
1. Introduction
Lightning is a natural phenomenon that can be used to provide insight into the severity of a storm (E. R. Wil-
liams et al., 1999; Goodman et al., 2005; Chronis et al., 2015; Schultz et al., 2015; W. J. Koshak et al., 2015), 
has been linked to the strengthening or weakening of a hurricane (Bovalo et al., 2014; Cecil et al., 2002; 
DeMaria et al., 2012; Fierro et al., 2011; Molinari et al., 1999; Ringhausen & Bitzer, 2021; Xu et al., 2017), 
and can cause damage to infrastructure and initiate devastating fires. Lightning is often classified into two 
main categories: cloud-to-ground (CG) lightning and intracloud (IC) lightning. These two lightning types 
relate differently to the dynamics and charge structure of a storm, and can signal different stages of storm 
development or strength (E. R. Williams et al., 1989). There also exists a third lightning type known as 
hybrid flashes, which possess attributes of IC lightning and also produce CG strokes to ground (R. M. Me-
cikalski et al., 2017). The distribution of flash type can change depending on storm type and location (Fuchs 
et al., 2015; R. M. Mecikalski & Carey, 2017). Thus, it is important to distinguish these lightning types in 
order to gain a detailed picture of storm dynamics in relation to lightning, which can aid in forecasting 
storm intensity. Being able to distinguish CG and IC lightning on a synoptic scale would allow for a clima-
tological analysis of convective storm regimes, relationships to hail occurrence, and severe weather (Fuchs 
et al., 2015; Medici et al., 2017; Schultz et al., 2011).

The Geostationary Lightning Mappers (GLM) aboard the Geostationary Operational Environmental Sat-
ellites (GOES)-16 and 17 enable continuous monitoring of total lightning over land and ocean within the 
GOES-16 and 17 fields of view (FOV). GLM detects total lightning, however, there is no distinction made 
between IC and CG lightning within the GLM data. Ground-based networks such as the Earth Networks 
Total Lightning Network (ENTLN) and the National Lightning Detection Network (NLDN) do distinguish 
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lightning type, but more efficiently detect CG lightning relative to IC lightning (Cummins & Murphy, 2009). 
The detection efficiency (DE) of ground based networks varies spatially, decreasing over oceans and in 
areas with lower sensor density (Bitzer & Burchfield, 2016; Marchand et al., 2019; Rudlosky, 2014). GLM, 
alternatively, is better equipped for IC lightning detection and can detect lightning in data-sparse areas such 
as oceans and land areas where ground-based sensors are not as prominent. Thus, distinguishing between 
CG and IC lightning in the GLM data set could have significant impacts on determining in poorly observed 
areas where storms are strengthening or weakening (Schultz et al., 2011), where a hurricane is intensifying 
(Ringhausen & Bitzer, 2021), and where a wildfire is more likely to occur (Fairman & Bitzer, 2019).

The overall GLM DE shows large variation both spatially and temporally (Bateman et  al.,  2021; Cum-
mins, 2021; Lapierre et al., 2017; Marchand et al., 2019; Murphy & Said, 2020; Rutledge et al., 2020; Zhang 
& Cummins, 2020). Past studies have shown GLM DE decreases with the increase of off-nadir viewing an-
gle, which coincides with an increase in the minimum detectable optical energy threshold (Cummins, 2021; 
Marchand et al., 2019; Murphy & Said, 2020; Rudlosky & Virts, 2021). The spaced-based optical data are 
viewed in the form of events, groups, and flashes, where an event is an illuminated pixel, a group encom-
passes all adjacent events in the same frame, and a flash is composed of all groups that occur within a 
certain spatial and temporal threshold. Since CG groups are typically larger in area and optical energy, 
their detection will be less impacted by a higher energy threshold than IC groups, biasing GLM toward CG 
detection at large viewing angles. The GLM DE background threshold is also affected by the time-of-day. 
GLM DE is lower during the day because solar reflection from clouds and bodies of water increase the back-
ground illumination, which increases the minimum threshold for lightning detection (Cummins,  2021; 
Zhang & Cummins, 2020). Another potential impact on the GLM DE is regional and seasonal variations 
in storm type. GLM has been shown to have lower DE in storms with high flash rates such as anomalous 
storms (Murphy & Said, 2020; Rutledge et al., 2020). In general, it was found that the GLM flash DE increas-
es with increasing flash duration, increasing flash area, and longer channel length (Rutledge et al., 2020; 
Zhang & Cummins, 2020).

