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Abstract

Lightning directly causes human fatalities, sparks costly wild res, and can be trig-
gered during rocket launches, potentially harming high-value payloads. This threat
is increasingly consequential as launch activity at Kennedy Space Center exceeds 100
launches per year. Observing the microphysical processes that trigger lightning is dif-
cult. Recent advances in radar technology have allowed for charged regions of storms
to be quanti ed using speci c di erential phase (Kpp ), at temporal scales of seconds
with a fully digital phased array radar.

| developed three deep learning models (BoltCast, LaunchCast, and HorusCast),
investigating machine learning's ability to generate lightning probabilities or its related
dual-polarization variable, Kpp . BoltCast's domain spans the entire CONUS with a
four-day prediction, LaunchCast is near Kennedy Space Center along the east-central
Florida coastline with a 1-hour prediction, and HorusCast translates all traditional
and dual-polarization variables into a Kyp estimate. Each model was developed using
custom deep neural networks. The models are evaluated with reliability or attributes
diagrams, precision-recall performance diagrams, or error calculations; with varying
explainability metrics applied to identify the main drivers of the model.

BoltCast was evaluated against two separate model architectures and showed high
reliability out to four days, with area under the precision-recall curve (AUC-PR) val-
ues decreasing from 0.62 to 0.52, for the best architecture. Permutation importance
showed that CAPE was the primary driver, with partial dependence plots showing
larger changes in model output when CAPE and re ectivity are varied for a hit and
miss forecast. LaunchCast transitions to a much smaller scale, making lightning pre-

dictions out to 1-hour, at 15-minute time steps, with 5 High Resolution Rapid Refresh

XiX



variables, a subset of the Multi-Radar Multi-Sensor observation suite, Geostationary
Lightning Mapper group area, and electric- eld-mill data as inputs. AUC-PR drops
from 0.47 to 0.26 across the forecast hour. The accumulated local e ect of a subset
of input data revealed that the mean electric- eld-mill values have in uence within 5
nautical miles of the site. Lastly, HorusCast, a lgp estimator, generates fairly strong
Kpp predictions when the radar is con gured to scan continuously. The model perfor-
mance drops when deployed on test cases that have di erent scanning strategies. Input
x Gradient (IXG) revealed that the di erential phase pp had the greatest attribution.
This work demonstrates the value of deep-learning's application for lightning speci c

predictions and Kpp .
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Chapter 1

Introduction

Lightning classi cation and prediction needs vary by customer. From 1979 - 2023 the
average lightning mortality rate was 2.07 per 10 million people across the United States,
with 54.3 fatalities per year (Marion et al., 2026). Throughout this time period, the
average fatalities steadily decreased to 34.2 people per year from 1999-2023. But, the
World Meteorological Organization de ned lightning as a climate variable in 2018 (Aich
et al., 2018; WMO, 2019), indicating a potential increase in lightning frequency with
climate change that may o set the reduced mortality rate. Emergency managers desire
lightning information several days in advance, to help aid in wild re mitigation while
also ensuring that sound infrastructure is present for personnel safety (Wanless et al.,
2025). Launch weather operators, under strict launch commit criteria (Deloach and
Pellicciotti, 2023) and increased pressure for increased access to space, need accurate
electri cation predictions within 10 minutes of launch and desired 30-minute warning
lead times (Cizek, 2026; Stewart, 2026). While the mesoscale processes that pose the
threat to launches, like sea-breeze convection, are well documented (Laird et al., 1995),
recent phased array radar advancements can now sense the electri cation of the storm
at much ner temporal resolution (Palmer et al., 2023; Schvartzman et al., 2026).

With the continuity of lightning observations available, combined with archives of
geo-spatial data at varying temporal scales, machine-learning technigues can be used to
develop lightning prediction tools to meet emergency managers' desired multi-day lead

times (Wanless et al., 2025), launch weather operators' minute to hourly predictions
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(Cizek, 2026), and storm scale evolution of hydrometeor interactions at sub-minute
temporal resolution (Goede et al., 2025). The next section discusses some of the current

limitations these operators face, and how this dissertation can help close the gap.

1.1 Problem Statement

Forecasters are expected to translate other environmental characteristics, such as con-
vective available potential energy and updraft velocity, to a lightning probability. With

the recent launch of Geostationary Lightning Mappers (Goodman, 2012) that monitor
lightning from space, lightning is continuously monitored across a large portion of the
globe. The Geostationary Operational Environmental Satellite (GOES) series have
monitored lightning characteristics over the Conterminous United States (CONUS)
since 2019 (Goodman, 2012). These observations, concurrent with the large scale
NWP models like the Global Forecast System (GFS; (NCEP, 2015)), provide an op-
portunity to apply Al/ML techniques to derive a lightning probability across CONUS
several days in advance. | have developed a CONUS-wide, convolutional-based model
that predicts lightning out to four days called BoltCast, and compared it to current
operational products and a long short-term memory based model.

The recent uptick in space launches and the increase in frequency of human space
ight has increased the demand for accurate lightning predictions to reduce the risk of
lightning impacts to human astronauts and high-value payloads. However, BoltCast's
(McClung et al., 2026) broad spatial predictions on a daily timescale do not meet the
temporal resolution requirements, described in the LLCC (Deloach and Pellicciotti,
2023). Kennedy Space Center o ers a unique suite of electric eld mills that are
useful in lightning detection via large jumps in the observed potential gradient (Wilson,

1920; Kobayashi and Kitagawa, 1956). This specic suite of eld mills has varied



success for use as inputs to 1-hour Al/ML based lightning prediction tools (Hill, 2018;
Speranza, 2019), with some studies suggesting the use of eld mills for prediction
is completely unwarranted (Skrovan, 2020) and others showing some skill in other
countries (Bao et al., 2022). These varying techniques warrant further investigation,
with the aim to develop a highly skillful nowcasting model at a temporal relevance
of the launch-weather community - accompanied by other geo-spatial tools like NWP
data, satellite, and radar. | developed a model at 15-minute and 3-kilometer resolution,
that predicts lightning with 1-hour lead time for Kennedy Space Center, and relevant
military locations in the region, named LaunchCast.

The surface based eld mills provide an integrated snapshot of the electric eld aloft,
at a speci c point from the surface. Phased-array radars have shown promise to capture
hydrometeor interactions aloft that generate canted ice-crystals due to their alignment
with strong electric elds within a storm (Goede et al., 2025; Biggersta et al., 2017,
Tzeng et al., 2025). Speci c di erential phase, or lgp is a dual-polarization variable
for which the radar volumes of kyp exhibit strong correlation to total ash rate (e.qg.,
number of ashes per time) (Sharma et al., 2024). While severalgt estimators are in
place today (Vulpiani et al., 2012; Schneebeli et al., 2014; Reimel and Kumijian, 2021b),
each computes the range-based derivative of the di erential phase dp ) slightly dif-
ferently, with varied results (Reimel and Kumjian, 2021a,b) . Thus, given that ML
optimization is gradient based, deep-learning techniques are primed fopK estima-
tion. To understand the electri cation at the storm scale, | used Level Il radar data (i.e.
moment data) from a digital S-band phased-array radar, known as Horus (Schvartz-
man et al., 2026; Palmer et al., 2023; Palmer and Schvartzman, 2025), to develop a
Kpp estimator with deep learning techniques. This model, named HorusCast, uses 1-D
convolutional layers to estimate kKop from the traditional (re ectivity, velocity, and

spectrum-width) and dual-polarization (di erential re ectivity, cross-correlation ratio,



and di erential phase) radar variables.

1.2 Novel Contributions

My novel contributions to the scienti c literature are listed below, organized by the

three models | developed: BoltCast, LaunchCast, and HorusCast.

~ BoltCast: (McClung et al., 2026)

{ Development of skillful Al/ML that predicts lightning across CONUS to 96

hours. Current operational products stop at 63 hours.

{ A direct comparison between a deep, high-parameter U-Net and a single

LSTM-layer based, recurrent neural network.

{ The LSTM-based architecture is the rst RNN-based lightning prediction

tool across the entire CONUS.

~ LaunchCast

{ Development of a skillful sub-hourly lightning prediction tool using re-sampled

EFM and other geo-spatial data over Kennedy Space Center, outperforming

persistence.

{ 30-second resampled EFM data were generated from the original 50-Hz sam-

pled data. Previous models used minute-averaged data (Bao et al., 2022;

Speranza, 2019; Hill, 2018).

{ LaunchCast provided increased operational lightning nowcasts to 15-minute

temporal resolution.

