasonality, of FD, with the ML algorithms over
generalizing trends and thus not learning the heterogeneous patterns present across
the globe.

An interesting note to make is that the seasonal patterns of FD did not significantly
change in the truth labels across FD identification methods (Fig. 6.12 through 6.16),
and neither did temporal trends (Fig. 6.7 through 6.11). For example, all identification
methods showed increasing trends in FD coverage in Asia Minor and western Europe,
and decreasing trends in India. So while the FD identification methods showed some

variation in spatial hotspots, they all had similar temporal and seasonal patterns.
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6.4 Case Studies

Finally, global case studies provide an opportunity to examine events across the globe
and their impacts to see how said impacts might vary. For example, in 2001 a severe FD
struck north central India and parts of southern India (Fig. 6.18 and 6.17; Mahto and
Mishra 2020). As seen with other FDs in the United States, the timing of the FD event
can depend on the FD identification method used. The FD developed in southern India
in the early growing season, and later in northern India late in the growing season. In
general, there is agreement in the location and timing of FD between the C23 P20,
and O21 methods. This can be considered a case when FD did not propagate, but
rather FD developed in another area due to a break in the monsoonal season (Mahto
and Mishra 2020). The ML models in this case had a difficult time capturing this FD,
though the Ada boosted trees for the N20 method captured much of the spatial extent
of the FD, and when the FD peaked in spatial coverage (Fig. 6.18). However, the Ada
boosted trees struggled with the other methods in capturing this event. The RNNs
generally failed to identify the first onset of rapid drying for this event (except for the
021 method, where they prematurely identified FD too far east of the true labels).
But the RNNs were able to represent the location, extent, and coverage of the second
onset of rapid drought (in August to October) relatively well (Fig. 6.17, right column).
Notably, this FD did not have a great deal of direct impact on people, but saw large
impacts on the crop production, with over 25% of rice and maize production affected
by this event (Mahto and Mishra 2020).

A second example can be seen in southern Russia, during 2010. During the early
growing season FD began to develop in the north and propagate into southern Russia,
worsening the impacts of a heatwave that also impacted Russia during the 2010 summer

(Fig. 6.21 and 6.20; Christian et al. 2020). By July, the FD had moved into central

140



_True FD Predicted FD Areal Coverage (%)

0.16 —— True Label
0.14 Predictions
30°N 0.12
0.10
C23
0.08
0.06
0.04
0.02
o \ Oct
0 0.00 ST NG 4.
Apr May Jun Jul Aug Sep Oct Nov
6.00] ceeeeeeeeeeeoereeoeeereeeetereee = TraaTanel
—— Predictions
5.00
30°N Sep
4.00
N20
3.00
2.00
1.00
ST NIUSSSTe NN, PSS S NS, fua
0° 0.00
Apr May Jun Jul Aug Sep Oct Nov
—=— True Label
0.25
+— Predictions
30°N 0.20 Jul
P20 0.15
0.10
0.05 Jun
0° 0.00
Apr
—e— True Label
0.20 —=— Predictions
May
30°N
0.15
L20
0.10
0.05 ApI‘
0° 0.00
1.20 “"v —— True Label
: \ —=— Predictions No FD
30°N 1.00 ] '
0.80 \
021
0°

Figure 6.17: FD case study for 2001 in India for each FD identification method. (left
column) True labels, (center) predicted labels from the test dataset, (right) true and

predicted FD coverage over the domain. FD predictions were made by the RNNs.