Past research has made substantial contributions in showcasing differences in the flash characteristics of IC 
and CG lightning when looking at the space-based optical transient detector (OTD) and lightning imaging 
sensor (LIS) (W. J. Koshak, 2010; W. J. Koshak, 2011; W. J. Koshak & Solakiewicz, 2011). Analysis revealed 
that although there is substantial overlap in the two distributions, the mean values for the maximum group 
area (MGA) and maximum number of events in a group (MNEG) for CG and IC flashes statistically differ 
(W. J. Koshak, 2010). Based on these results, subsequent studies were able to retrieve an estimated ground 
flash fraction (i.e., the fraction of CG lightning to the total lightning) using the distributions of the means 
with minimal error (W. J. Koshak, 2011; W. J. Koshak & Solakiewicz, 2011). However, these methods did 
not provide a way to classify individual flashes. This was the motivation for a further study that introduced 
the analytic perturbation method (APM) for flash classification, which classified flashes in a simulation 
correctly over 78% of the time for LIS and OTD data (W. J. Koshak & Solakiewicz, 2015). APM still requires 
a large set of N lightning flashes, with APM errors increasing when N 𝐴𝐴 𝐴 2500. Finally, a study by Rudlosky 
and Shea (2013) also showed differences in MGA (and MNEG) between CGs and ICs.

Applying all the OTD/LIS-based results to GLM, it is expected that CG lightning will have spatially larger 
GLM flash characteristics than IC lightning. Building on these past results, this study will use machine 
learning to differentiate CG and IC lightning in the GLM data using numerous group and higher-level flash 
characteristics in combination. We hypothesize that using a random forests (RF) model, GLM flashes will 
be able to be individually classified as CG or IC with moderate accuracy based on the flash characteristics 
alone.

To address the current lack of distinction between CG and IC lightning within the GLM data, we investigate 
how CG and IC lightning flashes appear optically from the perspective of GLM, and use GLM flash charac-
teristics to distinguish lightning type. The main objective of this research is to generate a new application 
of GLM data through lightning type classification. In doing so, the purpose of this paper is to answer the 
following questions: (a) What are the differences in the GLM flash characteristics of CG and IC lightning? 
(b) Can these differences in flash characteristics be used to accurately classify CG and IC lightning flashes 
from GLM using machine learning?
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2. Data and Methodology
This study uses a large data set with N 𝐴𝐴 𝐴 30,000,000 GLM flashes for distinguishing between CG and IC 
lightning. The data spans 6  months from 2018, where months from each season were chosen to obtain 
a robust representation of the data. GLM data are sorted and grouped into three classifications: events, 
groups, and flashes (Goodman et al., 2013). An event is a single illuminated pixel that exceeds the back-
ground brightness threshold during a single frame. A group includes all adjacent events that occur in the 
same 𝐴𝐴 ∼ 2ms frame. A flash consists of all groups that produce a Weighted Euclidian Distance of less than 1 
within the bounds of 𝐴𝐴 16.5km spatially and 𝐴𝐴 330ms temporally (Goodman et al., 2010, 2013; Mach et al., 2007; 
Mach, 2020). We focus on the group and flash level GLM data in this research. Goodman et al. (2013) pro-
vides a full description of the GLM design.

Since we are working with GLM data from 2018, there are data processing issues that must be addressed 
before using the data to train the RF model. First, prior to October 15th, 2018 there is a GLM timing offset 
of approximately 123 ms caused by the unaccounted time it takes light to travel from cloud top to sensor 
(W. Koshak et al., 2018). This offset was accounted for prior to matching to the truth data set (ENTLN). 
Additionally, the GLM Level 2 (L2) data has an upper limit of 101 groups per flash, which can cause an un-
realistic splitting of large flashes that contain more than 101 groups. This splitting of flashes could cause the 
distribution of CG and IC flashes to be unrepresentative. Peterson (2019) found that flash splitting occurs 
in around 5% of flashes, and cannot be ignored when looking at large amounts of data. Thus, flashes in this 
study have been resorted with no upper limit on the number of groups comprising a flash (Peterson, 2019).