{ First-ever investigation quantifying and demonstrating the power of EFM

data when compared to other geo-spatial data like NWP, satellite, and radar.
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~ HorusCast

{ Development of a 1-D convolution-based kp estimator on a fully digital
S-band phased array radar (Palmer et al., 2023; Palmer and Schvartzman,

2025; Schvartzman et al., 2026).

{ First ever documented implementation of Kpp estimation with deep learn-

ing techniques.

Following this chapter is a literature review, providing the scienti ¢ foundation for
the subsequent results in the following chapters. Chapters 3 (BoltCast), 4 (Launch-
Cast), and 5 (HorusCast) all follow a similar approach: a review of the data generated
for inputs and targets, followed by a thorough discussion of the ML architecture and
rigorous statistical analysis of the ML models (i.e., xAl). The nal chapter of this dis-
sertation summarizes the key points from each chapter, and provides a foundation for

future work.



Chapter 2

Literature Review

This chapter provides an overview of the fundamental concepts | used to develop the
material in this dissertation. It opens with a brief overview of lightning and its impacts
followed by applicable Al concepts. | also discuss how the models | developed are
evaluated and their input sensitivity quanti ed. A discussion of lightning location
systems used in the dissertation is provided, followed by current NWP and Al-based

tools. | close each section with its relevance to the remainder of the dissertation.

2.1 Lightning Overview

2.1.1 Physics

The curiosity regarding lightning's physics dates back to Benjamin Franklin's kite
and key experiment, and even Greek mythology with lightning being associated with
punishment from mythological deities. We know today that lightning occurs in all
thunderstorm types (i.e. single-cell thunderstorms, non-severe thunderstorms, severe
thunderstorms, and tropical cyclones), presents signi cant societal impacts, and its
physical nature is still not well understood. We do know, however, it requires charge
separation in physical storms, not deities in Olympus.

Today, the traditional model of lightning physics revolves around the separation

of charge within a storm which generates strong electric elds, as seen in Figure 2.1



(from Lopez, 2016). Here positive/negative charge is indicated with a '+/-' sign, with
some positive charge present at the top and bottom of the cloud and negative charge
in the middle of the cloud. The isothermal levels are shown to highlight the mixed-
phase region of the cloud, between @C and -25 C, where initial electri cation and

the in-cloud ashes are triggered (Stolzenburg et al., 2015). This mixed-phase region
has falling graupel particles exchange charge with ice-crystals during collisions, which
drives charge separation - i.e. non-inductive charging. These types of collisions were
re-created in the lab to understand this process, within an observable chamber to
understand the conditions driving the charge separation (Takahashi, 1978; Saunders
et al., 2006). Typically, the in-cloud ash occurs before the cloud-to-ground ashes,
which require higher magnitude elds after the onset of inductive charging (Shao and

Krehbiel, 1996).

Figure 2.1: An example of charge separation within a thunderstorm (from Lopez, 2016).

Studies have correlated lightning ash properties with other storm and meteorolog-

ical characteristics. In tropical cyclones and severe storms, lightning jumps are often a
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precursor of an intensifying mesocyclone (Stough et al., 2017). Similarly, lightning ash
rates are known to increase often prior to severe weather events such as hail and torna-
does (Schultz et al., 2009). Interestingly, the size and energy of ashes are correlated to
the size of the storm (i.e. volume of electri ed region) with smaller storms producing
smaller, lower energy ashes, and larger storms producing bigger more energetic ashes
(Bruning and MacGorman, 2013; Bruning et al., 2014). These size limitations play a

role in mitigating lightning impacts for the various storm types.

2.1.2 Impacts

Lightning poses a fatal threat to humans. From 1979 - 2023 the average lightning
mortality rate was 2.07 per 10 million people in the United States, with an average
54.3 people per year killed (Marion et al., 2026). Largely, these deaths are documented
to occur during recreational activities, where people do not have access to proper in-
frastructure (Holle et al., 2005; Holle, 2016). Throughout this time period, the average
fatalities steadily decreased to 34.2 people per year from 1999-2023. But, the World
Meteorological Organization (WMO) de ned lightning as a climate variable in 2018
(Aich et al., 2018; WMO, 2019), as a result of a potential 22 percent increase in light-
ning frequency with climate change that could generate more fatalities (Zeng et al.,
2008; Romps, 2014). Additionally, lightning-triggered wild res occur in hard-to-reach
locations across the United States (Schultz et al., 2024), causing concern for emergency
managers' preparations. The continuing current from the lightning ash is shown to
trigger wild re (Schultz et al., 2019), in high-based thunderstorms (Rerez-Inverron

et al., 2021). Studies suggest 92-percent of lightning initiated wild res were started by
negative CG ashes, with 57-percent being single-stroke ashes (Schultz et al., 2019).
This may compound the wild re threat as the climate evolves.

Along the Space Coast in east-central Florida, both natural and triggered lightning



pose a threat to commercial and human space ight, with touchdown on the lunar
surface forecast for 2028 Additionally, the commercialization of low earth orbit in-
creases launch demand, with now over 100 launches occurring per year at Kennedy
Space Center (Smith, 2025). Launch safety continues to be a priority during launch
operations, with lightning being a grave concern. Apollo 12 was struck by lightning
during lifto but thankfully did not result in any fatalities. Apollo 12's impacts were
followed by Centaur-67 where the vehicle was launched in electri ed clouds, resulting
in a triggered lightning strike due to the pointed tip of the space vehicle causing an
electric corona to occur (Christian et al., 1989; Bazelyan et al., 2007). Thankfully,
no loss of life occurred as launch controllers were able to terminate the rocket after
launch. While xed on the ground, the wind-energy sector is beginning to observe
a similar triggered-lightning impact when lightning strikes the wind turbines (Steiger

et al., 2024).

2.1.3 Relevance to Dissertation

BoltCast was designed to aid those with long desired lead times of lightning impact,
primarily in the safety, wild re, and emergency management sectors. Given the small
domain and unique instrumentation, LaunchCast is designed for Kennedy Space Cen-
ter related operations. Finally, HorusCast merges two state-of-the-art technologies,
phased-array radars and Al/ML to help guide future studies of electri cation processes

and radar modernization e orts.

Lhttps://www.nasa.gov/mission/artemis-iv/



2.2 Al/ML Concepts and Meteorological Analog

AI/ML has a rich history, demonstrating its capability to both improve predictions and
develop new understanding of meteorological phenomena (Haupt et al., 2022). This
dissertation builds on this history of using AI/ML for meteorological applications, fo-
cusing explicitly on lightning prediction. The most relevant application is the use of
AI/ML in post-processing NWP output (Haupt et al., 2020a), which both BoltCast
and LaunchCast do. Early on, NWP data were translated with Model Output Statis-
tics to provide weather speci ¢ stats between predictands and predictors (Glahn and
Lowry, 1972). These statistics evolved into expert systems (Moninger et al., 1987)
quickly followed by simple neural networks (i.e. deep learning) making principal com-
ponent analysis calculations (Monahan, 2000). Random forests then showcased the
discovery of feature importance for predictands (Breiman, 2001), paving the way for
future explainability techniques (Flora et al., 2024).

Traditional ML (i.e., random forests, decision trees, etc.) showed skill predicting
severe hazards like wind, heavy rain, and hail (McGovern et al., 2017; Hill et al., 2023;
Clark et al., 2025). One limitation of traditional machine learning is that it considers
each sample or observation as an independent sample. Meteorologically, the samples
or pixels in an image are dependent on the surrounding environment. Deep learning
networks help the ML model to learn those dependencies, by generating a network
of neurons and perceptrons mirroring brain neurons, shown in Figure 2.2. Panel (a)
in Figure 2.2 shows a list of features coincident with the neuron schematic in panel
(b). Chase et al. (2023) provides this gure to highlight how learned weighted sums,
combined with an activation function (a hyperparameter) over a sample arti cial neural
network shown in (c) can yield a prediction, ¥, (yeq in this dissertation) similar to

the neurological chain in (b).
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Figure 2.2: Figure 1 from (Chase et al., 2023). Schematic of (a) a perceptron, (b) a
biological neuron adapted from Henley (2021), and (c) a multilayer perceptron.
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| use the activation functions provided in Equations 2.1 through 2.5, throughout
the dissertation. Visual representations of these functions are also provided in Figure
2.3. xin these equations is a function of the learned weights and biases for each neuron,

or perceptron, p, in the model (x = f(wp + b)).

tanh= & & 2.1)
ec+ex
8
2 0; x<0O
RelLU = (2.2)
3
X; x 0
1
~ l+ex (2:3)
1 X
GelLU =x > 1+erf p—é (2.4)
f(x) = x (2.5)

2.2.1 Convolution Concepts

Lecun et al. (1998) laid the foundation for using convolutional neural networks to
classify handwritten numbers from 2-D images. The convolutional operation computes

a single 2D layer of hidden units p as from ((Prince, 2023); Eq. 10.6):

#
Xe xd
hj =a + Wmn Pi+m (c 1);j+n (d 1) (2.6)
m=1 n=1

where a represents an activation function, the learned bias, ¢ and d are the

dimensions of the kernel dimension. w are the learned kernel weights, and p (often
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Figure 2.3: Equations 2.1 through 2.5.
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labeled as x) corresponds to the gridded input (i.e. GFS, HRRR, GLM group area).
This concept is visualized for radar imagery in Figure 2.4, from Chase et al. (2023).
The kernel operator translates across the image at a certain stride (i.e., the number of
pixels between each 2-D weighted sum) de ned as a hyperparameter. This process is

repeated such that each pixel in the convolved image has a value.

