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Abstract

Studying cloud-to-ground lightning strokes and ground strike points
provides an alternative method of lightning mapping for lightning risk
assessment. Various k-means algorithms have been used to verify the
ground strike points from lightning locating systems. These algorithms
produce results but have the potential to be improved.
This research report proposes using Bayesian Network which is a model
that has not been used before to verify lightning ground strike points. A
Bayesian Network is a probabilistic graphical model that makes use of
Bayes Theorem to represent the conditional dependencies of variables.
The network created for this research were learned from the data using
a score-based structure learning and the Bayesian Information Criterion
score function was used. The models were evaluated using a confusion
matrix and a kappa index. They produced accuracies ranging from 86%
to 94% with a kappa index of up to 0.76.
The results from the Bayesian Network models are within the range
of the available algorithms used currently to analyse lightning ground
strike points but have an advantage of not needing a predetermined dis-
tance, easy to interpret and as well as being suitable for small data sets.
The use of a Bayesian network is a good candidate for an alternative
method to analyse lightning ground strike points.



iii

Acknowledgements

A special thanks to my supervisors, Dr. Ritesh Ajoodha and Dr. Hugh Hunt for
their guidance with this project.
Thank you Dr. Carina Schumann for the supporting material and comments on the
research report.
The support of the DST-CSIR Nationl e-Science Postgraduate Teaching and Training
Platform (NEPTTP) towards this research is hereby acknowledged.
Opinions expressed and conclusions arrived at, are those of the author and are not
necessarily to be attributed to the NEPTTP.



iv

Contents

Declaration i

Abstract ii

Acknowledgements iii

List of Figures vi

List of Tables viii

List of Abbreviations ix

1 Introduction 1
1.1 Research Aims and Objectives . . . . . . . . . . . . . . . . . . . . . . . 3

1.1.1 Research Aims . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.1.2 Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.2 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.3 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2 Background 5
2.1 Lightning Phenomenon . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.2 Lightning Locating . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
2.3 Detection Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
2.4 Lightning Risk Assessment . . . . . . . . . . . . . . . . . . . . . . . . 9

3 Related Work 11
3.1 Feature Selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
3.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
3.3 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13



v

4 Research Methodology 15
4.1 Research Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
4.2 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

4.2.1 Data Acquisition and Description . . . . . . . . . . . . . . . . 21
4.2.2 Preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

4.3 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
4.3.1 Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

4.4 Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
4.4.1 Baselines . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

4.5 Technical Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . 30
4.6 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

5 Results and Discussion 31
5.1 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

5.1.1 Directed Acyclic Graphs . . . . . . . . . . . . . . . . . . . . . . 31
5.1.2 Performance Measures . . . . . . . . . . . . . . . . . . . . . . . 36

5.2 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
5.2.1 BN models Discussions . . . . . . . . . . . . . . . . . . . . . . 40
5.2.2 Baselines Discussions . . . . . . . . . . . . . . . . . . . . . . . 42
5.2.3 K-means and BN Discussion . . . . . . . . . . . . . . . . . . . 44

5.3 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
5.4 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
5.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

6 Conclusions and Future Work 48
6.1 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

A Appendix Title 51
A.1 Code Sample . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
A.2 Assumptions and Definitions . . . . . . . . . . . . . . . . . . . . . . . 51

Bibliography 53



vi

List of Figures

1.1 A video frame of lighting striking a high rise building in Sandton,
Johannesburg. Video captured by Lark and Owl Productions. . . . . 1

2.1 A diagram which is a schematic of a flash hierarchy adapted from
Pédeboy [6]. It shows a single flash with two GSPs and four strokes,
stroke 1,2 and 4 are at GSP1 and stroke 3 is at GSP 2. . . . . . . . . . . 7

2.2 A diagram which shows a flash with two GSPs and four strokes oc-
curring over time, adapted from Valine and Krider [22]. Stroke 1,2
and 4 are at GSP1 and stroke 3 is at GSP 2 . . . . . . . . . . . . . . . . 7

2.3 A low resolution image of a lightning flash with multiple strokes, the
strokes contacts the ground at different point. . . . . . . . . . . . . . . 10

4.1 A Bayesian Network schematic diagram, adapted from Zhang and
Poole [39]. x1 and x2 are parents of x3, x3 and x6 are parents of x5 and
x4 is a descendant of x3. . . . . . . . . . . . . . . . . . . . . . . . . . . 17

4.2 A picture of flash 74 plot on Johannesburg map. Strokes that are at
strike point 1 are enclosed in green triangles and those that are at
strike point 2 are enclosed in the blue rectangle. . . . . . . . . . . . . 24

