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Abstract

A method of generating synthetic lightning through the use of a convective
available potential energy (CAPE) times precipitation rate (P) proxy (CP) is applied over
three distinct climatological zones of the world for a single warm season: central and
southern Arizona of the United States, central Cuba, and North Korea. Global Forecast
System (GFS) 0.25° by 0.25° forecast data for June, July, and August of 2019 is used to
provide 6-hourly CAPE and precipitation rate, while Global Lightning Dataset (GLD360)
data for the period 2016 to 2020 is used to provide observed lightning strokes. A five-
year lightning climatology study is conducted on each region to identify lightning density
and energy patterns. A correlation of monthly and seasonal lightning to the proxy is then
conducted for each region at a 0.25°grid resolution to obtain correlation coefficients (r),
p-values, and establish validity of the proxy. Linear regression is then applied to the two
datasets to determine an appropriate constant of proportionality (k), enabling the proxy to
be used to explicitly forecast lightning for each region. An additional correction factor
(cf) is also calculated and applied to the proxy to correctly scale the number of strokes per
area. The proxy is then used to forecast lightning at monthly and seasonal timescales and
compared to observed lightning stroke densities at the same location and time to assess
performance. The lightning climatology study results show that long-term variations in
lightning patterns for each region are most influenced by warm-season convection,
topography, and local effects. Correlation results show best r values at 0.799 (Arizona),
0.711 (Cuba), and 0.562 (North Korea), and poorest r values at 0.462 (Arizona), 0.260

(Cuba), and 0.005 (North Korea), indicating that while moderate correlations exist at



times over the monthly and seasonal timescales, a correlation over a longer time period
encompassing several warm seasons would likely result in more accurate r values and
constants of proportionality. Forecast results show that the CP proxy provides a fairly
accurate depiction of lightning timing and location at monthly and seasonal timescales

over Arizona, but performs poorly over much of Cuba and North Korea.
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APPLICATIONS OF A LIGHTNING PROXY TO GENERATE SYNTHETIC

LIGHTNING FOR USE IN PHYSICS-BASED IMAGE-CHAIN MODELS

Chapter 1: Introduction
1.1 Lightning Significance

On Safety

Thunderstorms are a common phenomenon worldwide. Both beautiful and
dangerous, they are responsible for some of the most spectacular naturally occurring
visual displays human beings can witness. They are also responsible for an average of 49
deaths each year in the United States (“Lightning Victims,” 2021). Lightning is also of
particular interest to the aviation community, both military and civilian.

Most commercial-sized aircraft are struck by lightning an average of once per
year (WMO, 2014:657). While most modern commercial-sized aircraft are equipped to
survive a lightning strike and protect its passengers, the threat of lightning on any aircraft
is still a significant concern due to the damage it can cause to electrical components and
the ensuing threat to humans mid-flight (Rash, 2010:23). Moreover, the bigger threat to
aircraft is not usually the lightning itself, but the additional threats associated with the
thunderstorms in which they occur: hail, strong winds, and wind shear.

Lightning also starts many forest fires and is responsible for over 30 % of all
electric power line failures (WMO, 2014:657). Additionally, forecasting lightning with
sufficient lead time (advance warning) is a vital and necessary skill required of all base
weather stations within military installations (Department, 2021:58-59). Issuance of

lightning watches and warnings ensure that sufficient actions can be taken to ensure the



safety of maintenance personnel working outside, as well as the base populace
(Department, 2021:58-59). For these reasons and many more, accurate forecasts of
lightning have been a chief desire of the general public, governments around the world,
and their associated militaries.

AFIT Sensor and Scene Emulation Tool

The AFIT Sensor and Scene Emulation Tool (ASSET) is a physics-based image-
chain model used to generate synthetic data sets for wide field of view electro-optical and
infrared sensors (Young et al., 2017:2-3). It was originally developed for use at the Air
Force Institute of Technology (AFIT) to model sensor response to irradiance and to
generate data sets for algorithm development and testing (Young et al., 2017:3). Datasets
include object detection and tracking, pattern of life trending, infrared seeker
performance prediction, and multi-satellite viewing (Steward, 2020:2). Algorithm
development and testing includes clutter and background suppression, image/signal
processing, and sensor trade studies (Steward, 2020:14).