141



Predicted FD Areal Coverage (%)

—— True Label
—=— Predictions

30°N
C23

Oct

0°

—=— True Label
—=— Predictions

30°N Sep

N20

Aug

0°

—— True Label
+— Predictions

Jul

Jun

—e— True Label
0.20 —— Predictions
May
30°N

L20

0.05 Apr

0.00

0°

0:50 —e— True Label

oo —=— Predictions No FD
30°N
021 0.30

0.20

0.10

0°

Figure 6.18: FD case study for 2001 in India for each FD identification method. (left
column) True labels, (center) predicted labels from the test dataset, (right) true and
predicted FD coverage over the domain. FD predictions were made by the Ada boosted

trees.
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Figure 6.19: Spatially domain averaged standardized anomalies of (a) temperature, (b)

precipitation, (c) potential evaporation, (d) evaporation, and (e) soil moisture for the

2001 case study over India.
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Russia and exacerbated the heatwave and its impacts. Again the ML models had a
difficult time in representing the FD event (in this case with both ML models and for
all FD identification methods). In particular, the RNNs struggled to identify FD (Fig.
6.20), while the Ada boosted trees struggled with the timing of the event (Fig. 6.21).
In contrast to the previous FD event discussed, the impacts of this FD were more
diverse. While there was a drop in crop production during 2010, the FD amplified a
severe heatwave, resulting negative impacts on public health and even causalities as a
result of the heat to the Russian populace (Christian et al. 2020).

A different type of impact can be seen in the 2015 — 2016 drought in the Amazon.
This event has been described as a traditional, long-term drought (Jiménez-Munoz
et al. 2016; Ribeiro et al. 2021), though elements of rapid intensification were detected
in this event during the last two months of the Southern Hemisphere growing season
(Fig. 6.23 and 6.24). The location of that rapid intensification varied depending
on the FD identification method, with the C23 and O21 methods focusing on the
central and eastern Amazon, and the remaining methods more on the eastern Amazon.
However, the main impacts of the drought were more in the eastern and northern
Amazon (Jiménez-Munoz et al. 2016; Ribeiro et al. 2021), suggesting the soil depletion
quantified in O21 and the evaporative stress in C23 were more inline with the impacts
for this event. Given the Ada boosted trees were performing better in the tropics
climatologically for N20 and .20 methods, there was little surprise that they performed
better for this event for those methods, capturing both the timing and spatial extent
shown in the true labels (though the Ada boosted trees, and RNNs, over predicted
FD for the L20 method; Fig. 6.24). For the other methods (C23, P20, and O21) the
Ada boosted trees struggled to identify FD for this event, consistent with Ada boosted
trees under predicting FD in the tropics for those methods. In contrast, the RNNs

did relatively well with the L20 method, though it did not find the FD in the eastern
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Figure 6.20: FD case study for 2010 in southern Russia for each FD identification
method. (left column) True labels, (center) predicted labels from the test dataset,
(right) true and predicted FD coverage over the domain. FD predictions were made

by the RNNs.
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Figure 6.21: FD case study for 2010 in southern Russia for each FD identification
method. (left column) True labels, (center) predicted labels from the test dataset,
(right) true and predicted FD coverage over the domain. FD predictions were made

by the Ada boosted trees.
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Figure 6.22: Spatially domain averaged standardized anomalies of (a) temperature, (b)
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2010 case study over southern Russia.
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Amazon, and the RNNs struggled to find FD for the remaining methods (Fig. 6.23).
Of note with this drought event was the impacts, as it did not impact people and crops
directly, but rather was harmful to the vegetative landscape, particularly the tropical
trees populating the area. Particularly, the trees that died as a result of the drought
greatly impacted the Amazon’s ability to act as a carbon sink (Jiménez-Munoz et al.
2016; Ribeiro et al. 2021), resulting in a reduced carbon intake for the year and yielding
a more unique drought impact in the form of aiding climate change due to vegetation
loss.