Figure 2.4: Figure 3 from (Chase et al., 2023), showing an example convolution on
a radar image. The original hook echo radar re ectivity is located in the top-left
corner. The convolution at step 0 is shown in the top row while the convolution at
step 6 is shown in the bottom row. Note these images are coarsened for visualization
purposes (i.e., can see the pixels). An animation of this convolution can be found in
the Notebook 6 in the code repository. The result of the full convolution is shown in
the top right, blues are negative, reds are positive, and they are unitless.

A series of these convolution operation or layers can be employed in an architecture

14



called a U-Net, presented in Figure 2.5 (from Ronneberger et al., 2015). Here each
vertical box is a convoluted image, feeding into the next one. The width of the box is
correlated to the number of Iters or features in each convoluted image, indicated at
the top of each box. The 2-D image size is stated as a squared value on the bottom
left. The encoder utilizes max pooling operations to halve the image size between each
encoder layer, ensuring the maximum value across the pooling kernel is fed into the next
layer. At the bottom, a large latent space is provided where non-linear relationships
may be learned. The decoder employs up-sampling between each layer to recreate the
desired predicted image resolution. (Ronneberger et al., 2015) cropped skip connections
carrying information from each encoder layer directly to the decoder. This encoder
and decoder structure is the basis for the model architectures | present in Figures 3.3
(McClung et al., 2026) and 4.3, where the 2-D weighted sum, was expanded to a 3-D
weighted sum, to incorporate the temporal dimension. Recurrent neural networks are

often used to learn weights across time, and are presented in the next section.

2.2.2 Long Short-Term Memory

Initial development of models to learn features across time-series data began with
recurrent neural networks. These networks introduce the idea of temporal memory
(Hop eld, 1982), that allow the model to learn temporal patterns with backpropaga-
tion over time with the introduction of di erent gates to learn the temporal sequence
(Rumelhart et al., 1986). With these architectures plagued by exploding gradients
during optimization, the long short-term memory (LSTM) unit was introduced, with a
three-gate architecture to help aid in reducing the exploding gradients (Hochreiter and
Schmidhuber, 1997). The input, forget, and output gate are all visualized in Figure

2.6, and mathematically described in Equations 2.7, 2.8, and 2.9.
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Figure 2.5: U-Net architecture taken from Ronneberger et al. (2015).

Figure 2.6: LSTM gates adapted from Zhang et al. (2023), Figure 10.1.4.
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generate the state at the next time step.
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2.7)

(2.8)

(2.9)

(2.10)

(2.11)

(2.12)

Here X pertains to the input sequence, W the weights learned to either the input
I, output o, or forget f, gates for a speci c time, t. The symbol in Equations 2.11
and 2.12 represent element-wise matrix multiplication. Figure 2.6 suggests a series of
summations and multiplications weighted by the sigmoid function ranging from O to
1, or the tanh function -1 to 1. The forget gate determines how much of the input to
forget then in uences the memory cell. This memory is then propagated to the input
gate and node, where the new input data is then added to the memory cell state. This

updated memory state is then output, followed by a product of the output gate, to

Shi et al. (2015) replaces the matrix multiplication in equations 2.8 to 2.12 with a

convolution operation to allow LSTM's to accommodate time series data that are 2D



and 3D, like radar data or NWP output.

2.2.3 Optimization and Loss Functions

The weights and biases, w and b in Figures 2.4 and 2.2, and W and b in Equations

2.8t0 2.12 are learned via gradient descent, or optimization. This concept is presented
in Equations 2.13 through 2.15, adapted from Prince (2023). Here, is the set of

weights or parameters, and'is the set of parameters such that the loss function, L is

minimized.

"= argmin[L[]] (2.13)

To nd the minimum of the loss function, the derivative of the loss function is
computed with respect to each parameter:

2

Q@
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o9
—

=

@L
© (2.14)
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<

@n

with n being the total number of parameters in the model. gets updated using:

@L

o (2.15)

In Equation 2.15, is annotated as the learning rate (here, = in Figure 2.7).
Chase et al. (2023)'s visualization of the learning rate showcases how selecting the learn-
ing rate matters how aggressively the learned model parameters achieve the minimum

parabolic loss function, in this case.
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Figure 2.7: Figure 8 from (Chase et al., 2023). Schematic depicting gradient descent.
(top) The blue colored lines are using a smaller learning rate () than the (bottom)

red colored lines. Arrows depict where loss will be after a gradient step. The is the
symbol representing the neural network current parameters (i.e., weights and biases).
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| used the binary cross entropy loss function from Equation 2.16 in the BoltCast
and LaunchCast models, to derive lightning probabilities yeq from binary lightning
targets Ve - This loss function is particularly useful for binary classi cation, due to
its behavior shown in Figure 2.8. When the y = 1 and the predicted probability is
near 0, the loss becomes large, indicating the model will be penalized severely. Same
for when e = 0 and the yyeq is near 1. N in equation 2.16 refers to the total number
of pixels on the prediction grid. Thus, during training, the loss is averaged over the

entire prediction domain.

Lece = —  [Virue, 109(Ypred,) + (1 Y true;)109(1 Y pred; )] (2.16)

i=1
HorusCast is a regression problem, predicting the true value ofj<. Thus an error,
e in 2.17, based loss function is required. The huber loss function linearly penalizes
the model when the error grows beyond a speci ed value (.5 deg/km) while squaring

smaller error values, penalizing the model less.

=Ytue Y pred (2.17)
8
3 :3 i
L ()= § (2.18)
i3 5 di>:
1 X
L Huber = N L Yirue ;ypred): (2.19)

i=1
| determined the loss function, learning rate, activation function, and number of

steps or epochs by conducting a hyper-parameter search. Throughout this document,

| refer to hyper-parameters as parameters that are xed by me, and not learned by the
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Figure 2.8: Binary cross entropy loss plotted when the target is 0 and 1. This is the
loss function used in BoltCast and LaunchCast.
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Figure 2.9: Huber loss plotted when = 0:5. This is the loss function used in Horus-
Cast.
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model.

2.2.4 Relevance to Dissertation

In the following chapters, each chapter uses a subset of the tools provided above.
BoltCast compares both a U-Net and LSTM model architecture, with relu and sigmoid
activation functions. LaunchCast implemented a similar encoder/decoder architecture,
with gelu and sigmoid activation functions. Both BoltCast and LaunchCast used the
binary cross entropy loss function. The HorusCast model used the Huber loss, with

the gelu and linear activation functions.

2.3 Evaluation Metrics and Explainability

The foundation for the evaluation metrics used in this dissertation is the confusion

matrix, consisting of:

~ True Positive (TP; a hit) when the model predicted the event correctly;
" True Negative (TN) when the model correctly predicted no event

" False Positive (FP) when the model predicted the event, but the event didn't

occur

~ False Negative (FN; a miss) when the model did not predict the event, but the

event did occur

also shown in Figure 2.10, adapted from Wilks (2012). The confusion matrix is
the foundation for calculating the precision (Eq. 2.20), recall (Eq. 2.21), and critical
success index (CSI; Eqg. 2.22). Precision, recall, and CSI are all maximized at 1 (strong

model performance), and minimized at O (poor model performance). Switching the FP
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in the denominator of precision for the FN in recall introduces a trade-o. A highly
precise forecast can have low recall if the model only predicts lightning a small fraction
of the time (low FNs). Whereas recall can be high, while the model over predicts the
frequency of lightning (high FPs). The CSI accounts for this trade-o , by incorporating
the total number of occasions on which that event was forecast and/or observed in the
denominator (Wilks, 2012). Precision is also referred to as success ratio, and recall as
probability of detection. For a model that generates probabilistic output, these metrics

are calculated at thresholded probabilities then reported in Chapters 3 and 4.