4.3 Images of strike point 1 and 2 from flash 74 captured with a high
speed camera by Dr Carina Schumann. Image 4.3a is of the strike
point 1 and image 4.3b is of strike point 2. Strike point 1 appears
to be on on the left while strike point 2 is on the right and slightly
farther. Image 4.3c is a stacked image of images 4.3a and 4.3b to
show the two GSPs [53] . . . . . . . . . . . . . . . . . . . . . . . . . . 25

4.4 A schematic of a confusion matrix, adapted from Mohajon [56]. . . . 28

5.1 Model 1 Bayesian network diagram. The parent node of PSP is Year
and strike point is a descendant of PSP . . . . . . . . . . . . . . . . . . 32



vii

5.2 Model 2 Bayesian network diagram. The parent nodes of PSP are
number of sensors,Year, Month and Day while strike point is a de-
scendant of PSP. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

5.3 Model 3 Bayesian network diagram. The parent nodes of PSP are
number of sensors and flash number, PSP is a parent node of strike
point. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

5.4 Model 4 Bayesian network diagram. The parent nodes of PSP are
number of sensors and flash number, PSP is a parent node of strike
point. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

5.5 Model 5 network diagram. The parent node of strike point is PSP. . . 36
5.6 Classification error bar with confidence intervals . . . . . . . . . . . . 39



viii

List of Tables

3.1 A table of summarised results obtained using three algorithms used
in the current literature [10]. . . . . . . . . . . . . . . . . . . . . . . . . 14

4.1 A table of descriptions of features of the data. . . . . . . . . . . . . . . 22
4.2 A table of Flash 74 data, strike point column that is highlighted is the

confirmed locations of the strokes by high speed camera. . . . . . . . 23

5.1 Overall model performances with accuracy, balanced accuracy and
kappa statistic . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

5.2 Predictive performance of target value for each model with precision,
recall and f1-scores . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

5.3 K-fold cross validation results, with a mean classification errors of
the target value and their standard deviations. . . . . . . . . . . . . . 38

5.4 Predictive performance of target value using other machine learning
algorithms as baselines with precision, recall and f1-scores . . . . . . 43

5.5 Overall model performances using other machine learning algorithms
as baselines with accuracy and kappa statistic . . . . . . . . . . . . . . 43

5.6 Summarised results from global GSP characteristics in negative down-
ward lightning flashes research [10] using three algorithms used in
the current literature combined with the results from BN models . . 44



ix

List of Abbreviations

LLS Lightning Locating System
IEC International Electrotechnical Commission
GSP Ground Strike Point
BN Bayesian Network
PSP Previous Strike Point
NGC New Ground Channel
PEC Pre-existing Channel
CC Cloud-to-Cloud
CG Cloud-to-Ground
ELF Extremely Low Frequency
UHF Ultra High Frequency
TOA Time-of-arrival
MDF Magnetic Direction Finding
SMA Semi-Major Axes
DAG Directed Acyclic Graph
MLE Maximum Likelihood Estimation
AIC Akaike Information Criterion
BIC Bayesian Information Criterion
TP True Positive
TN True Negative
FP False Positive
FN False Negative



1

Chapter 1

Introduction

Lightning is an electrostatic phenomenon that occurs naturally in the atmosphere
[1]. Lightning occurs mostly within the clouds in the atmosphere but often at times
it reaches the ground. The energy that produced during a lightning stroke has been
estimated to more than 5 × 107 J, this amount of energy has detrimental effects on
our livelihoods when it comes in contact with grounded objects or human beings
[2, 3, 4, 5]. It is, therefore, important that we thoroughly understand the risks asso-
ciated with lightning strokes and use that information to preserve lives and infras-
tructure.

FIGURE 1.1: A video frame of lighting striking a high rise building in
Sandton, Johannesburg. Video captured by Lark and Owl Productions.

Figure 1.1 is a still frame from a video captured by Lark and Owl Productions. The
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video is a time lapse of a thunderstorm occurring in Sandton, Johannesburg, which
means the image is a stacked image of multiple frames and it has a high resolution.
On the image, lightning flash can be seen striking one of the high rise building in
the area with multiple lightning strokes.

Lightning Locating Systems (LLSs) are multi-sensors used to collect data from light-
ning return strokes. The strokes are grouped into light flashes according to the
International Electrotechnical Commission (IEC) 62585 to create lightning density
maps for lightning risk assessment [6, 7]. Location of the first stroke is taken as the
location of the flash which becomes an underestimation problem when the flash
consists of multiple strokes with different Ground Strike Points (GSPs) [6], thus us-
ing stroke data may result in more accurate lightning density maps [8]. LLSs use
various techniques and rely on triangulation to locate lightning strokes which bring
about uncertainties due technical errors [9].