The last case study is one in eastern Africa during 2016 — 2017. This particular
drought was unique as the area of eastern Africa is close enough to the equator to
have two rainy seasons when the Inter-Tropical Convergence Zone (ITCZ) passes over
it for both hemispheric summer and winter seasons (Palmer et al. 2023). However,
for this drought event, both rainy seasons under performed and resulted in moisture
deficits (Funk et al. 2018; Palmer et al. 2023). This event has also been generally
described as a traditional long-term drought (and lasted beyond the year examined
in this case study), however elements of rapid intensification, largely in Ethiopia and
southern Somalia, were detected. Rapid intensification occurred in both June (C23,
N20, and P20) or May (L20) and in September and October (C23, N20, L20, and
021), corresponding to rapid drying that occurred with each rainy season (the fact
rapid drying occurred twice suggests there may have been some drought recovery in
between them, which is matched in the increase in P and SM anomalies between rainy
seasons; Fig. 6.26, 6.27, and 6.28). Though the Ada boosted trees performed well with
the P20 method in this case study, and the RNNs performed relatively well with the
021 method, both ML algorithms generally struggled with the other methods for this

case as well.
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Figure 6.23: FD case study for 2015 — 2016 in the Amazon for each FD identification
method. (left column) True labels, (center) predicted labels from the test dataset,

(right) true and predicted FD coverage over the domain. FD predictions were made

by the RNNs.
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Figure 6.24: FD case study for 2015 — 2016 in the Amazon for each FD identification
method. (left column) True labels, (center) predicted labels from the test dataset,
(right) true and predicted FD coverage over the domain. FD predictions were made

by the Ada boosted trees.
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Figure 6.25: Spatially domain averaged standardized anomalies of (a) temperature, (b)

precipitation, (c) potential evaporation, (d) evaporation, and (e) soil moisture for the

2015 — 2016 case study over the Amazon.
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Figure 6.26: FD case study for 2016 in eastern Africa for each FD identification method.
(left column) True labels, (center) predicted labels from the test dataset, (right) true

and predicted FD coverage over the domain. FD predictions were made by the RNNs.
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Figure 6.27: FD case study for 2016 in eastern Africa for each FD identification method.
(left column) True labels, (center) predicted labels from the test dataset, (right) true
and predicted FD coverage over the domain. FD predictions were made by the Ada

boosted trees.
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Figure 6.28: Spatially domain averaged standardized anomalies of (a) temperature, (b)
precipitation, (c) potential evaporation, (d) evaporation, and (e) soil moisture for the

2016 case study over eastern Africa.

154



The impacts of this event was more notable (to the local population and society)
and extreme than the previous case studies. This is because a vast majority of the
area’s popular works in and relies on local agriculture for their food supply (Palmer
et al. 2023). Given much of the local agriculture was deeply impacted by the drought,
the region experienced famine and deaths as a direct consequence of this drought
event (Funk et al. 2018; Palmer et al. 2023). This particular event also showed that
while there are ways people could adapt to drought, those adaptations are not evenly
or equally distributed across the globe, and some areas are more vulnerable to drought
and FD, and their impacts, than others. This also suggests there is a level of societal
interaction to determine how impactful a drought and FD is (e.g., what the society
does to adapt to the drought, such as limiting water use, any aid given or withheld from
local governments or other from other societies), a feature that is not often discussed

in the literature.
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Chapter 7

Conclusions

This dissertation’s contributions included an initial investigation of FD identification
and prediction using six different ML algorithms; three standard ML algorithms (SVMs,
RF's, and Ada boosted trees) and three deep learning algorithms (ANNs, RNNs, and
convolutional U-nets). The results showed found that the most skillful of the stan-
dard ML algorithms (Ada boosted trees) showed promise in being able to represent
FD events across multiple identification methods, while also remaining competitive
compared to DL algorithms. The standard ML algorithms were able to learn which
spatial regions experienced the most frequent FD events, as well as some degree of
seasonality of the FD events. Case studies showed the spatial coverage of FD events
was often (though not always) well represented. However, feature importance showed
that the standard ML algorithms were over relying on select variables (SM, P, and
PET), and the ML algorithms may have learned climatologies and patterns in those
variables as opposed to synthesizing the information to identify FD. Predictions in FD
case studies could often be understood using these select variables. As a result, the
standard ML algorithms struggled to learn the timing of FD events, and favored a
specific seasonality (i.e., late summer into fall), due to both negative precipitation and
soil moisture anomalies being most prominent at that time. The ML algorithms also
often overemphasized hotspot regions, creating numerous false positives in those areas.