L TP
Precision = TP+FP (2.20)
TP
TP
CSI= TP EN+FP (2.22)

A precision-recall performance diagram can be used to help visualize the tradeo
between the two metrics. An example is shown in Figure 2.11, adapted from Roebber
(2009). A high-skilled model will have all values in the upper right corner of the
plot, where a low-skilled model has values in the lower left corner of the plot. The
area under the curve can be calculated to determine a skill across all thresholds, with
a value of 1 indicating the maximum performance. This metric is documented as

AUC-PR throughout the remainder of this document, pertaining to the area under the
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Figure 2.10: Adapted from Wilks (2012), this is a confusion matrix. The letters a-d
are the same as in Wilks Figure 8.1a, for easy reference for the reader.
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precision recall curve.

Figure 2.11: An example precision and recall performance diagram.

An additional way to evaluate probabilistic output is via an attributes and reliability
diagram, shown in Figure 2.12. This diagram largely shows the correlation of the
predicted probabilities when compared to observed frequency (Hsu and Murphy, 1986).
To do so, the predictions are assigned a forecasted probability bin from 0 to 1, in
increments of 0.05. Then the mean predicted probability is calculated of all predictions
within each bin. That generates the values on the x-axis. The y-axis values are

calculated by taking the mean of the targets in each forecasted probability bin. It is
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Figure 2.12: An example reliability diagram.
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often compared to climatology (dashed-dotted line), a perfectly reliable (dashed line),
and no-skill (solid line) forecast to visualize which forecast probabilities contribute skill.
An ideal, perfectly reliable forecast would follow the dashed line. This diagram also
informs whether the model over forecasts (under the perfect reliability line) or under
forecasts (over the perfect reliability), as annotated in Figure 2.12. | also present the
brier score, or mean squared error, shown in Equation 2.23 in legends of the reliability

diagrams presented in Chapters 3 and 4.

N 2
~ (ypred y true)j

BS = & 2.23
. (2.23)
P
(fx © k)2
FBS = ®t 2.24
y (2.24)

"o+ " 0
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One drawback of the previous evaluation approaches is that they do not account
for near misses and hits, or the double penalty in point-wise scoring. For this, | use
the fractions skill score (FSS) which calculates the skill based on the fractions of hits
or misses within a speci ed spatial neighborhood. Here, M in Equations 2.24 and
2.25 indicate the number of pixels within the spatial window. The reference fractions
brier score, FBSes, pertains to the worst case error that could be encountered in
the window, and the fractions brier score, FBS, pertains to the mean squared error
within the window. Equation 2.26 is the nal formulation, as presented in Lean and
Roberts (2008), where the ideal value is one. FSS is often reported in reference to a
climatological baseline, indicated in Equation 2.27, (Lean and Roberts, 2008), where
fO is the climatological frequency. This is also called the FSS to beat.

Unfortunately, these performance metrics are not enough to determine which inputs
drive the ML model to make its prediction. ML models are often critiqued as a black
box, without the ability to understand or explain model inputs' impact on performance
or output (McGovern et al., 2019). | chose to vary the methods across the three models
to show diversity in the application of explainable Al techniques. Each technique
presented here is model-agnostic, and could be applied to any other model since these
techniques focus on perturbing the model inputs and measuring the impact on either
model performance or output. While there is debate whether or not to use the training
or the test dataset for explainability (Flora et al., 2024), | use the test dataset to
understand the drivers of the model on inputs that mimic operational data feeds.
The techniques used throughout this dissertation with a brief description are provided

below:

" Single variable permutation importance randomizes each input along the sample
dimension, then measures the change in model performance (i.e., AUC-PR) for

a set number of randomizations. Feature importance is ranked based upon the
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randomized input that drove the greatest change in model performance. This is

represented in Equation 2.28.

X

Pl = (AUCReference AUC p;j) (2.28)

1
N

Here the AU Greference IS the un-permuted AUC-PR. AUG,; is the AUC when
input feature | is shu ed along the sample dimension, for permutation number

p. Once N (1000 for BoltCast) permutations are completed for each feature |,
the mean (or median) permutation importance (PI) can be calculated, and the
spread across N permutations are presented as box-whisker plots in Chapter 3.
Inputs with positive, high magnitude changes in model performance, indicate that
speci ¢ input contributes to the performance. Low amplitude positive changes
indicate that input does not in uence performance. Values can be negative,
indicating the permutations increased model performance, but were not observed

in this work.

Partial dependence plots monitor the change in the model output (i.e., lightning
probability), when the model inputs are changed based on the values within test
dataset distribution (Friedman, 2001; Trok et al., 2023). The partial dependence

function described in Molnar (2022) is:

h o .
fi=Ex. flxaXd = = flxaxd) (2.29)
i=1

Partial dependence (PD) examines the change in the model output for the fea-
tures in a speci ¢ set s. For BoltCast, this refers to a speci c NWP input variable,
like CAPE, which is varied across the entire distribution of the dataset (Molnar,

2022). Here, X% denotes the entire input feature set, and denotes the trained
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model. X(C') are the actual feature values from the dataset (Molnar, 2022). The
PD value results should remain within the physical realm of model outputs (i.e.
0 to 100 percent probability). Values outside of that realm indicate model archi-
tecture issues. Partial dependence plots showcase the distribution density of the
test dataset beneath the corresponding model output, allowing interpretability
for the frequency of the value as well. One key assumption is that the features
in set s are not correlated, which is a drawback for using this approach for geo-
spatial datasets. One advantages is that the PD function is easy to implement
and has a causal interpretation (Molnar, 2022). Meaning, for the speci c features
and the model only, the interpretation is causal since the outcome, or lightning
probability, is modeled for that speci c task. The causal nature does not transfer

to the real world (Molnar, 2022).

Ablation studies showcase the change in model performance, when input data are
not included into the model (Meyes et al., 2019). This is similar to a data denial

experiment in data assimilation, used to determine relative impact of observa-
tions. This technique is chosen to mimic operational data outages, that occur
at operational units. In Chapter 4, ablated values are determined based on the

input variable to avoid ablating to values that have physical meaning.

Accumulated local e ect (ALE) method calculates the di erences in predictions,
where each feature, j is replaced with upper (2 and lower (z: ) bounds of a
set number of quantiles, k (Molnar, 2022; Apley and Zhu, 2020). This concept is
presented in Equation 2.30 and 2.31.

%0 4 X h i
A i i
fiae (X) = n; (k) flz ;Xj(l)) fz i ;XJ'(I)) (2.30)

= J i
k=1 |:xj(') N (k)
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f/j\;ALE = f%;ALE ) %w fi};ALE (Xj(i)) (2.31)
i=1

The di erence in prediction is the e ect the feature has for an instance in a
certain interval (Molnar, 2022). The right-hand sum in Equation 2.30 adds up
the e ects of all instances within an interval, which appears across the entirety
of the model domain (Molnar, 2022). Then, divide by the number of instances
in this interval to get the average di erence of the predictions for this interval -
referencing local in the title (Molnar, 2022). The left hand sum in Equation 2.30
references accumulated in the title, meaning the un-centered ALE for the fourth
interval is the sum of the e ects of intervals one through four (Molnar, 2022).
The mean centered ALE is provided in 2.31, where the average of the un-centered

ALE, across n intervals is subtracted such that ALE is reported in reference to

the average prediction.

While the implementation of ALE is more complex than PD, its computational
cost is far less, assuming the number of intervals chosen for a feature is less than
the number of unique feature values. ALE is also preferred for correlated datasets.
One dis-advantage is if the intervals of the features are not chosen correctly,
then small scale e ects of the model cannot be captured. Thus, quantile-based

intervals are recommended and implemented in LaunchCast.

Input Times Gradient (IXxG) provides a rst-order, linear approximation of the
attribution of the model output to its input (Ancona et al.,, 2017; Mamalakis

et al., 2022).
IXG =X  — (2.32)
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This method simply multiplies the original input value times the derivative of the
model output with respect to that variable. IXG accounts for the sensitivity of the
model to small changes in input variables, while also accounting for the amplitude of
the input feature itself. Thus if a feature with a small amplitude has high sensitivity,
its attribution is quanti ed similarly to a high amplitude feature with low sensitivity.
This method is the only method that requires backpropagation through the model. All

other methods used herein, utilize forward passes of the model.