There are various machine learning algorithms used to analyse the lightning GSPs
[8, 10] to identify the locations of strokes in each lightning flash. These algorithms
are all variations of k-means method [10]. The results from the algorithms were
compared with ground truth data which is observed using a high speed cameras
[8]. The results obtained from the algorithms output accuracies ranging between
79% and 95% [10].

This research report introduces the use of Bayesian Networks (BN) as another algo-
rithm for GSP analysis. Bayesian statistics has been proposed and used to validate
GSPs and to assess the performance of LLSs [11, 12] but in the form of Bayes theo-
rem whereby the prior probability and likelihood were estimated from current liter-
ature. The method of Bayesian network for (GSP) analysis will use the variables to
determine their conditional dependencies and independencies with respect to the
target variable.

A target variable, Previous Strike Point (PSP) is introduced from the ground truth
data by matching it to New Ground Channel (NGC) or Pre-existing Channel (PEC).
There are five BN models created using the data as it is in one of the models and by
setting conditional dependencies between the features of the data. The models are
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learned using a score-based structure learning procedure to obtain the structure of
the networks. The models are then cross validated to obtain the results.

The BN models output accuracies ranging between 86% and 94% with mean classi-
fication errors between 11% and 15%. The kappa statistics of the models were good
with the lowest at 0.53 and the highest at 0.76. The models are good contenders for
an alternative to the current k-means methods as they output similar outputs with
low errors. The BN models are able to handle class imbalance as observed from
their high kappa coefficients.

The contributions that this research report will make are as follows: (a) introducing
a new application of BN to the analysis of GSPs, (b) alleviate uncertainties asso-
ciated with predetermined distance threshold which is a requirement in all the k-
means algorithms, and (c) the set conditional dependencies between the variables
gives information on which features are the most significant to identify lightning
strokes.

1.1 Research Aims and Objectives

The proposed method of this research report is using Bayesian networks to validate
the location of GSPs from the LLSs. This method has not been used before and
could prove as an improvement or an alternative to the current methods used for
GSP analyses. Bayesian networks make use of statistics and correlation between
variables to obtain the desired results.

1.1.1 Research Aims

The aim of this research is to classify lightning strokes that are part of a single flash
using Bayesian Network models. The provided lightning data was captured dur-
ing thunderstorms in Johannesburg by Lightning Locating Systems. The use of
Bayesian networks for ground-strike point analysis serves as an approach that dif-
fers from the current K-means methods and could lead to improved GSP classifica-
tion results.
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1.1.2 Objectives

The objectives of the research are as follows:

• To obtain the data of lightning strokes

• To select the relevant features

• To categorise the data set into relevant groups according to the IEC 62858

• Develop a Bayesian network model to fit the data

• Analyse the performance of the model

1.2 Limitations

The research report has some limitations that are due to the lightning data and
resources for data modelling.

• The data used might be too small which could lead to model underfitting or
overfitting.

• There is a class imbalance which affects the model classification performance.

• The necessary resources for the research such as architecture and literature of
Bayesian networks are limited.

1.3 Overview

This research report will proceed as follows; background of the research will be dis-
cussed in Chapter 2, then literature review will be discussed in Chapter 3. Chap-
ter 4 consists of the discussion of the methodology which also includes the pre-
processing steps. Chapter 5 highlights and discuses the results of the research.
Chapter 6 is the conclusion of the research report.
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Chapter 2

Background

This chapter focuses on the background of lightning. It first discusses the phe-
nomenon of lightning which is a description of how lightning is formed and other
aspects of lightning. Then it discusses lightning locating system and the detection
methods used by these systems. Then it concludes by discussing lightning risk as-
sessment.

2.1 Lightning Phenomenon

Lightning develops in the atmosphere due to storms, volcanic eruptions and dust
storms [13]. These changes in the atmosphere result in a pressure and temperature
change, wind and friction, and clouds are formed. During cloud formation, there is
an electric charge separation due to various possible reasons such as ion charging,
convection, induction and drop break-up [1, 14].

The charge separation makes the cloud a bipole region with a net charge of zero
[15]. Charges are then driven by an electric force towards a region with opposite
polarity. The propagation of the charges in motion, called leaders [13], leaves a trail
of light until they reach an opposite charge and make a connection [1, 15]. Once the
connection between the two opposite charges is made, electrons begin to flow to the
positive region through the channel created by leaders, a lightning return stroke is
thus achieved [13].