In comparison, the standard ANN structure had a surprisingly difficult time iden-

tifying FD. U-nets improved on this but were not able to outperform Ada boosted
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trees. However the RNNs showed some improvement in identifying FD over the Ada
boosted trees (except for the O21 method), though the skill score of the Ada boosted
trees was still competitive. Specifically, the RNNs reduced the rate of over predic-
tion of FD in hotspot regions (fewer false positives), while also giving more realistic
climatological predictions outside of the hotspot regions. The RNNs also learned the
seasonality of FD more effectively for some FD methods than others (i.e., the C23,
N20, and L20 methods), and they compared well to the Ada boosted trees in specific
case studies (i.e., 2012), while outperforming them in others (i.e., 2003). However,
the RNNs struggled to learn the precise timing of FD events and often identified the
initiation of an FD event on to two months later than verification, resulting in low skill
scores. Interestingly, ML algorithms predicted the C23 and O21 methods better than
others, suggesting they may have had an easier time recognizing patterns similar to or
correlated with SM patterns and climatologies.

For the global performance, the RNNs and Ada boosted trees struggled to cap-
ture global FD patterns, preferring to focus on a few regions (certain latitudes) at
the expense of others (e.g., ML models for the C23 method focused on getting FD
identification in the Mid-Latitudes, but struggled to identify FD in the tropics, while
they focused on the tropics for the L20 method at the expense of ignoring the rest of
the globe, and the Ada boosted trees for the P20 and N20 methods ocused more on
the High Latitudes). At the global level, both ML models struggled to learn tempo-
ral struggled to learn temporal and seasonal patterns of FD, and with individual FD
events While these results suggested ML models for FD should be localized to specific
regions for better results, they also suggested where the ML models might perform
better, such as in the tropics for the L20 method, Mid-Latitudes for the C23 method,

and so on.
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In total, the contributions of this dissertation showed the ML algorithms have
promise in representing FD events as a whole, with Ada boosted trees and RNNs (using
LSTM layers) showing the most skill and the most skillful models stem from training on
the regional scale. One caveat is that the standard ML algorithms often over relied on
some variables (such as SM, P, and PET) to predict FD. RNNs seemed to improve on
this but still struggled with the timing of FD events. In addition, the RNNs also had a
difficult time learning patterns and timing of FD for some identification methods (i.e.,
P20 and O21). This is possibly due to the RNNs failing to properly synthesize surface
variables and learn surface interactions (e.g., predicted RNN frequency climatology for
the O21 method strongly resembled PET and T climatologies). As a note, this study
sought to identify FD directly as a classification problem, which may have different
results compared to a regression problem where a FD indicator is predicted (e.g.,
in Foroumandi et al. 2024). Further, investigations into this problem using regression
models is also recommended to give a different perspective on the problem and to
investigate whether the ML performance improves in learning a continuous variables
over a complex event that depends on multiple variables (like FD).

In addition, this dissertation also contributed a unique opportunity to examine
the climatologies and seasonalities of multiple FD identification methods, applied to
CONUS and to the globe, and how they represent different case study events. And
in general, they showed similar patterns, though variations were still present between
each identification method. For example, C23 focused more heavily on agricultural
regions and moisture transition regions, where the evaporative stress from vegetation
is higher compared to native vegetation. In contrast, the N20 method focused more
on the western United States and earlier summer due to its emphasis on atmospheric
water deficit (i.e., use of SPEI). The P20 method also focused more on mid to early

summer FDs due to its emphasis on atmospheric demand (using EDDI to identify
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FD). Similarly, the 120 and O21 methods showed climatological patterns similar to
SM, identifying hotspots more closely to the C23 method, and identifying FD more in
the late growing season (August — October in the NH, and September — March in the
SH), when the SM is lower (Illston et al. 2004) and in early spring.