2.1. Truth Data Set

A RF model requires training on a truth data set. Two ground-based very low frequency lightning datasets, 
NLDN and ENTLN, were considered to be the truth data set for flash classification. In order to choose be-
tween the two, a comparison from two days of data during the GOES-R field campaign in Huntsville, Ala-
bama USA was performed to calculate the classification accuracy of each network. Lightning was classified 
by hand using the Huntsville Alabama Marx Meter Array data (Bitzer et al., 2013) and the North Alabama 
Lightning Mapping Array (Goodman et al., 2005) from April 22 and 27, 2017. Approximately 1,000 pulses 
(100 flashes) were used in this comparison. A pulse is defined as any lightning-related discharge (e.g., an 
IC discharge, a CG stroke, a preliminary breakdown pulse, or a narrow bipolar pulse). The results showed 
that NLDN did slightly better than ENTLN at classifying CG pulses (93.5% vs. 90.8%), while ENTLN did 
substantially better than NLDN at both detecting and classifying IC pulses (98.5% vs. 84.5% respectively) 
(Table 1). Based on these results and past findings (Zhu et al., 2017), ENTLN was chosen to be the truth data 
set for classification of GLM flashes.

Pulse type

ENTLN NLDN

Number of pulses CA Number of pulses CA

First negative CG 72 93.1% (67/72) 71 98.6% (70/71)

First positive CG 16 87.5% (14/16) 16 93.8% (15/16)

All first CG 88 92% (81/88) 87 97.7% (85/87)

Subsequent negative CG 200 90.0% (180/200) 193 90.2% (174/193)

Subsequent positive CG 10 80.0% (8/10) 10 70.0% (7/10)

All subsequent CG 210 89.5% (188/210) 203 89.2% (181/203)

IC initial breakdown pulse 36 94.4% (34/36) 33 69.7% (23/33)

IC pulse 295 97.6% (292/295) 132 88.6% (117/132)

Preliminary breakdown pulse 30 100% (30/30) 19 100% (19/19)

Table 1 
Results of Classification Accuracy (CA) Testing Broken Down by Pulse Type for Both Earth Networks Total Lightning 
Network (ENTLN) and National Lightning Detection Network (NLDN)
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The ENTLN is a worldwide lightning detection network operating between 𝐴𝐴 1Hz and 𝐴𝐴 12MHz (Liu et al., 2014). 
Sensors are not uniformly distributed worldwide, so DE varies geographically (Bitzer & Burchfield, 2016). 
ENTLN incorporates the World Wide Lightning Location Network (WWLLN) into its data set and has done 
so since December 2011, helping to improve DE over oceans (Rudlosky, 2014). In the ENTLN data set, puls-
es are sorted into flashes if they are within 700 ms and 10 km of another pulse. More information on ENTLN 
can be found in Liu et al. (2014).

2.2. Matching

A large data set consisting of GLM and ENTLN pulses and flashes from 2018 was assembled and matched 
at the pulse level, using spatial and temporal bounds of 32  km and 10  ms (Bitzer et  al.,  2016; Bitzer & 
Burchfield, 2016; Zhang et al., 2016). This matching is done to determine which measured ENTLN and 
GLM lightning detections are the result of the same discharge. A matched GLM flash is assigned as CG or 
IC based on the ENTLN classification. If multiple GLM groups are matched to an ENTLN pulse, the pair 
with the smallest time and spatial difference is matched. Similarly, if multiple GLM flashes match to an 
ENTLN flash, then the flash closest in time and space is used. If two flashes match within the bounds and 
one flash is closer in time, but another is closer in space, the flash closer in time is used. The entire GLM 
domain (54°N/S) is used in the matching and training of the RF model, but to limit misclassifications in the 
ENTLN data set, we also run the RF model with a more limited area encompassing the Continental U.S. 
(CONUS) and nearby coastal ocean within the bounds 20 to 𝐴𝐴 50◦ N latitude and 125 to 𝐴𝐴 65◦ W longitude. These 
bounds were chosen based on DE and classification accuracy of ENTLN, which substantially decreases 
outside of these bounds (Bitzer et al., 2016). To limit the results even further to an area where GLM DE has 
been shown to be least affected by off-nadir viewing angle (Cummins, 2021), we also run the RF model on a 
region of the Southeastern United States within the bounds of 30 to 𝐴𝐴 35◦ N latitude and 90 to 𝐴𝐴 80◦ W longitude. 
The RF results using these bounds will be compared to our training results for the larger GLM observational 
domain.