ASSET has operational uses as well, such as for target injection at the National
Air and Space Intelligence Center (NASIC) (Steward, 2020:2, Young et al., 2017:3).
ASSET works by taking a high-resolution image as the basis for a background scene,
emulates remote sensing processes, and outputs an array of data frames (Young et al.,
2017:3). It supports instances where absolute knowledge of an object’s position and
radiometric signature are needed, but the absolute radiometric representation and
radiometric properties of a specific scene are not necessary (Young et al., 2017:3).
ASSET works as a sensor emulator, not a simulator, and its value comes in its ability to

reproduce the imperfections commonly associated with real sensors but not often



observed in simulated data (Young et al., 2017:3). ASSET currently has limited
capability to reproduce lightning as viewed from wide field of view electro-optical and
infrared sensors, under meteorologically sound conditions, spatially and temporally. This
project will focus on creating a lightning model suitable for use within ASSET that
accurately reproduces lightning under appropriate meteorological conditions, maintains

low computational cost, and is user-friendly.

1.2 Problem Statement
The primary focus of this study is to investigate the feasibility of creating a global
lightning model that accurately predicts high resolution cloud-to-ground (CG) and in-

cloud (IC) lightning at seasonal and subseasonal timescales for use in ASSET.

1.3 Research Objectives

To create a global lightning model suitable for use within ASSET, this study will
begin with a comprehensive literature review regarding thunderstorm electrification
theories, methods of observing lightning, and modern approaches to lightning modeling
currently in use in numerical weather prediction (NWP) models. Then, an observed
lightning dataset will be chosen in order to conduct a small-scale lightning climatology
study on three distinct regions in the world. Next, a lightning modeling method will be
chosen based on successes from existing literature, and validated against the observed
lightning dataset. Then, the lightning modeling method will we implemented to forecast

lightning over three climatologically distinct regions. Overall, the goal of the study is to



produce a global lightning model that predicts lightning under meteorological conditions

that are spatially and temporally sound for use within ASSET.

Chapter 2: Literature Review
2.1 Mechanics of Lightning Production

Thunderstorm Electrification

A lightning flash or discharge within a storm is the result of an electric field that
has reached too high of a magnitude and neutralizes itself by means of a large electric
current flowing through a channel between two distinct regions of different charges
(MacGorman et al., 2001:460). The effect of a lightning discharge is to reduce the
magnitude of the electric field, and to redistribute charge throughout the storm
(MacGorman et al., 2001:460-461). The charge separation within a thunderstorm is
initiated and maintained primarily by noninductive processes, with inductive processes
playing a secondary role (Lopez, 2016:3057).

Noninductive charging refers to a charge transfer occurring through the collisions
between rimed graupel/hail and unrimed snow/cloud-ice particles without the presence of
a preexisting electric field (Lopez, 2016:3057). This process begins in the upper part of a
storm, typically at a height at or above -20°C isotherm (National, 1986:123; Weidman,
2013:9). Large vertical motions bring saturated air to this level, resulting in graupel pellet
formation, ice crystals, and super cooled water droplets. At some point in this upper
region of the storm, the graupel will start to fall and collide with both super cooled water
droplets and ice crystals (Reynolds et al., 1957:432; Weidman, 2013:9). The graupel will

grow in size due to the accretion of the super cooled water droplets on its surface, but



collisions with the ice crystals results in the gain of positive or negative charge for either
the graupel or the ice crystal (Reynolds et al., 1957:432; Weidman, 2013:9). Whichever
sign of charge the graupel gains, the ice crystal gains the opposite charge (Reynolds et al.,
1957:432; Weidman, 2013:9). The determination of whether the graupel or ice crystal
gains positive or negative charge depends on the environmental temperature during the
collision (Reynolds et al., 1957:430-433, Saunders et al., 1991:11012-11014, Takayashi,
1978:1541-1542). This dependence on temperature for charging results in typically three
distinct charge regions of the thunderstorm: net positive charges above the -25°C
isotherm, net negative charges between the -10°C and -25°C isotherms, net positive
between the 0°C and -10°C isotherms, and net positive between the 0°C isotherm and the
ground (Lopez, 2016:3058).