A leader connection that occurs within the clouds is called cloud-to-cloud (CC)
and a leader that connects to the ground or objects on the surface of the ground
is called cloud-to-ground (CG). Leaders with negative charges are called negative
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CG stroke or negative CC stroke and leaders with positive charges are called posi-
tive CG stroke or positive CC stroke [1]. CG lightning strokes are very significant as
they have an effect on us [3, 4, 5], they can damage infrastructure and cause death.

From previous observations, most CGs are identified as negative flashes whereby
all the strokes of a flash have negative leaders [16]. A single flash can have one or
more strokes, these strokes occur within a short interval [16, 17]. The International
Lightning Protection Association Symposium came up with the IEC 62858 to stan-
dardize flash data and modern LLSs use that standard to categorize strokes into
flashes[6]. According to the IEC 62858, a flash has strokes that occur within 10 km
of each other, have a 500 ms inter-stroke delay and all occur within 1 second [6].

The strokes in a single flash follow the same channel, the initial stroke creates a con-
ductive path as electrons propagate along the channel [13]. This in turn makes the
succeeding strokes propagate at a faster rate [17, 18, 19], making the strokes occur
within an interval of 40 ms and 50 ms on average but the maximum flash duration
observed by with high speed camera was about 1400 ms [16].

A flash connects to the ground at a ground-strike point (GSP). On average, a flash
consists of about 4 or 5 strokes, these strokes do not necessarily connect to the same
GSP, and a flash with multiple strokes is more likely to have multiple GSPs [16, 20,
21]. Each stroke has large amounts of current flowing continuously for its duration,
thus CG flashes with longer continuous current release large amounts of energy
onto the surface of the ground or object on the ground.

Figure 2.1 is a schematic of a flash hierarchy. A single flash with four strokes, three
of the strokes hit the ground at the same point while one hit the ground at another
point, therefore there are 2 GSPs. Figure 2.2 is a schematic of the occurrence of the
flash, 2.2a depicts the locations of the of the strokes while 2.2b depicts the occur-
rence of the lightning flash over a period time.

The energy produced by CG flashes may reach up to 5 × 107 J, such high energies
produce air temperatures that are high enough to spark bush fires. The energy
is sufficient to damage infrastructure such as electricity cables and buildings, and
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FIGURE 2.1: A diagram which is a schematic of a flash hierarchy
adapted from Pédeboy [6]. It shows a single flash with two GSPs and

four strokes, stroke 1,2 and 4 are at GSP1 and stroke 3 is at GSP 2.

(A) Illustration
of lightning

flash with two
GSPs.

(B) Illustration
of lightning

occurrence over
a period of time.

FIGURE 2.2: A diagram which shows a flash with two GSPs and
four strokes occurring over time, adapted from Valine and Krider [22].

Stroke 1,2 and 4 are at GSP1 and stroke 3 is at GSP 2
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also result in fatalities when they are in contact with human beings [3, 4, 23]. Thus,
monitoring lightning is significant as it helps with the mitigation of risks brought
about by lightning strikes.

2.2 Lightning Locating

There are various systems in place that monitor lightning. Each system is created
differently to observe the different aspects of lightning. These systems are places
on the surface of the Earth and above the atmosphere to detect both cloud-to-cloud
lightning and cloud-ground lightning. These systems are used in various industries
such as meteorology, geophysics, insurance and electric power to locate lightning
strokes for weather casting and lightning safety and warning purposes [24].

Lightning Locating Systems (LLSs) are automatic multi-sensors that have been used
since the 1920s [9]. Lightning flashes radiate electromagnetic waves at various fre-
quencies of the spectrum [9, 25]. They range from Extremely Low Frequency (ELF)
to Ultra High Frequency (UHF). Events of X-ray [25] and Gamma ray [26] have
been observed during lightning flashes. Low Frequencies occur due to continuous
lightning strokes and High Frequencies are the result of short pulses of lightning
discharge [9].

2.3 Detection Methods

There are various techniques used to detect lightning, each with its own advantages
and disadvantages. There are three popular techniques currently used for lightning
detection which are Time-of-arrival (TOA) which uses time specific occurrences of
electromagnetic waves [24], Magnetic Direction Finding (MDF) which uses inter-
ferometry [24, 9] and optical imaging which relies on photography of geometric
projections of lightning flashes [24].