The GLM flash characteristics for each matched flash are used as input features to train the RF model to 
differentiate CG and IC lightning. There are 21 different spatial and temporal flash features listed in Table 2 
that are used in the preliminary training of the model. These features were chosen and calculated based on 
past studies attempting to distinguish CG and IC flashes using OTD and LIS data (W. J. Koshak, 2010; W. J. 
Koshak & Solakiewicz, 2015) and new trends found in the GLM lightning data.

2.3. Random Forests Algorithm

This study uses a RF model (Breiman, 2001) for training and predicting flash type. A RF model was chosen 
due to its resistance to bias and overfitting when compared to other statistical models, as well as its proven 
usefulness in past weather prediction algorithms (J. K. Williams et al., 2008; Gagne et al., 2009; McGovern 
et al., 2011; Ahijevych et al., 2016; Herman & Schumacher, 2018b, 2018a; Medina et al., 2019; J. R. Me-
cikalski et al., 2021). Further, RF is capable of managing large data sets with high dimensionality such as 
the data set used in this research (N 𝐴𝐴 𝐴 30,000,000) and can handle correlated features. RF is a tree-based 
classification technique that employs multiple decision trees consisting of numerous features of an obser-
vation and classifies it based on those features. RF can be classifiers (binary outcome), which is the case for 
our model, or regressors depending on what is being predicted. Decision trees are the building blocks of 
RF, and consist of maps of decisions with branches for each path. They are formulated on a series of yes/
no questions (nodes) that utilize the predictors to best split the observations into their respective classifica-
tions. The result in the case of our model is a binary classification of CG or IC.

Hyperparameter optimization was performed using a grid search method to determine the ideal number of 
trees and node depth for the model to use (Probst et al., 2019). This method splits the training data set into 𝐴𝐴 𝐴𝐴 
sets and trains on all but one (the validation set) using a list of provided values, then switches and trains on 
all but a different set, testing every combination 𝐴𝐴 𝐴𝐴 number of times. Using less than 200 trees causes the clas-
sification accuracy to decrease considerably, while using more than 200 trees does not substantially increase 
the probability of correct classification, but does increase the amount of time required for the model to run. 
Based on the results, 200 trees are chosen for the RF model with a maximum depth of 80 nodes. The data 
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was split into a training (75%: 25,767,185 flashes) and test (25%: 8,589,0610 flashes) data set. A classification 
prediction is given for each flash, and the results and skill scores calculated from a contingency table. Met-
rics used to determine the performance of the RF model include the probability of detection (POD), percent 
correct (PC), false alarm rate (FARate), false alarm ratio (FARatio, same as probability of false alarm) and 
the critical success index (CSI).

We determine the importance of individual flash features in the final prediction using feature importance 
(FI). FI is calculated using “Gini impurity” which is a measure of variance, or more specifically of how often 
a randomly chosen feature would be incorrectly classified if it was randomly labeled using the distribution 
of labels in the subset (Louppe et al., 2013). Each flash feature has a FI based on the number of branches 
or splits using a given feature weighted in proportion to the number of overall trees with that split (Fried-
man, 2001). Larger FI values mean the feature is more important in the classification outcome.