2.3.1 Relevance to Dissertation

BoltCast and LaunchCast both utilize reliability diagrams, AUC-PR diagrams, and CSI

to evaluate the model. LaunchCast provides additional metrics with FSS, AUC-ROC,
and False Alarm Ratio for transparency to launch weather operators. Since HorusCast
is a regression model, the main evaluation metrics are root mean squared error, mean
absolute error, bias, correlation coe cient, and spearman ranked correlation coe cient.
All models are accompanied by example output, or case studies and explainability
metrics. BoltCast implemented permutation importance and partial dependence plots.
LaunchCast used ablation and accumulated local e ect, concluding with HorusCast's
use of input times gradient to depict the attribution of traditional and dual-polarization
variables. All explainability metrics are documented for the test dataset, mimicking

an operationally deployed model, where the data have been unseen during training.
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2.4 Lightning Location and Protection Instrumen-
tation

This section provides an overview of the ways lightning has been observed, both from
ground and space, with a focus on how speci ¢ instrumentation was used throughout

the dissertation.

2.4.1 Ground-Based Observations

2.4.1.1 Lightning Location

Lightning location systems vary based on the lightning feature in which they are tuned
to observe (e.g. breakdown from channel propagation versus return strokes), or radio
waves to listen for. In the extreme low frequency (ELF) the electri ed ionosphere helps
provide a waveguide for the radio waves emitted by lightning to be observed in other
hemispheres. This provides the basis for instrumentation like the Worldwide Light-
ning Location Network (WWLLN) (Lay et al., 2004) and Vaisala's Global Lightning
Detection 360 system (GLD36€). These worldwide lightning detection systems are of-
ten plagued with low detection e ciency (due to the large distance between receivers)
when compared to other shorter-range detection systems, like the National Lightning
Detection Network (NLDN) or Earth-Networks Total Lightning Network, where den-
sity of stations over land is much greater. These systems are a bit higher frequency in
the (very-low frequency; VLF) range and have signi cantly better detection e ciency
when compared to WWLLN. These data provide a speci c location of a ash, often
accompanied by a power or polarity. These data are worth mentioning, as they can aid

in generating global lightning climatologies and climate related studies (Wang et al.,

2https://www.vaisala.com/en/products/systems/lightning/gld360
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2023, 2024). However, these global datasets were not used in this dissertation.

Increasing the listening frequency band into the very high frequency (VHF) range,
lightning sources and charge can be inferred from lightning mapping arrays (Rison
et al., 1999; Koshak et al., 2004). These lightning mapping arrays are in place across
Oklahoma (Chmielewski et al., 2022), Northern Alabama/New Mexico, Washington
DC (Quick et al., 2020), and Coloradé. They provide lightning locations in Euclidean,
3D space, but fail to recognize whether lightning ashes reach the ground due to the
curvature of the Earth, time di erence calculation of sources in post-processing, and
its inability to detect return strokes. Recently, the Oklahoma LMA sources have been
overlaid on radar data to investigate radar echoes impacted by lightning ashes (Goede
et al., 2025).

KSC recognized VHF's limitations to sense cloud-to-ground strikes on their original
lightning detection and ranging system (Boccippio et al., 2001) and installed a separate
system to detect cloud-to-ground ashes called the 4D lightning surveillance system
(Roeder and Saul, 2012, 4DLSS). This system has been used to study lightning's rela-
tion with dual-polarization variables at KSC (Travis, 2015; Thurmond, 2014; Woodard
et al., 2012) and attempted to optimize lightning warning radii at KSC and its sur-
rounding military complexes (Gutman et al., 2019). But, throughout these systems'
life cycles detection e ciency (de ned as the number of ashes observed compared
to the number of ashes that occurred) concerns still warranted a pursuit of higher
detection e ciency with more spatial accuracy.

The Mesoscale Eastern Range Lightning Information Network (MERLIN) was in-
stalled in 2017 to help address the detection e ciency issue. MERLIN comprises of
10 Vaisala TLS200 sensors, that detect in-cloud and cloud-to-ground sources on the

same system (Roeder, 2017). This system has demonstrated a 10-percent increase in

3http://lightning.nmt.edu/colma/
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detection e ciency, when compared to 4DLSS (Roeder, 2017). MERLIN also increased

location accuracy to below 58-meters, as compared to the 350-meter accuracy of the
4DLSS. Holland (2021) used the new location-accuracy of MERLIN to suggest a 1-

nautical mile reduction in the warning radii. | use these MERLIN data to generate the

lightning targets for LaunchCast; the rst time they are used in a ML application.

2.4.1.2 Electric Field Mill Observations

While electric eld mills (EFMs) do not explicitly locate lightning strikes they do
capture the abrupt discharge of the lightning strike and the associated change in electric
eld (Wilson, 1920; Kobayashi and Kitagawa, 1956). The instrumentation is set up
such that a positive value observed on the instrumentation coincides with a net positive
charge aloft; a negative value coincides with a net negative charge aloft (Koshak, 1990).
The EFM measures the negative vertical electric eld vector, provided the horizontal
components of the electric eld are zero at the surface.

The unique nature of these observations have limited operational uses, except at
Kennedy Space Center where the lightning protection and lightning warning system
(LPLWS) installed 31 static EFMs in support of space launch observations (Jacobson
and Krider, 1976). In a research capacity, balloon-borne EFMs have been launched
to correlate electric eld values aloft to radar observations and understand the charge
structures of storms overhead (Bruning et al., 2007; MacGorman et al., 2008).

The LPLWS at Kennedy Space Center informs the Lightning Launch Commit Cri-
teria used to prevent triggered lightning (Deloach and Pellicciotti, 2023). Speci cally
regarding the EFM suite, Rule 7 requires there to be observations less than 1000 V/m
within 5-nautical miles of the path of launch for at least 15 minutes (Deloach and Pel-
licciotti, 2023), such that a triggered strike does not occur. While these observations

help launch satellites into space, they do not help sense lightning from space as the
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observations discussed in the next section.

2.4.2 Space-Based Observations

Lightning observations from space began with the polar orbiting lightning imaging sen-
sor (LIS) on the Total Rainfall Measurements and Monitoring satellite mission (Chris-
tian et al., 1998). These initial space-based observations provided strong correlations
between observed precipitation and lightning ash rates on a global scale. Addition-
ally, they provided a basis for a global lightning climatology (Cecil et al., 2014) and
the understanding of ash rate di erences over land and the ocean. These initial use-
ful demonstrations informed the development of the geo-stationary lightning mappers
(GLMs).

GLMs allow for continuous monitoring of total lightning's (i.e., cloud-to-ground
and in-cloud; CG/IC) optical energy to derive ash rates, ash size, and ash energy
(or the optical output) from space (Rudlosky et al., 2019; Goodman, 2012; Bruning
et al., 2019). The Geostationary Operational Environmental Satellite (GOES) GLM's
limitations include not being able to discriminate between IC and CG ashes, while
also having a detection e ciency of 20 to 40 percent for short-duration and small
ashes lower in the storm (Zhang and Cummins, 2020). These detection e ciencies
are compounded during the day, when the di erence between the background optical
energy and the ash optical energy is reduced due to the sun (Rutledge et al., 2020).
Other limiting factors include false ashes generated eastward of the Bahamas, with
an artifact known as the "Bahama Bar" (Fairman, 2020; Trabing et al., 2024).

The bene ts of continuous space based lightning observations expanded beyond
the GOES domain with other countries and continents began launching geo-stationary
lightning mappers, to include China on their Feng-Yun series (Hui et al., 2020) and

Europe on their EUMETSAT MTG-LI mission (Grandell et al., 2010).
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2.4.3 Relevance to Dissertation

The BoltCast model utilized space-based GLM observations to generate the training
targets. LaunchCast utilized the electric eld mill observations as inputs into the
model, accompanied by GLM group area, to a target generated with MERLIN data.
Finally, the analysis section of the HorusCast model utilized LMA data to qualitatively

correlate the location of the predicted speci c di erential phase to LMA source location.

2.5 Radar Data

In this section | describe the observational radar data used in LaunchCast and Horus-
Cast. The discussion opens with a review of the MRMS products used in LaunchCast,
then goes into detail of the Horus radar data used for model training in HorusCast. A
discussion on how traditional and polarimetric radar variables are correlated to light-

ning is integrated throughout the section.

251 MRMS Data

The Multi-Radar Multi-Sensor (MRMS) data suite provides radar derived products
across the Conterminous United States CONUS (Lakshmanan et al., 2016). The data
are provided on a 1-kilometer grid at a 2-minute update, with derived values ranging
from NWP derived elds to isothermal re ectivity levels and di erential re ectivity
(Lakshmanan et al., 2016). The WSR-88D radar data are merged using an interpolation
scheme, that provides continuous radar elds over large areas (Lakshmanan et al.,
2006). A major goal of the MRMS project is to quantify precipitation estimates,
across CONUS (Zhang et al., 2016).