TOA detectors are sensors that receive data of electromagnetic pulses from the at-
mosphere called sferics [9, 27]. These sensors function by timing the arrival of sfer-
ics. For a more accurate measure of location there needs to be more than one sensor
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observing the same wave [9, 24]. Each sensor outputs a hyperbola of time differ-
ences between feature occurrences of an event and the intersection of these hyper-
bolae from these sensors give location of lightning origin [9, 27]. This technique
solves the problem of polarisation errors [27].

MDF is also referred to as Magnetic Direction Finding as it employs sensors that re-
ceive electromagnetic fields from produced by lightning [28]. It consists of a sensor
which has two looped antennae which are orthogonal to each other that detect the
magnetic wave and a flat plate that detects the electric wave [28]. The data from
these sensors can be used to calculate time and 3 dimensional location, latitude,
longitude and altitude of the lightning flash with more than one sensor working to-
gether [9]. To alleviate the polarisation error, the sensor are calibrated to receiving
waves that are from lightning return strokes.

Optical Imaging technique uses CCD imaging array to observe waveform that are
within the near infrared and optical light spectrum range [29]. These sensors out-
put data that can be used to calculate time, latitude and longitude of a lightning
flash. Such sensors are usually space-based unlike MDF and TOA and they cannot
be used to calculate the altitude of a flash [9] but they are calibrated to account for
polarisation error [29].

2.4 Lightning Risk Assessment

The standard method of obtaining the lightning density assess lightning risk has
been using flash data, which is an underestimate given that a flash may have mul-
tiple GSPs as seen on Figure 2.3, an image of a lightning flash with more than one
stroke. The image was captured using a camera with low frame rate but a high res-
olution, the strokes contacts the ground at different points and not one as the flash
data would suggest.

LLSs capture individual strokes but use frequency detection and triangulation tech-
nique to locate the strokes [6, 9, 24]. The data that they output comes with some un-
certainty due to technical issues thus GSP analysis is performed to optimise the true
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FIGURE 2.3: A low resolution image of a lightning flash with multiple
strokes, the strokes contacts the ground at different point.

location of lightning GSPs. One method is using high speed cameras to verify the
GSPs however it is not efficient, therefore other methods are necessary as solutions.
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Chapter 3

Related Work

There are various researches that have studied and analysed lightning ground-
strike points. These papers proposed and used various methods and algorithms
to achieve their objective. A commonality in these papers are the features used for
the research but they all used data from various sources. They all obtained various
results from their chosen methodology.

A research conducted on the mechanisms of multiple lightning ground contacts
used data from the U.S National Lightning Detection Network across multiple states
[30] while another research on the characteristics of negative flashes with multiple
GSPs made use of data from the Japanese Lightning Detection Network [31]. A re-
search on validating GSP identification utilised data from ALDIS which is an Aus-
trian LLS and Météorage which is a French LLS [32]. A research on LLSs made use
of data from various sources around the world [24].

3.1 Feature Selection

The researches made use of similar features to study ground strike points but some
of the features were specific and more suitable for the chosen methods. The research
on LLSs used various features for their ground-strike point analysis. They used the
number of reporting sensors, the time reported by sensors and the estimated dis-
tance from each sensor and the GSP. They also used peak current of the lightning
discharge Nag et al. [24].

Research on the mechanisms of multiple lightning ground contacts proposed using
Semi-Major Axes (SMA) of the lightning return strokes for GSP analysis [30]. For
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the analysis of the characteristics of negative flashes with multiple GSPs, various
lightning were used characteristics as their chosen features [31]. Latitude, longi-
tude and peak current of lightning strokes were the selected features. Research on
validating GSP identification used time and direction of signal [32] as the chosen
features.

3.2 Methods

Research on validating GSP identification used LLS techniques to geo-locate ground-
strike points. The sensors used by ALDIS and Météorage combine time of arrival
of each signal and the direction in which it came from. The signals from the sensors
are then grouped according the corresponding values of the parameters. Then the
grouped signals are put through a triangulation algorithm to located the point of
contact of each lightning stroke [32].

Meteorage developed a GSP K-means clustering algorithm to assist with the verifi-
cation of lightning detection [32]. The K-means algorithm is a two step process. The
first step is to randomly pick k number of centres from a group of points, where k
is a predetermined fixed number. The second step is find the nearest center to each
of the other points in the cluster using Euclidean distances [33]. Once all the points
are included in some clusters, a recalculation of the average of the clusters is done
iteratively until an optimum is reached [33].