2.4. Predictive Features

There are 21 features used in the preliminary training of the model, which are defined in Table 2. Two 
unique features termed the slope and shape have been created to attempt to provide more detail about the 

Features Definition

Spatial features

 Maximum group area The maximum area associated with a single group in the flash

 Maximum no. of events in a group Maximum number of events associated with a single group in the flash

 Footprint The combined area of all the events comprising a flash

 Propagation Furthest separation of groups in a GLM flash divided by the diameter of 
the flash

 Elongation Furthest separation of events in a GLM flash divided by the diameter of 
the flash

 Max distance between groups Max distance between groups in a flash

 Max distance between events Max distance between events in a flash

 Child count Number of groups in a flash

 Grandchild count Number of events in a flash

Temporal features

 Time-of-day Time of day in UTC

 Time illuminated Amount of time GLM groups were present in a flash

 Duration Time length of flash

 Max time difference Maximum amount of time between two subsequent groups

 Number of contiguous groups Number of groups that occur successively in time

Spatiotemporal/other features

 Slope Max energy group in 2nd half minus max energy group in 1st half 
divided by time difference

 Shape Number of groups in first half of flash divided by total number of groups

 Energy Total additive energy of a flash

 Maximum group energy Maximum energy associated with a group in the flash

 Mean energy Average energy for all groups composing a flash

 Standard dev. of energy The standard deviation of energy for a flash

 Energy threshold Number of groups with an energy above the average group energy for 
the flash

Table 2 
Definitions of Geostationary Lightning Mapper (GLM) Flash Characteristics Input as Features Into the Random Forests 
(RF) Model



Earth and Space Science

RINGHAUSEN ET AL.

10.1029/2021EA001861

6 of 13

change in the shape and magnitude of the optical emission with time. Past observations of IC lightning have 
found that the number of large, medium, and small pulses differs throughout the duration of the flash (Bils 
et al., 1988; Shao & Krehbiel, 1996; Villanueva et al., 1994). Several studies found that the largest pulses 
occur at the beginning of an IC flash, while later stages of an IC flash are dominated by medium and small 
pulses (Bils et al., 1988; Villanueva et al., 1994). Since pulse amplitude and optical emission are intimately 
related, this suggests that for IC lightning the most energetic groups will occur earlier in the flash, and mod-
erately less energetic groups later. However, the initial leader of an IC flash is typically lower in the cloud 
than pulses in the later stages of an IC flash, so the optical emission reaching cloud top (and the GLM sen-
sor) will be similar between the two. In contrast, the most energetic part of a CG flash is the return stroke. A 
typical CG flash will have 3–5 return strokes, with mixed findings on whether the initial return stroke or the 
subsequent stroke is the most energetic (Nag et al., 2008). Regardless of which return stroke in a CG flash is 
the strongest, the difference in amplitude is likely to be much larger than for IC pulses, since IC pulses are 
weaker overall (Krider et al., 1980; Weidman & Krider, 1978, 1979). Thus, the energy difference between a 
group in the beginning of a CG flash and groups later in the flash is likely to be larger than the difference 
between IC groups. This is the motivation for the slope feature, which takes into account the maximum 
group energies (MGE) and their time, and is calculated using

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 =
(𝑀𝑀𝑀𝑀𝑀𝑀2 −𝑀𝑀𝑀𝑀𝑀𝑀1)

(𝑡𝑡2 − 𝑡𝑡1)
 (1)

where 𝐴𝐴 𝐴𝐴𝐴𝐴𝐴𝐴1 and 𝐴𝐴 𝐴𝐴𝐴𝐴𝐴𝐴2 are the maximum energies associated with a group in the first and second half of 
the flash, respectively, and 𝐴𝐴 𝐴𝐴1 and 𝐴𝐴 𝐴𝐴2 are the times associated with those groups. Based on our earlier discus-
sion of CG and IC lightning, it is expected that IC flashes will have positive slope values closer to zero, while 
CG flashes are more likely to have moderately large negative or positive slope values.

The shape feature deals with the number of groups rather than the energy. Just as the largest amplitude 
pulses occur earlier in an IC flash, a larger number of groups also occurs during the initial or active phase 
of an IC flash. This may seem counter-intuitive when looking at the overall number of pulses in some IC 
flashes (e.g., Figure 1a in Villanueva et al. (1994)). Even though there can sometimes be more pulses overall 
in the later stages of an IC flash, these pulses are typically smaller and will produce less optical emission 
than a larger pulse. Small pulses can have an additive effect when occurring in the same 2 ms timeframe 
to produce a GLM group, but often are not enough to overcome GLM thresholds. This is especially true for 
GLM when compared to LIS, since the GLM pixel size is much larger (Zhang & Cummins, 2020). Although 
more groups are also more likely to occur in the beginning of a CG flash (barring continuing current flash-
es), the ratio of the number of groups in the beginning half and end half of the flash is much smaller for a 
CG versus an IC flash. The shape feature is defined as