Inductive charging is a more minor charging process that is thought to occur after
a thunderstorm has already achieved a separation of charges through noninductive
charging, although both processes can occur simultaneously (Mansell et al., 2005:9;
Lopez, 2016:3057). Inductive charging is a process by which graupel becomes polarized
as falls through a preexisting uniform electric field, resulting in its upper half containing
negative charges and its lower half containing positive charges (Brooks and Saunders,
1994:10627-10628; Weidman, 2013:5). As the graupel falls downward, it collides with
smaller cloud particles of either supercooled liquid or ice due to differences in fall
velocities (Brooks and Saunders, 1994: 10627-10628; Weidman, 2013:5-6). Collisional
charge transfer only occurs when the particles do not stick together (Lamb and Verlinde,
2011:529-547). Thus, collisions from smaller ice particles are much more likely to result

in a charge transfers as they are more likely to bounce off of the graupel, while liquid



particles tend to stick and freeze onto the graupel at freezing temperatures (Lamb and
Verlinde, 2011:529-547). It is generally accepted that the noninductive charging
mechanism is responsible for initial thunderstorm electrification and maintenance, while
inductive charging plays a role in charge maintenance and distribution after the storm has
been electrified (Lopez, 2016:3057). Once the magnitude of the electric field between
these region reaches a certain limit, either an IC or CG discharge will occur to reduce its
magnitude and neutralize the charges (MacGorman, 2001:460-462). Overall, lightning
discharges involve a variety of microphysical processes.

Lightning Discharge

For a lightning discharge to occur, a conducting channel is created composed of
ionized gas whose temperature reaches close to 30,000 K, or about five times the
temperature of the surface of the sun (MacGorman et al., 2001:460, WMO, 2014:657). A
lightning discharge (also called a flash) consists of individual elements called strokes,
and contains anywhere from one to 26 strokes, although typically it contains three to five
strokes (Wallace and Hobbs, 2006:255, WMO, 2014:657). The time interval between
strokes is typically on the order of tens of milliseconds, and each stroke may branch off
into numerous ground strike points (Wallace and Hobbs, 2006:255, WMO, 2014:658).

In general, each stroke is made up of a downward process called a leader, and an
upward process called a return stroke (WMO, 2014:658). The leader can be further
divided into stepped leaders and dart leaders categories. The first stroke leader has an
intermittent appearance and is termed a stepped leader, while the tips of subsequent
stroke leaders appear to move continuously and thus are called dart leaders. In a typical

CG discharge, the leader is responsible for creating the conducting channel between the



charge region of the cloud and the ground, as well as distributes charges along the path
(WMO, 2014:658). After the leader propagates downward, a return stroke propagates
from the ground and back up to the charge region of the cloud along the same channel,
and neutralizes the charge of the leader, resulting in an overall transfer of negative (or
positive) charge to the ground (WMO, 2014:658).

Interestingly, the leader creates X-ray radiation with energies up to 250 keV,
which is twice the energy of a chest X-ray (WMO, 2014:658). Furthermore, IC lightning
discharges have been found to emit radiation at energies in the gamma range, as detected
by sferic (atmospheric electric field change) waveform array stations (Stanley et al.,
2006:1). The return stroke emits a high current of 15 kA to 30 kA which quickly heats the
conducting channel to above 30,000 K (WMO, 2014:658). The rapid increase in
temperature results in a rapid increase of channel pressure to over 1 MPa, resulting in
channel explosion and a shockwave that humans perceive as thunder (WMO, 2014:659).

About 90 % of midlatitude CG lightning carries negative charge to the ground,
while 10 % carries positive charge to the ground (Wallace and Hobbs, 2006:256).
Positive CG lightning is much more dangerous than negative CG lightning, as it
possesses a magnitude of charges of up to 10 times greater than negative CG lightning,
resulting in greater damage to buildings, forests, and living things (“Severe,” 2021,
Wallace and Hobbs, 2006:256). Positive CG lightning also tends to originate from the
edge of the cloud, resulting in lightning strikes that occur several miles away from the
perceived edge of a storm (“Severe,” 2021). For IC and cloud-to-cloud lightning, the

discharge typically consists of a single leader that connects the negative and positive



regions of a cloud, resulting in a lower, but more continuous illumination of the cloud

(Wallace and Hobbs, 2006:255).

2.2 Lightning Observation Methods

Lightning is a relatively small-scale feature, and defining its appearance through
observation methods has been approached in several ways. Lightning emits substantial
electromagnetic radiation in frequencies ranging from 1 Hz to near 300 MHz, as well as
high electric current in tens of KA (WMO, 2014:657). It also produces optical energy
ranging from 10'* to 10> Hz (WMO, 2014:657). Over the past three decades, two
distinct methods of defining observed lightning have emerged: as an area of optical
energy viewed from a satellite (Goodman et al., 2013:35-37), or as a point of electrical
current either IC or CG (“Vaisala,” 2021).