Research on the mechanisms of multiple lightning ground contacts proposed a then
new method, groupGCP of which Campos later used for a thesis. The algorithm be-
gins by sorting the strokes according to their SMA and a predetermined maximum
value. It then applies the K-means algorithm to output strokes with SMAs lower
than the maximum value by first obtaining the ground contacts points (GCPs) of
each flash. The next step calculates the error ellipse scale of each output SMA with
respect to the strokes with SMAs above the maximum value. The algorithm then
sorts the SMAs into GCP groups according to their SMA rankings [30].

Research on the characteristics of negative flashes with multiple GSPs employed
the use of JLDN in their methodology of GSP analysis. The network had 31 sensors
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in northern and southern parts of Japan by 2018. The geo-locations of the lightning
strokes were recalculated using one of the new techniques at the time, Propagation
Delay Correction (PDC), that had been use to improve locating algorithms that bet-
ter select the sensor message of a return stroke [31].

The research on LLSs used various methods to validate ground-strike points in their
paper. One of the methods was LLS self-reference which is statistical analysis of the
parameters output by the LLS such as standard deviation of sensor timing error
and semi major axis length of the 50% confidence ellipse. The second method uses
data, such as M-component and peak current from tall object and rocket as ground
truth data. The third method makes use of video camera data to validate ground
strike points and the last method compares the performances of the LLSs against
each other [24].

3.3 Evaluation

With the improvement made to the JLDN, characteristics of negative flashes with
multiple GSPs research obtained a 3.5 arithmetic mean of number of strokes per
flash, this was found to be consistent with another study that focused on the thun-
derstorms in Brazil [16]. The ratio of the peak current to that of the first return stroke
was also larger in the New Ground Contact (NGC) at 0.82 than in the Pre-Existing
Channel (PEC) at 0.74 [31].

The network of the model in the research was able to detect an increased number
of strokes with the new technique with 50% of the flashes having multiple GSPs
and the mean number of GSP per flash was 2.0. 21% of the points received multiple
strokes and the mean number of strokes per GSP was found to be 1.6 [31].

The data that was obtained from Austria and France in 2012 and 2013 respectively
on the research on validating GSP identification, consisted of 227 negative lightning
flashes and 767 strokes. 221 flashes and 691 strokes we matched with lightning data
which yielded DEs of 97% and 90% respectively. Out of 397 GSP, only 379 were
matched with lightning data, that is a DE of about 95%. 636 strokes were classified
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as either NGC or PEC, bringing the discriminatory efficiency to 83% [32].

The research on the mechanisms of multiple lightning ground contacts used a data
set that consisted of 25 negative flashes with 144 return strokes and their optimal
parameters were input values of the validation algorithm, groupGCP. Using more
than one of the parameters, the performance efficiency of the model ranged be-
tween 96.5% and 98.2% for individual return strokes and 88% and 92% for the full
lightning flashes [30].

Another research on the GSP characteristics in negative downward lightning flashes
applied the K-means algorithms used in the other researches to the same lightning
data for model comparisons [10]. The results obtained from this research are sum-
marised in Table 3.1. The first algorithm was the research on validating GSP iden-
tification, the second algorithm was from the research on mechanisms of multi-
ple lightning contacts and the third algorithm was from characteristics of negative
flashes with multiple GSPs research.

TABLE 3.1: A table of summarised results obtained using three algo-
rithms used in the current literature [10].

Algorithm NGC (%) PEC (%) All strokes (%)
Meteorage K-
means

63.8 − 92.0 84.4 − 99.4 79.9 − 90.6

GroupGCP 64.6 − 95.3 87.6 − 99.4 80.3 − 94.4
Matsui K-means 98.3 − 99.1 63.8 − 79.3 83.1 − 89.7

The first algorithm was able to classify New Ground Contact lightning strokes
with an accuracy range of 60.8% − 92.0%, while the second and third algorithms
had accuracy ranges of 64.6% − 95.3% and 98.3% − 99.1% respectively. The Pre-
Existing Contacts of lightning strokes were classified with an accuracy range of
63.8% − 79.3% by the third algorithm and the first and second algorithms had ac-
curacy ranges of 84.4% − 99.4% and 87.6% − 99.4% respectively. Overall the three
algorithms had accuracy range of 79.9% − 94.4%.
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Chapter 4

Research Methodology

The current state-of-the-art makes use of K-means model to analyse and identify
ground-strike points. As observed in the current literature, research on validating
GSP identification employed a K-means algorithm to validate their ground-strike
points data [32]. Research on mechanisms of multiple lightning ground contacts
suggested a new approach to the K-means model and applied it to the U.S National
Lightning Detection Network [30, 34]. The K-means models rely on a user defined
distance threshold which bring about an uncertainty as it is unknown variable [30,
31, 32].