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 𝑁𝑁1

𝑁𝑁
. (2)

where 𝐴𝐴 𝐴𝐴 is the total number of groups in a flash, and 𝐴𝐴 𝐴𝐴1 is the total number of groups in the first half of 
the flash. Thus, we would expect larger shape values to be associated with IC flashes, and smaller values 
for CG flashes.

3. Results and Discussion
3.1. Trends in Flash Characteristics

Trends in flash characteristics show that IC and CG flashes tend to have similar numbers of groups compos-
ing them (Table 3). The number of events per flash, however, is larger on average for CG lightning versus 
IC lightning (86 vs. 63). Other spatial features show a similar trend, with the footprint, MGA, and MNEG 
all larger for CG flashes. Radiant energy features are also larger for CG flashes, including the energy, MGE, 
and mean energy.

Histograms of the data show clearly that there is substantial overlap between CG and IC flash character-
istics (Figure 1). Even with this overlap, several features have preferred values for CG and IC flashes. For 
instance, a larger fraction of IC lightning have MGA values below 400 𝐴𝐴 𝐴𝐴𝐴𝐴2 , while a larger fraction of CG 
flashes have MGA values above 400  𝐴𝐴 𝐴𝐴𝐴𝐴2 . This same trend is present in the MNEG and flash footprints, with 
IC MNEG and footprints more often below 10 and 800  𝐴𝐴 𝐴𝐴𝐴𝐴2 respectively, while CG flashes make up a large 
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fraction of the higher value bins. This means that CG flashes are more likely to be spatially larger than IC 
flashes. These trends are similar to those found in comparisons of CG and IC lightning detected by OTD/
LIS data (Rudlosky & Shea, 2013; W. J. Koshak & Solakiewicz, 2015). The larger average CG flash character-
istics are most likely due to the fact that CG flashes are more energetic on average than IC flashes and occur 
lower in the cloud, so the light has to travel further through the cloud, causing more scattering, and a more 
disperse region of light at the top of the cloud.

The slope values for CG flashes are on average larger than IC flashes, and this difference can be seen clearly 
in Figure 1g, where a larger percentage of the slope values closer to zero are IC flashes, supporting our use 
of the slope feature. Although the slope feature has some potential in distinguishing flash type, the shape 
feature was nearly the same on average for CG and IC flashes, and thus is not very useful in flash type 
distinction.

3.2. Feature Importance

One FI stands out among the rest: the MGA. This feature was shown to be important in distinguishing CG 
and IC lightning in past research with LIS and OTD (W. J. Koshak, 2010). According to the RF model, it is 
the most useful feature for GLM flash distinction (Figure 2). Another important feature for flash classifica-
tion is the time-of-day. Although time-of-day is not directly a measurement of the lightning itself, it does 
point toward the tendency of lightning type to change with time-of-day and location. This is most likely due 
to preferential times for different storm types to occur (e.g., typical thunderstorms typically occur in the 