However, the quality controlled and gridded radar data have been used extensively
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in ML e orts, focused on improving the quantitative precipitation estimates with con-
volutional neural networks and di usion (Osborne et al., 2026; Schreck et al., 2025;
Vicens-Miquel et al., 2025; Han et al., 2022). The MRMS data have also been the tar-
get used to emulate radar data from satellite data (Hilburn et al., 2021; Veillette et al.,
2020). Additionally, it is a lightning target proxy based on the binary classi cation of
re ectivity values greater than 30 dBZ at the -10 C isotherm (Ortland et al., 2023).
LightningCast has also explored data fusion techniques by incorporating MRMS data
in addition to satellite data (Cintineo et al., 2026). All of these applications indicate
MRMS is well suited for ML model inputs or targets, for non-lightning and lightning
applications.

This dissertation utilizes the isothermal re ectivities, di erential re ectivity (Z pr),
and vertically integrated ice (VII) variables from MRMS as inputs into the LaunchCast
model as they are correlated with lightning occurrence. Re ectivity values observed at
heights between 0 C and -20 C (within the mixed-phase region) show strong indica-
tion of lightning potential due (Liu et al., 2012; Orville et al., 2011) to the non-inductive
charging observed in Takahashi (1978). g& columns indicate an updraft with pre-
cipitation, that may extend beyond O C which is a positive indication of lightning
(Kumjian et al., 2014; Woodard et al., 2012), but not necessarily directly co-located
with ash location (Sharma et al., 2024). The %g variable's relation with observed
charge regions in storms was studied with EFMs launched on balloons (Bruning et al.,
2007), indicative that EFM and Zpgr data are useful for lightning parameterizations
given Zpr's ability to detect rimed particles (when Zyr is near zero or negative) in
mixed-phase regions. VIl is also a strong predictor of lightning, indicating the ice
is in the same mixed phase region, indicated between thé@and 20 °C isotherms
(Gremillion and Orville, 1998; Orville et al., 2011).

This dissertation does not focus on radar quality control or re-gridding processes
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that informed the development of the MRMS dataset (Lakshmanan et al., 2006, 2016),

and they are beyond the scope of this work.

2.5.2 Horus Radar

The radar termed Horus, has its name rooted in ancient Egyptian mythology, deemed
the 'all-seeing' God. This radar is largely an experimental and research phased array
radar (PAR), based on a commercial truck chassis, as shown in Figure 2.13 (Palmer
et al., 2023). The Advanced Radar Research Center, in conjunction with the National
Severe Storms Lab, developed this radar to combat the limitations of a xed, static,
and planar mounted phased array system that can only scan across elevation angles,
with a small xed azimuthal range (Palmer et al., 2023). Horus is allowed to mechan-
ically rotate (Schvartzman et al., 2026), improving upon these limitations. The radar
was developed to meet National Oceanic and Atmospheric Administration (NOAA)
speci ¢ bias requirements for the polarimetric variables (Pehl et al., 2024), and is a
demonstrator of the next generation of radars.

The digital nature of the radar allows for di erent scanning modes to be imple-
mented. Schvartzman et al. (2026) documents the scanning strategies shown in Figure
2.14. Horus can provide traditional plan position indicators (PPI) at a speci c eleva-
tion angle, or provide a vertical slice of the storm in a range height indicator. Panels
(c) and (d) depict more complex transmission beams with pencil beams or one di-
mensional imaging that require mechanical rotation of the radar. Panel (e) shows
two-dimensional imaging, where the radar plane is xed and the digital beam steering

allows for a higher temporal and spatial sampling of the storm.
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Figure 2.13: Figure 1 from (Schvartzman et al., 2026). A picture of the Horus truck
taken outside of the National Weather Center, Norman, OK.
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Figure 2.14: Figure 2 from (Schvartzman et al., 2026), showcasing the various scanning
strategies of the Horus radar.
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2.5.3 Specic Dierential Phase and Estimations

Speci c di erential phase, Kpp , is dependent on the polarimetric observation of total

di erential phase, "pp .

ADP = ppt + = h v (2.33)

The total di erential phase, "op is cumulative along the radar beam and increases
monotonically as radar range increases (Mishler et al., 2024). It measures the di erence
in phase shift of the horizontal () and vertical ( ) propagating radar waves that are
received at the radar. Positive values indicate more horizontally oriented hydrometeors
and negative values indicate the presence of more vertically oriented hydrometeors.
Equation 2.33 decomposespp into the di erential propagation phase pp , di erential
back-scattering phase , and the measurement error .pp , the di erential propagation
phase is only measured when the radar beam interacts with precipitation, and the
measurement error is often negligible. pp cannot be sensed directly, as the scatter
radar beam must travel back to the radar. When the scatterers, like rain, are less than
the wavelength of the radar (S-band is approximately 10-cm) the Rayleigh scattering
regime is present, and pp is dominated by the horizontal propagation phase, and

remains low. When hail or tornado debris is introduced, the Rayleigh scattering
regime is no longer applicable, and geometric scattering is introduced, introducing
more scattering and increasing (Mishler et al., 2024).

Equation 2.34 is the physical representation of specic di erential phase. Unfor-
tunately, due to sensing limitations, a continuous pp eld intrinsic to the storm
cannot be observed directly, only estimated at the radar. Thus, K estimations
are implemented with varying discretizations of the derivative and accounting of the

back-scattering to account for the hydrometeor type.
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KDp = }Q (234)

20@r
The two Kpp estimations used in Chapter 5 are presented in Equation 2.35, (Reimel
and Kumjian, 2021b; Vulpiani et al.,, 2012). Equation 2.36 was adapted from the

National Severe Storms Laboratory (Carlin, 2026).

N

L
KBP 0:5 pp Ik*t E op Tk (235)

The National Weather Service Kp estimator is implemented in the Operational
Radar Product Generator (ORPG). The estimate used is based on the least squares

method discussed in (Doviak and Zrnic, 1993), and shown in Equation 2.36.

P, N, Al
inzl Eg’(i) op [r(i) r]
2 LI

This method speci es a xed window width along the ray, to make the lgp cal-

K Bp s (2.36)

culation at the center point, the terms with the bar in Equation 2.36. A 9 gate (2,250
meter) window is used when the center point has a re ectivity greater than or equal to
40 dBZ, and a 25 (6,250 meters) gate window is used for all other re ectivity values.
n in Equation 2.36 refers to the number of gates. This methodology is based on the
xed, WSR-88D network deployed across the CONUS. | use a 2,250 meter window in
the NWS requirement during high re ectivities to derive the Horus based window size
of 29 gates for the Vulpiani Kpp target, calculated from Equation 2.35. | also use the
same window size to calculate an NWS comparison, to show the skill of HorusCast
relative to the ORPG product.

The variability of these Kpp estimates is discussed in Reimel and Kumjian (2021a).

They compare other methods like the Schneebeli et al. (2014) and Measaka et al. (2012).
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These methods are available in Py-ART (Helmus and Collis, 2016), but generate a
noisier Kpp eld. Thus, the Vulpiani method was chosen for its smooth and more
continuous Kpp signal which is favored by ML gradient descent algorithms.

Negative Kpp implies an electri ed area of the storm (Ryzhkov and Zrnic, 2007),
that may induce lightning. Observations indicate that ice-crystals align parallel to the
vertically oriented electric eld, in thunderstorms (Caylor and Chandrasekar, 1996).
Physically, this generates an average projection of ice crystals onto the vertical direc-
tion causing the di erential phase to decrease with range, generating a negative,K
(Ryzhkov and Zrnic, 2007). Melnikov et al. (2019) used the negative gk region to
compare di erent transmit and receive modes of the radar, indicating that alternating
transmit and receive modes generates larger electri cation regions when compared to
a simultaneous transmit and receive mode; the Horus con guration for data used in
this dissertation is in simultaneous transmit and receive. In Chapter 5, the error of the

negative Kpp is presented.

2.5.4 Relevance to Dissertation

While loosely connected, BoltCast utilized forecast-simulated re ectivity both as in-
puts and as a crude comparison to convection capable of producing lightning. Launch-
Cast transitioned to the observational and quality controlled isothermal re ectivities,
vertically integrated ice, and di erential re ectivity products in the MRMS product
suite (Howard et al., 2016; Lakshmanan et al., 2016). Finally, HorusCast utilized
state-of-the-art digital phased array radar traditional and dual polarization variables
to estimate speci c di erential phase.

| want to emphasize that this dissertation is not aimed to in uence radar theory.
This dissertation is an application of the post-processed and quality controlled radar

data only, based on the observations presented in this section. For HorusCast, speci -
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cally, I was limited to the post-processed data hosted on a server several months after

each deployment.