National Lightning Detection Network

In the United States, the National Lightning Detection Network (NLDN) has
operated continuously from 1989 until present day, and remains one of the longest
running sources of lighting data to date (“Vaisala,” 2021). The NLDN reports CG and IC
lightning as point data in kA through the use of ground-based sensors that detect the
electromagnetic signals in the ultra low frequency (ULF) to medium frequency (MF)
range of 400 Hz to 400 kHz produced by lightning strikes (WMO, 2014:670; “Vaisala,”
2021). For each lightning flash occurrence, multiple neighboring sensors use magnetic-
direction-finding and time-of-arrival methods to observe the occurrence and determine

the location, type, and energy associated with each lightning flash (“Vaisala,” 2021). The



detection range of the NLDN includes all of the United States, out to approximately
several hundred kilometers off-shore (Nag et al., 2014:2, Said et al., 2013:6906).

Continual upgrades to the NLDN in the past few decades have improved its
detection efficiency and location accuracy, with a 2013 evaluation showing a median
location accuracy of 0.15 to 0.25 km and >95% flash detection efficiency in the interior
of the United States. Furthermore, a 0.25 to 0.5 km median location accuracy and 50%
flash detection efficiency is noted at the outer edges of the network (Nag et al., 2014:1).
The NLDN is part of the larger North American Lightning Detection Network (NALDN),
which also consists of the Canadian Lightning Detection Network (CLDN) (Nag et al.,
2014:1). Further NLDN upgrades from 2014 to 2018 included central processor updates
to improve the classification of IC and CG strokes, as well as improve the detection
efficiency (Murphy et al., 2021:574). The NLDN uses a flash algorithm to group a
maximum of 15 strokes into a single flash, with specific spatial and temporal rules as to
how strokes are integrated into flashes (Nag et al., 2014:4, Murphy et al., 2021:575). The
deliverable product to the end user is either the post-processed flash or strokes.

Global Lightning Data

The Global Lightning Dataset (GLD360) is a very low frequency (VLF), ground-
based, global lightning detection network that operates through the use of numerous VLF
sensors placed around the world (WMO, 2014:673). It is operated by Vaisala, the same
company that maintains the NLDN, and uses similar time-of-arrival and magnetic-
detection-finding methods to detect CG and IC lightning, albeit with a lower location
accuracy and detection efficiency due to the long-range Earth-ionosphere waveguide

design of the sensors (Said and Murphy, 2016:1). It is able to capture lightning location,



type, and energy associated with each flash, operates in the 500 Hz to 50 kHz range,
possesses a median location accuracy of 2.4 km to 1.8 km, a CG detection efficiency of
75% to 85%, and an IC detection efficiency of 30% to 50% (Said and Murphy, 2016:7).
The deliverable product to the end user is usually the stroke data (Cramer, 2021). While
the location accuracy and detection efficiency of the GLD360 is inferior to that of the
NLDN, it has the advantage of being a truly global network that is not limited to
continent use.

Geostationary Lightning Mapper

The Geostationary Lightning Mapper (GLM) is a lightning sensor onboard the
current GOES-16 and GOES-17 and future GOES-T and GOES-U satellites that provides
continuous, hemispheric monitoring of lightning (Goodman, 2012:10; “GOES-R,” 2022).
It is capable of detecting more than 70% of lightning flashes on a 24-hour basis, with a
daytime detection efficiency of 70% and a nighttime detection efficiency of 90%
(Bruning et al., 2019:14285; Rudlosky et al., 2019:1097). The sensor is a Charge-
Coupled Device (CCD) imager with a set of optical filters that is able to detect lightning
in a 1 nanometer (nm) spectral band centered on the 777.4 nm wavelength (Rudlosky et
al., 2019:1098). The instrument consists of a single telescope with a variable pitch focal
plane detector array of 1372 by 1300 pixels, which is further divided into 56 subarrays
that are processed by 56 Real-Time Event Processors (RTEPs) (Rudlosky et al.,
2019:1098). This allows the GLM to have a pixel resolution of 8 km at nadir, to 14 km at
limb (Rudlosky et al., 2019:1097). In essence, the GLM is a high-resolution camera in a