Feature

IC CG

Mean Median Stddev Mean Median Stddev

Number of groups per flash 23.9 14.0 32.4 26.7 15.0 36.8

Number of events per flash 62.8 29.0 113.2 85.5 41.0 143.2

Footprint ( 𝐴𝐴 km2 ) 702.3 506.8 669.7 971.5 671.0 941.4

MGA ( 𝐴𝐴 km2 ) 470.8 300.1 470.8 681.4 431.1 732.5

MNEG 6.3 4.0 6.7 9.6 6.0 10.5

Energy (fJ) 388.4 138.9 959.6 566.4 195.3 1,332.3

Duration (ms) 389.4 322.0 321.5 420.5 346.0 347.2

Propagation 0.28 0.23 0.24 0.30 0.24 0.25

Elongation 0.64 0.65 0.30 0.71 0.74 0.29

Max dis. between groups (km) 395.3 8.5 974.1 329.9 8.2 907.3

Max dis. between events (km) 395.7 8.6 974.6 330.8 8.2 908.0

Time-of-day (local hour) 1,243 1,405 731 1,215 1,306 738

Time illuminated (sec) 0.15 0.10 0.17 0.16 0.10 0.18

Max time difference (sec) 0.116 0.106 0.074 0.122 0.111 0.077

Number of contiguous groups 4.8 3.0 6.5 5.6 3.0 7.8

Slope (fJ/s) −64.6 2.7 5,298.7 −102.07 0.0 9,460.9

Shape 0.549 0.538 0.181 0.547 0.538 0.182

MGE (fJ) 71.5 33.6 143.9 116.3 47.3 233.4

Mean energy (fJ) 12.9 9.7 13.1 17.8 12.2 19.8

Standard dev. of energy 16.2 9.5 26.1 25.7 13.2 41.7

Energy threshold 0.208 0.125 0.222 0.194 0.111 0.212

Note. CG, cloud-to-ground; IC, intra-cloud; MGA, maximum group area; MGE, maximum group energy; MNEG, 
maximum number of events in a group.

Table 3 
A Summary of the Mean, Median, and Standard Deviation for Each Feature According to Flash Type
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Figure 1. Histograms showing the distribution of cloud-to-ground and intra-cloud lightning flash characteristics for 
the top 10 most important features: (a) maximum group area, (b) footprint, (c) propagation, (d) elongation, (e) max 
group distance, (f) max event distance, (g) slope, (h) max time difference, (i) time illuminated, and (j) time-of-day. 
Yellow = CG, purple = IC.
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afternoon, while mesoscale convective systems occur overnight [Laing & Fritsch, 1997]) as well as certain 
locations favoring certain storm types. Thus, this feature can help pinpoint temporal environments favora-
ble for CG versus IC lightning.

The next group of moderately important features for flash distinction are related to the shape of the light-
ning flash. These features include elongation, propagation, footprint, maximum distance between groups, 
maximum distance between events, and slope. Basically, CG flashes are more likely to be not only larger in 
area, but more elongated, i.e. more stretched in one direction versus the other. This could be influenced by 
horizontally extensive hybrid flashes in the data set being classified as CG flashes. Additionally, CG light-
ning is more energetic in general than IC lightning, but often occurs deeper in the cloud, so the light will 
have to pass through more cloud to escape from the top, causing more scattering, and thus a more disperse 
area of light for GLM to detect (Brunner & Bitzer, 2020).

The flash features with the lowest FI are most of the energy features including the overall flash energy, 
MGE, and the energy threshold. Energy features are less valuable in discerning flash types using RF, be-
cause although CG flashes are more energetic than ICs, they occur lower in the cloud, so less of the energy 
is reaching cloud top. IC flashes, on the other hand, occur higher in the cloud, so even though they are 
weaker, more of the energy reaches cloud top, causing the two lightning types to appear similar in energy 

at cloud top and as measured by GLM. The lowest ranked FI was the 
MNEG, which is most likely due to the high correlation between MGA 
and MNEG. When using Gini-impurity, the first of two highly correlated 
variables chosen as highly important will cause the other to be assigned 
a low FI. A few more features with lower FI include the grandchild and 
child count, as well as the number of contiguous groups. All of these 
features with lower FI can be removed from the model without greatly 
affecting the RF model's accuracy.

3.3. Random Forests Model Results

The results of the classification of CG and IC flashes using the RF model 
show moderately high skills scores supporting a distinction in the flash 
characteristics of CG and IC lightning as viewed by GLM (Table 4). The 
RF model predictions produce a POD of 0.81 and a PC of 0.71, with a 

Figure 2. Feature importance for each lightning flash feature in the random forests model. MGA = maximum group 
area and MNEG = maximum number of events per group.

No. of matched flashes Skill scores Full FOV CONUS SE

CG……12,351,487 POD 0.810 0.828 0.831

IC…….22,004,759 PC 0.714 0.748 0.746

Total….34,356,246 FARate 0.364 0.399 0.464

FARatio 0.357 0.196 0.185

CSI 0.562 0.689 0.699

Note. CSI, critical success index; FARate, false alarm rate; FARatio, 
false alarm ratio; PC, percent correct; POD, probability of detection; SE, 
Southeast.