Globally, the different identification methods showed similar hotspot regions, such
as in the eastern Amazon, western Europe, central United States, the southern Congo,
northern Australia, and eastern and southern Asia. The strength of those hotspots,
however, varied from one FD identification method to the next, and some FD identifica-
tion methods may have additional hotspots. For example, most identification methods
highlighted the Sahel region, however the P20 method does not due to its focus on
PET, which would not increase as rapidly due to consistently high temperatures in
the wet and dry seasons (however, transitions from wet to dry seasons would result in
more detectable FD using P, SM, and ET). Some identification methods also showed
other patterns, such as a heavy emphasis on the tropics for the L20 method, poten-
tially due to how easily the leeched soils experience moisture decreases, while the N20
method generally has a higher frequency of FD and identified more FD on mountain
slopes(showing an interestingly high rate of rapid precipitation decline/atmospheric
demand increase). Despite differences in spatial patterns, the identification methods
showed similar spatial trends across each spatial trends across each hotspot/FD vulner-
able region identified in Christian et al. (2021). Each method showed similar seasonal-
ities, and similar temporal trends (with the strongest increasing trend in FD coverage
occurring in Asia Minor, the Iberian Peninsula, western Russia, and the trends were
closer to neutral in other regions).

In general, each FD identification method gives its own perspective and flavor on
FD, and examining and comparing their climatologies on how they handle different

FD events can provide useful insights and is recommended for future studies. Given
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the multiplicity of FD identification methods, each giving its own perspective, a “true”
identification of FD or prediction of FD would likely come from an ensemble approach,
as recommended in Alencar and Paton (2022), or a convergence of evidence approach
combined with expert opinion, similar to what the USDM uses.

Another contribution from this dissertation was the opportunity to examined a
wider variety of FD events in regions across the world that are infrequently discussed,
and to examine differing levels and types of impacts. This was performed via global
case studies, which focused on impactful traditional droughts, that also had elements
of rapid intensification. These case studies showed that the impacts of drought and FD
were not uniformly distributed across the globe. For example, the 2001 FD in India
primarily impacted agriculture and food supply (Mahto and Mishra 2020), whereas
the 2010 Russian FD was coupled with a strong heatwave (Christian et al. 2020).
The 2015/16 drought in the Amazon resulted in high tree mortality that contributed
to fires and had notable contributions towards climate change (Jiménez-Munoz et al.
2016; Ribeiro et al. 2021). And the 2016/17 drought in eastern Africa showed mit-
igation strategies for drought are not evenly distributed across the globe, as that
drought severely impacted east Africa’s agriculture and food supply and directly re-
sulted in famine and numerous deaths (Funk et al. 2018; Palmer et al. 2023). These
also showed that there is a societal response that is important in determining how
impactful droughts and FDs are. For example, many of the fires in the Amazon may
not be naturally caused, and many of those may not be intentionally caused (Ribeiro
et al. 2021), or in eastern Africa there were cases where the food relief may or may not
be received by the populace (Palmer et al. 2023).

Future studies should examine some of the select ML algorithms (namely the Ada

boosted trees and RNN structures) more deeply, but also more complex models such
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as generative adversarial networks, to examine how the ML algorithms make their pre-
dictions and how to improve them. Future works, for example, are recommended to
add other variables (such as ENSO, AMO, or other climatological drivers), or break-
ing down some variables (such as PET) into parts to examine if that forces the ML
algorithms to focus on other variables and learn the surface interactions that drive FD
events more effectively and to focus on specific regions to improve ML performance.
Separate from ML, future investigations into FD are recommended to examine global
FD for other methods (not all identification methods were investigated here), as well
as include multiple identification methods when investigating FD in general in order
to gain multiple perspectives on FD and its developments, and thus deliver a more
complete picture of FD events. Future works are also recommended to investigate
different forms of drought and FD impact to better understand those impacts, their
potential contributions towards climate change (especially for regions where droughts
and FDs are expected to become more common), and the interaction between society
and drought to better understand how drought impacts are modified by societal reac-
tions and to implement methods of drought adaptations so that few to no locations

experience famine as a result of drought and FD events.
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