2.6 Overview of NWP and Lightning

This section provides an overview of the NWP products used in the models | devel-
oped. It also provides further background of some research based methods for lightning

parameterization with traditional NWP.

2.6.1 Operational NWP Lightning Products

Harrison et al. (2022) developed a statistically calibrated thunder product, based on
a 40-dBZ re ectivity, lifted index, and quantitative precipitation forecast derived from
the ensemble members within Storm Prediction Center's High Resolution Ensemble
Forecast System (Roberts et al., 2019). This thunder product was designed to predict
only cloud-to-ground ashes, and not capture the impacts of in-cloud ashes. This
product provides forecasts twice daily, initialized at 00Z and 12Z, at 1-hour time-steps
out to 48 hours (Harrison et al., 2022).

The Short Range Ensemble Forecast (SREF) System is scheduled for decommission
in late 2026. The SREF lightning product (i.e., cloud-physics thunder parameter) is
a function of equilibrium level temperature and convective available potential energy
(CAPE), that provides lightning forecasts out to 63 hours (Bright et al., 2005). The
HREF product shows improved skill when compared to the legacy SREF calibrated
thunder product. Harrison et al. (2022) document a 12Z HREF maximum CSI score
of .32 that decreases to .2, and the SREF struggles to exceed .225 that decreases to
.15 throughout the forecast window. The SREF CSI values never exceed the HREF

throughout the 48-hour forecast window.
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The HREF includes the High Resolution Rapid Refresh (HRRR), whichis a convection-
allowing model that updates every hour (Dowell et al., 2022). A model forecast is
initialized every hour. When initialized at 00, 06, 12, and 18 UTC, a 48-hour forecast
is provided. Otherwise, an 18-hour forecast is generated. Forecasts 1-hour and beyond
provide a lightning product, parameterized by the product of the graupel mixing ratio
and the updraft velocity (Blaylock and Horel, 2020; McCaul et al., 2009). Addition-
ally, a sub-hourly HRRR is developed on a smaller subset of variables, with 15-minute
temporal resolution (Dowell et al., 2022), although without the lightning parameteri-
zation. This rapidly updating system is valuable at short-range scales (1-6 hours), due
to its rapid updates. However, the skill of a binary lightning mask generated from a
ash extent density greater than 0.04 ashes per square kilometer is poor; documented
to only generate skill when aggregated to 240-km, roughly 80 times larger than the
native resolution of the model (Blaylock and Horel, 2020). LaunchCast performance
metrics are compared to the HRRR lightning parameterization in Chapter 5.

At the medium-scale, or several day forecasts, forecasters are forced to translate
convection related parameters from large global models. Global models depict large
areas of instability (i.e., CAPE, lifted index), coincident with dynamical forcing (i.e.,
vertical velocities), requiring a human forecaster to discern whether or not lightning
will occur. Speci cally, the Global Forecast System (NCEP, 2004) provides global
forecasts out to 384 hours. This specic model is archived at .25 degree resolution
(NCEP, 2015). After July 2018, the GFS included the hydrometeor mixing ratios as
model output, with the update to the Zhou et al. (2019) microphysics scheme. In the
next section, | discuss how the hydrometeor mixing ratios in uenced NWP ash rate
parameterizations. Unfortunately, the forecasted presence of graupel, ice, or snow does

not solely determine whether lightning will occur. But, when used as a ML input with

“https://rapidrefresh.noaa.gov/hrrr/HRRRsubh/Welcome.cgi?dsKey=hrrr_subh_ncep_jet
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a GLM-based target, the mixing ratios may add skill to lightning prediction out to

four days, and are included in the BoltCast model.

2.6.2 NWP Based Lightning Research

| review these techniques to show that NWP models are able to parameterize lightning
and charge on the storm-scale. The AI/ML approaches | use enable direct learning
of statistical relationships between operational-scale NWP predictors and observed
lightning, without requiring explicit storm-scale intermediaries. The AI/ML models |
developed do not account for storm scale electri cation or the conservation of charge, a
limitation of this work. Thus, no insights can be gained on the relation of my models'
inputs to electri cation processes, that were rst discretized in a lab setting.

Lab experiments were transitioned to a numerical model by varying ice and cloud
nuclei number concentrations, and exploring charge distributions within a parameter-
ized storm (Takahashi, 1984). These particular integrations matched the lab observa-
tions well, and set the stage for future numerical studies with more advanced models.
Lightning ashes were able to be stochastically propagated through storms, ensuring
the conservation of charge occurred (Mansell et al., 2005). Identifying a ash rate,
however, still posed a challenging problem until Dahl et al. (2011) developed a simple
model based on a plate capacitor, to determine the ash rate of isolated thunderstorms
and mesoscale convective systems; with the primary limitation still not accounting for
charge separation. Additional impacts of including the electric potential in models were
studied in hurricanes, severe thunderstorms, and winter storms by including a Poisson
solver of the electric potential, charging rate, and electric eld magnitude studying the
charge structures (Fierro et al., 2013). Due to the large computational time of these
discretizations, ash rate simpli cations utilizing only hydrometeor mixing ratios and

CAPE were developed that match ash rates observed from space (Lopez, 2016). Re-
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cent reviews of the ash rate parameterization schemes noted some commonalities,
where radar re ectivity, updraft velocity, temperature, and hydrometeor mixing ratio

are used across 18 di erent schemes and techniques (Cummings et al., 2024).

2.6.3 Relevance to Dissertation

BoltCast translated traditional GFS convection related outputs into a speci c lightning
probability, 4-days in advance. BoltCast provided a direct, but qualitative, compari-
son to the HREF calibrated thunder guidance product. LaunchCast utilized sub-hourly
HRRR near-surface parameters as inputs, providing forecasts of mean sea level pressure
(MSLP), divergence, precipitation rate, temperature, and dew point; mimicking fore-
cast surface observations. A comparison to the HRRR 1- and 2-hour lightning products
were made, showing higher skill in that comparison. All of these traditional NWP in-
put parameters were rigorously evaluated with explainable Al techniques, showcasing
the importance of CAPE and MSLP. HorusCast is solely based on observations, and

does not rely on any NWP data.

2.7 Al-Based Lightning Prediction Tools

LightningCast (Cintineo et al., 2022), a ML-based lightning product, utilized deep
learning (i.e., U-Net) for lightning prediction. LightningCast uses infrared and visible
GOES satellite imagery to make a binary prediction of GLM lightning up to 1-hour.
LightningCast generates the target by accumulating the ashes over a 1-hour period,
then generating a binary mask for the training target. Follow-on experiments switched
the LightningCast target from GLM to a 30-dBZ binary target at -10 C with the
same architecture (Ortland et al., 2023). More recently, LightningCast included the

-10 C isothermal re ectivity into an input while also increasing the training dataset
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size (Cintineo et al., 2026). LightningCast was initially trained over CONUS, but has
recently been deployed where similar lightning imagers exist using Himawari-8 data
The ML architecture basis for all of these models is the 2-D convolutional U-Net,
described in Ronneberger et al. (2015). While these U-Nets translate observations
into a lightning or thunderstorm probability, NWP data can be integrated into deep-
learning architectures to assist in lightning prediction and extend predictions beyond
one-hour.

Alternative architectures to U-Nets have been explored for lightning applications.
Recurrent neural networks (RNN) have been used previously in translating NWP data
into lightning probabilities (Wang et al., 2023). The spatial convolutions in RNNs
combined with hidden- and cell-states allow for multi-scale spatiotemporal dependen-
cies to be learned (Shi et al., 2015). LightNet+ boasts a skillful lightning forecast with
6-hour lead time over China using six convolutional long short-term memory (LSTM)
layers (Geng et al., 2021). In Switzerland, high- and low-spatial resolution NWP data
are merged into 12 LSTM layers to provide a 1-hour lead time prediction of lightning
(Leinonen et al., 2022). RNN architectures for lightning prediction across Africa have
also been implemented, with only 2-3 LSTM layers for 1-hour lead time (Essa et al.,
2020). NASA's SPoRT Al tool also has a documented blend of LSTM and CNN that
predicts GLM lightning out to 30-minutes using satellite and isothermal re ectivity
as inputs®. Pre-processing an ensemble of WRF microphysics schemes can provide a
potential increase in lightning lead times, for very small domains (Thomas and Noble,
2024), but su cient training data must be provided. Sobash and Ahijevych (2025) uses
re-gridded HRRR data as inputs to a CNN, showcasing the utility of CNNs' predictive
skill with the HRRR data at 40- and 80-km resolution. Finally, traditional, surface

observation based approaches have been used in Switzerland to predict lightning within

Shttps://cimss.ssec.wisc.edu/csppgeo/lightningcast_v1.0b1.html
Shttps://weather.ndc.nasa.gov/sport/lightning-viewer/
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speci ed radii of the observation station (Mostajabi et al., 2019).