This research proposes using Bayesian Network (BN) to classify lightning ground-
strike points (GSPs). Bayesian statistics have been proposed and applied to assess
the performance of LLSs and to verify GSPs on other researches lightning locating
systems [11, 12] and produced good results, therefore paving a way for BN to be
used in this field. Unlike K-means models BN do not required a user defined dis-
tance threshold.

In this chapter the research design will be discussed in the first section and the
data in the second section. The methods of the research are discussed in the third
section, the analysis in the fourth section and the possible limitations of the research
in the fifth section of the chapter. The final section discusses the significance of the
research.
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4.1 Research Design

For this research report, we propose using Bayesian networks for ground-strike
point analysis. A Bayesian network is a type of a probabilistic directed acyclic graph
(DAG) [35, 36]. A DAG is a graphical model that consists of nodes and directed
edges, the nodes are variables and the directed edges serve as connections between
adjacent nodes [36, 37]. The directed edges follow a path in which they do not cycle
back to the initial node [37]. A Bayesian network is DAG that incorporates Bayesian
statistics in its framework to achieve its objective [36].

Bayesian networks afford simplicity by being compact because the conditional prob-
ability of each variable is dependent on the joint probability of the parent variables,
which are the variable directly linked to them [35]. The joint probability of Bayesian
network is described by;

P(x1, x2, ..., xn) =
n

∏
i=1

P(xi|pxi), (4.1)

where xi are variables and pxi are the parent variables [36, 38].

Figure 4.1 is diagram that depicts a Bayesian network with six variables that is not
fully connected because not all the nodes in the DAG have edges between them.
The joint probability if network is P(x1, x2, x3, x4, x5, x6). Expanding joint probabil-
ity by using the Bayesian theorem chain rule and then applying Equation 4.1 we
find;

P(x1, x2, x3, x4, x5, x6) = P(x1)P(x2)P(x6)P(x3|x1, x2)P(x4|x3)P(x5|x3, x6). (4.2)

Learning of a Bayesian network aims to obtain a model that can be described the
joint probability distribution of the variables using a data sample. It is an impor-
tant step as it allows for density estimation which helps to make inference queries,
specific predictions which is suitable for training models that can be used to predict
values in future data, and knowledge discovery which helps with the analysis of
the data [40]. Bayesian network models can be learned through different methods,
structure learning and parameter learning.
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FIGURE 4.1: A Bayesian Network schematic diagram, adapted from
Zhang and Poole [39]. x1 and x2 are parents of x3, x3 and x6 are parents

of x5 and x4 is a descendant of x3.

Parameter learning works by estimating the parameters of a fixed Bayesian network
model and a fully data set with the variables in the model. Parameter learning can
be achieved by applying the Maximum Likelihood Estimation (MLE) or Bayesian
statistics [40]. Inference is the reduction of a global probability distribution to a
conditional probability of the observed variables [41]. Inference is used in Bayesian
networks to make probabilistic queries of a variable given a certain event [40, 41].
It can also be used to fill in missing data [40].

Structure learning is a key factor to knowledge discovery, as it allows one to ob-
serve the correlation of the variables. There are three approaches one can do to per-
form structure learning from data. There is score-based structure learning, which
employs statistics in its learning procedure. Each potential model is seen as a sta-
tistical problem, then a scoring function is used to fit each model to the data. The
model with the highest score is the most suitable one [40].

Constraint-based structure learning assumes a Bayesian Network as a representa-
tion of variable independence. A conditional dependence and independence is run
for all the variables in the data and then a model that is suitable is created [40].
Bayesian model averaging is a method that creates multiple models and combines
the models to obtain the the average [40].
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Bayesian Networks make use of various algorithm for structure learning such as
Hill Climbing and Tabu search. Tabu search is a heuristic algorithm with the ability
to optimise graphical models. Tabu search iteratively searches for the minimum of
a given objective function [42]. The algorithm sets a random minimum from the set
of variables of the objective function and continuously compares it to the next value
until the minimum is found [42].

Bayesian Network,like other probabilistic models, rely on probabilistic model se-
lection to identify a model that best fits the particular data by scoring the models
[43]. There are various scoring functions such as Gaussian log-likelihood, Akaike
Information Criterion (AIC) and Bayesian Information Criterion (BIC). Gaussian
log-likelihood is defined as [44]:

Lk =
n

∑
i=1

log fk(xi),

where by fk is the Gaussian function:

f (xi) =
1√

2πσ2
e
−1
2

(xi−µ)2

σ2 .