geostationary orbit around the Earth.
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The GLM has a complex algorithm known as the lightning cluster filter algorithm
(LCFA) that processes lightning data and clusters them into either events, groups, or
flashes (Goodman et al., 2013:39). Events are defined as the triggered pixels whose
brightness exceeds the background threshold during a single frame (Goodman et al.,
2013:38). Events are the basic unit of data from the GLM and generally reflect a single
optical pulse occurring within a 2 millisecond (ms) integration window. When multiple,
spatially adjacent events occur within the 2 ms integration window, the result is a group
(Goodman et al., 2013:39). When multiple groups occur within a 330 ms integration
window and within 16.5 km of each other, the result is a flash (Goodman et al., 2013:39).
The flash is the end goal of the algorithm and is meant to capture the light produced from
a lightning channel discharge tree (Goodman et al., 2013:39).

Although the GLM has the advantage of providing spaceborne, optical
characteristics of lightning, its main limitation is that its coverage is not global. Prior to
the launch of the GLM aboard the GOES-R series satellites, the only source of
spaceborne, lightning imagery was from low-earth-orbiting (LEO) satellites, such as from
the Lightning Imaging Sensor (LIS) on the Tropical Rainfall Measuring Mission
(TRMM) or the International Space Station (ISS) (WMO, 2014:893; “LIS,” 2022).
Lightning data from these LEO satellites was also limited in that it only captured the
portion of the earth which it was traveling over, which made it sufficient for research but
not ideal for operational forecast use (“LIS,” 2022). So, while the GLM does not provide
global coverage, it represents a vast improvement over its predecessors in that it provides
continuous coverage of lightning over one portion of the earth, making it ideal for both

research and operational uses.
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2.3 Forecasting Lightning using Weather Models

Model Requirements

Lightning is a small-scale feature that can be defined as either a point or an area
of strikes/flashes. Forecasting it through NWP models has largely been limited by
resolution and an adequate representation of the microphysical processes involved.
Lightning occurs with thunderstorms, which may be described as systems of
cumulonimbus clouds with updrafts on the order of 1 km. Since cumulonimbus clouds
themselves are relatively small-scale features with a horizontal diameter on the order of 5
to 10 km, methods of forecasting lightning have been focused on using high-resolution,
cloud-resolving models (Bryan et al., 2003:2394; Fierro et al. 2013:2390). Generally
speaking, cloud-resolving models possess a horizontal resolution of less than 5 km
(Fierro et al., 2013:2390). It is widely accepted that a 1 km grid resolution is sufficient to
resolve a thunderstorm’s structure, but even finer resolutions on the order of 100 m are
necessary to resolve deep moist convection (Bryan et al., 2003:2394, 2413). To forecast
lightning, a model has to have a resolution high enough to explicitly resolve cumulus
clouds and sufficient microphysics to model the electrification process. As such, most
attempts at forecasting lightning in numerical prediction models have employed lightning
parameterizations (Mansell et al., 2002:1).

Forecasting within Cloud-Resolving Models

Over the last three decades, two primary methods of forecasting lightning within
cloud-resolving models have emerged: using electrification physics or microphysical
proxy variables (Fierro et al., 2013:2390). For the explicit prediction of lightning through

electrification physics, either a bulk flash model or those that can explicitly resolve
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individual lightning channels (“branched lightning”) are used (Fierro et al., 2013:2390-
2391). A bulk flash model is one that attempts to represent the large-scale effects of
lighting within a cloud, such as the charge distribution and the magnitude of the electric
field at which a discharge will occur (Ziegler and MacGorman, 1994:837-838). For a
bulk flash model, a horizontal resolution of less than 5 km is required to resolve
individual cumulus clouds, although 3 km has found to work well (Fierro et al.,
2013:2394). A branched lightning parameterization is one that attempts to simulate the
actual channel of a lightning discharge, involving the stepped leader and dart leader
propagations seen within strokes that result in that “branched” appearance commonly
seen in still photos of lightning (Mansell et al., 2002:1-4, WMO, 2014:658). Although a
stepped leader typically advances in lengths on the order of 50 m, a model resolution of
500 m has found to be sufficient to represent lightning channels while remaining
computationally practical (Mansell et al., 2002:2-4).

A modern example of a bulk flash model is the advanced research version of the
Weather Research and Forecasting (WRF ARW) model (Fierro et al., 2013:2391). This
model parameterizes lightning by determining charge distributions resulting from
noninductive and inductive processes between hydrometeor species, solving for the
electric field, and then discharging lightning by determining locati