2.7.1 Relevance to Dissertation

The previous Al-based lightning prediction tools provided a strong foundation to build
upon. They included unique ways to evaluate the lightning based tools, and di erent
perspectives to consider when building BoltCast, LaunchCast, and HorusCast. The
tools mentioned above do not, however, provide multi-day lead times as BoltCast
does, generate skillful nowcasts with EFM data as LaunchCast does, or aid inpK
estimation as HorusCast does. The following chapters provide details and analysis
discussing my three novel approaches to lightning prediction andgs estimation with

Al.
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Chapter 3

BoltCast: Medium-range and Syn-

optic Scale Lightning Prediction

This chapter reviews the development of a new model that generates skillful lightning
predictions out to 96 hours. It describes the model data used as inputs, the lightning
target generation, two model architectures, and the evaluation metrics and explainable

Al techniques.

3.1 Data and Methodology

3.1.1 GFS Data and GLM Data

Output from the Global Forecast System (GFS) from July 2019 through June 2024 is
used due to its common availability to forecasters, routine initializations (00Z, 06Z, 127,
and 18Z), 3 hourly temporal resolution to 96 hours, and 0.25 degree archive (NCEP,
2015). These characteristics of the GFS output make it particularly advantageous to
generate CONUS-wide lightning forecasts. GFS data over the CONUS, between 21.25
and 52.50 degrees N, and 234.00 and 297.75 degrees are used, resulting in a 128 by 256
image size used by the deep learning models.

The GFS upgrade in June 2019 included the Geophysical Fluid Dynamics Labo-

ratory microphysics scheme, allowing outputs of hydrometeor types (snow, ice, rain,
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graupel) (Zhou et al., 2022). These mixing ratios and the upward velocity are included
as model inputs, listed in Table 3.2, due to their use in other ash rate parameteriza-
tion schemes (Cummings et al., 2024). Maximum values throughout the atmospheric
column (1000- to 250- millibars where applicable) and across prediction days (Day 1:
Forecast hours 00-21; Day 2: Forecast hours 24-45; Day 3: Forecast hours 48-69; Day
4: Forecast hours 72-93) are calculated for the hydrometeor variables and the verti-
cal velocity. Minimum Lifted Index (LI) is computed across the prediction days due
to negative values indicating higher chances of convection with lightning, similar to
high values of surface-based CAPE. Additionally, daily maximums of instantaneous
precipitation rates and re ectivity values are also indicative of convection capable of
producing lightning. The environmental input parameters are helpful in constrain-
ing the GFS simulated environment to areas most conducive to lightning-producing
storms. The input features are normalized using min-max scaling, with minimums and
maximums calculated across all available data spanning the timeframes listed in Table
3.3. These data are stored in a 5-D TensorFlow tensor, with dimensions of (no. sam-
ples, prediction day (4), latitude (128), longitude (256), parameter (9)). These inputs
are represented visually in Figure 3.2. Further, terrain, latitude, and longitude are not
included as inputs as they have shown little impact on ML model performance, may
cause the ML model to overt (Leinonen et al., 2022), and do not allow the model to
be responsibly used outside of CONUS.

Binary lightning classi cations are derived from GOES Level 2 GLM data, also
shown in Figure 3.2. For reference, a climatology of GLM ash extent density is
provided in Figure 3.1. Latitudes and longitudes from the ashes are counted in each
GFS grid cell. A binary mask is created where grid cells with one or more ashes
are masked with a 1, and the other cells without a ash are masked to zero. This

procedure generates a binary grid of labels for training. GOES-16 data are used east
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of 260 degrees and GOES-17 (before January 1, 2023) and GOES-18 (after January 1,
2023) west of 260 degrees. Daily classi cation images are generated for each 24-hour
prediction day on a six-hour sliding window based on the 00 UTC, 06 UTC, 12 UTC,
and 18 UTC model runs. These classi cations are then matched to the corresponding
GFS prediction day, indicated in the 01 June 2022 example in Table 3.1. This matching
scheme ensures GFS data are not used twice (e.g, f024 is only used in Day 2, and not
inclusive for Day 1) within a sample and ensures the lightning prediction is for 3-hours

beyond f021, f045, etc.

GFS Model Run GLM Valid Times
0000 UTC 1 June 2022 {

Day 1: f00O0 - f021 0000 UTC 1 Jun 2022 - 0000 UTC 2 Jun 20R2

Day 2: f024 - f045 0000 UTC 2 Jun 2022 - 0000 UTC 3 Jun 20R2

Day 3: f048 - f069 0000 UTC 3 Jun 2022 - 0000 UTC 4 Jun 2022

Day 4: f072 - f093 0000 UTC 4 Jun 2022 - 0000 UTC 5 Jun 20R2

0600 UTC 1 Jun 2022 {
Day 1: fO00 - f021 0600 UTC 1 Jun 2022 - 0600 UTC 2 Jun 2022
Day 2: f024 - f045 0600 UTC 2 Jun 2022 - 0600 UTC 3 Jun 2022
Day 3: f048 - f069 0600 UTC 3 Jun 2022 - 0600 UTC 4 Jun 2022
Day 4: f072 - f093 0600 UTC 4 Jun 2022 - 0600 UTC 5 Jun 2022

1200 UTC 1 Jun 2022 {
Day 1: fO00 - f021 1200 UTC 1 Jun 2022 - 1200 UTC 2 Jun 2022
Day 2: f024 - f045 1200 UTC 2 Jun 2022 - 1200 UTC 3 Jun 2022
Day 3: f048 - f069 1200 UTC 3 Jun 2022 - 1200 UTC 4 Jun 2022
Day 4: f072 - f093 1200 UTC 4 Jun 2022 - 1200 UTC 5 Jun 20R2

1800 UTC 1 Jun 2022 {
Day 1: fO00 - f021 1800 UTC 1 Jun 2022 - 1800 UTC 2 Jun 2022
Day 2: f024 - f045 1800 UTC 2 Jun 2022 - 1800 UTC 3 Jun 2022
Day 3: f048 - f069 1800 UTC 3 Jun 2022 - 1800 UTC 4 Jun 2022
Day 4: f072 - f093 1800 UTC 4 Jun 2022 - 1800 UTC 5 Jun 2022

Table 3.1: An example of the matching of the GFS forecast hours to the GLM obser-
vations, for 01 June 2022's GFS model runs.

These data are built into ve di erent rotations for cross-validation listed in Table

3.3. Each rotation pertains to a separate trained ML model, thus this paper provides
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Figure 3.1: Spatial climatology for GLM ashes. Each grid cell represents the ash
extent density observed between 2021 through 2024.
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results and accumulated statistics for 10 di erent ML models: 5 for the U-Net and 5
for the LSTM architecture. The statistics presented in the results section are for the
test datasets, and are calculated by concatenating the outputs of the 5 rotations for
the U-Net and LSTM architectures. For reproducibility, the number of GLM ashes

from GOES-16,-17, and -18 are included for each training, validation, and test dataset.

Calculation Parameter
Graupel Mixing Ratio [kg=kg]
Ice Mixing Ratio [kg=kg]
Rain Mixing Ratio [kg=kg]
Snow Mixing Ratio [kg=kg]
Vertical Velocity [m=s]

Maximum between
1000{250 mb
over a 24-hour
prediction day

Maximum
GFS Model
Derived Composites
over a 24-hour
prediction day
Output Binary Lightning Classi cation

Composite Re ectivity [dBZ]
Surface Based CAPE [J=kqg]
Lifted Index [K] (negative)

Precipitation Rate [kg=(n’s)]

Table 3.2: List of input and output features. The left column describes how the
feature is calculated. The right column identi es the speci ¢ GFS variable. The last
row pertains to the processed GLM data.

3.1.2 AIl/ML Model Architectures

Both U-Net-like and LSTM-based ML architectures can skillfully predict lightning
(Cintineo et al., 2022; Geng et al., 2021; Leinonen et al., 2022). However, a direct com-
parison has never been documented to determine their relative skill for binary lightning
classi cation. It is hypothesized that one LSTM layer can generate similar model per-
formance as a robust U-Net architecture because the recurrent nature of an LSTM
model allows learning to occur across the temporal dimension. A 3-D convolutional
U-Net can learn the same relationships if the convolutions are calculated across the

temporal, spatial, and feature dimensions. Both model architectures presented here are
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Figure 3.2: Visual representation of the GFS-derived inputs and target output of the
models. The nine input variables are shown in the rst three columns, with example
binary outputs on the right. GFS forecast hours are included in the bottom right.
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