Table 4 
The Number of Intra-Cloud and Cloud-to-Ground Flashes Used in the 
Training and Testing of the RF Model, and the Resulting Skill Scores
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FARate of 0.36, a FARatio of 0.36, and a CSI of 0.56. When using only data over CONUS, the skill scores 
improve, with substantial lowering in FARatio and a large increase in CSI. Further limiting the data to the 
Southeastern United States produces similar results as the RF model trained on CONUS. Lower ENTLN DE 
over the ocean and South America may be responsible for the decrease in skill when running the model 
using the full GLM FOV.

The most important feature in the model for distinguishing flash type is MGA, agreeing with past research 
findings (W. J. Koshak, 2010). Other useful features in predicting the correct flash type were the time-of-day, 
footprint, slope, elongation, propagation, time illuminated, maximum distance between events, maximum 
distance between groups, and the maximum time difference. In general, these results are promising for the 
potential use of GLM to classify CG and IC flashes.

4. Summary
This research investigates the differences between CG and IC lightning from an optical perspective and 
attempts to classify flashes based on their flash characteristics. A RF model is used to perform FI and light-
ning type classification. The main conclusions and answers to our original research questions are as follows:

1.  Although there is substantial overlap in the distributions of CG and IC flash characteristics, there are 
differences in the means. On average, CG flashes are larger spatially than IC flashes from an optical 
perspective.

2.  The most important feature in the correct prediction of flash type is the MGA, with CG flashes having 
larger MGA values on average when compared to IC flashes. Other important flash features in distin-
guishing flash type are the time-of-day, elongation, propagation, footprint, slope, maximum group and 
event distance, and energy mean. The least important features were the energy threshold, MNEG, the 
number of contiguous groups, and the grandchild count.

3.  The RF model showed skill in distinguishing flash type, with a POD of 81%, a PC of 71%, a FARate of 
36%, a FARatio of 36%, and a CSI of 56.2%. All skill scores improve when the data is limited to CONUS, 
with POD increasing to 83%, a PC of 75%, FARatio decreasing moderately to 20%, a FARate of 40%, and 
CSI increasing to 69%. The skill scores for the RF model trained on data limited to the Southeast display 
similar results to the CONUS trained RF model.

Some potential sources negatively affecting the RF model performance include the presence of hybrid flash-
es and instrumentation limitations. Hybrid flashes on average are larger in area and duration than CG or 
IC flashes alone (R. M. Mecikalski et al., 2017). Since all hybrid flashes in this study are classified as CG 
flashes, this would increase the overall spatial and temporal flash characteristic values for the CG flashes. 
GLM also has variation in its detection threshold, with an increasing minimum detectable energy threshold 
with distance from nadir (Cummins, 2021; Rutledge et al., 2020). This would cause less IC pulses to be de-
tected off-nadir since ICs are less energetic overall than CGs, and would allow only the most energetic ICs 
to be detected, thus biasing the data set toward stronger IC pulses. All of these factors need to be taken into 
consideration for the future use of the RF model for lightning type classification.

In general, the results of this research are promising for the potential use of GLM to classify CG and IC 
flashes. Moving forward, data from additional years will be implemented into the model to see if these 
results are robust, specifically related to the potential influence of convective environmental changes as-
sociated with seasonally varying phenomena (e.g., monsoons, El Nino-La Nina). Future research will also 
investigate using separate models to account for regional and seasonal variability in lightning flash charac-
teristics. Further, using our RF model, the cloud flash fraction over the entire FOV will be calculated and 
provide insights into storm type prevalence occurring in different regions including South America and the 
oceans where less is known about flash type prevalence.
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Data Availability Statement
ENTLN data were provided by Earth Networks, and can be acquired by contacting Earth Networks: https://
get.earthnetworks.com/contactus. GLM data for this study were obtained through the Comprehensive 
Large Array-Data Stewardship System (CLASS): https://www.avl.class.noaa.gov/saa/products/search?s-
ub_id=0&datatype_family=GRGLMPROD&submit.x=31&submit.y=6.
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