AIC function estimates the variance between the data use to generate the model
and the fitted potential model [45]. The function is defined as;

AIC = −2 ln L(Θi|x) + 2k

where by L is the likelihood function and k is the dimension of the parameters of
the model [45].

BIC is similar to AIC has in computes the variance between the data and the poten-
tial model but the BIC aims to transform the posterior probability of the model [46,
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47]. The BIC scoring function is defined as:

BIC = −2 ln L(Θi|xj) + 2k ln (n)

where k is the number of model parameters, n is the number of data records and L
is the the likelihood function which is the probability density function [46]. Θi are
vectors of parameters in the model and xj is the observed data [48].

Derivation of BIC

BIC was introduced for independent, identically distributed observations, and lin-
ear models [49], with the assumption that the likelihood is from the regular expo-
nential family [40, 46]. The criterion selects a model by maximising the posterior
probability of a potential model from a data set [46, 48, 49]. The posterior probabil-
ity is described by:

P(Mi|xj) =
P(xj|Mi)P(Mi)

P(xj)
(4.3)

where P(xj) is the marginal probability distribution of the data and P(Mi|xj) is the
marginal likelihood of the model [46, 48].

To maximise the the posterior probability of a potential model, Equation 4.3 is con-
sidered a continuous function given that there are unlimited number of potential
model and thus it described as:

P(Mi|xj) =
P(Mi)

P(xj)

∫
Θi

L(Θi|xj]) f (Θi|Mi)dΘi (4.4)

where the integral is the continuous function of the likelihood of a model given the
vector parameters of the model and the the prior distribution of the parameters of
the model as L(Θi|xj]) and f (Θi|Mi) respectively [46, 48].
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From Equation 4.4

P(Mi|xj) =
P(Mi)

P(xj)

∫
Θi

L(Θi|xj]) f (Θi|Mi)dΘi (4.5)

−2 ln P(Mi|xj) = 2 ln P(xj)− 2 ln P(Mi)− 2 ln
∫

Θi

L(Θi|xj]) f (Θi|Mi)dΘi (4.6)

2 ln P(xj) is a constant and thus cannot be maximised, −2 ln P(Mi|xj) is defined as
the model selection S(Mi|xj) [46]. The first part of the integrand can be expanded
into a Taylor expression,

ln L(Θi|xj]) ≈ ln L(Θi|xj]) + (Θi − Θ′
i)

∂ ln L(Θ′
i|xj])

∂(Θi

+
1
2
(Θi − Θ′

i)

[
∂2 ln L(Θ′

i|xj])
2

∂(ΘiΘ′
i)

]
(Θi − Θ′

i)

L(Θi|xj]) ≈ L(Θi|xj]) exp
1
2
(Θi − Θ′

i)[I](Θi − Θ′
i)

where I =

[
− 1

n
∂2 ln L(Θ′

i |xj])
2

∂(ΘiΘ′
i)

]
thus the integral becomes [46, 48]:

∫
Θi

L(Θi|xj]) f (Θi|Mi)dΘi = L(Θ′
i|xj)

∫
Θi

exp
(
− 1

2
(Θi − Θ′

i)[I](Θi − Θ′
i)
)

× f (Θi|Mi)dΘi

The integral on can be approximated by its symmetry to obtain:

∫
Θi

exp
(
− 1

2
(Θi − Θ′

i)[I](Θi − Θ′
i)
)

f (Θi|Mi)dΘi = (2π)i/2|I|− 1
2 (4.7)

and now replacing Equation 4.7 into the into Equation 4.6 to obtain [46, 48]:

S(Mi|xj) = −2 ln P(Mi)− 2 ln
(

L(Θ′
i|xj)(2π)i/2|I|− 1

2

)
(4.8)

≈ −2 ln L(Θ′
i|xj)− 2k ln n (4.9)
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Bayesian Networks are advantageous since the are no assumptions that are needed
to be made about the data prior to creating models and they are suitable for small
data. The networks created can show which features have a direct effect on the
target value and how the features are connected to each other from the data. The
BN models can be used to predict outcomes of target by means of inference.

4.2 Data

4.2.1 Data Acquisition and Description

The data that is used was provided by Dr. Hugh Hunt and was recently used in a
research about global GSP characteristics in negative downward lightning flashes
which he contributed to [8]. The data that is used for this analysis was acquired
in the city of Johannesburg, South Africa (SA) by SALDN between 2017 and 2019
[8]. The data was from SALDN consist of 15 features and had 1311 entries with no
missing data. The 13 features described in Table 4.1 are directly measured by LLSs.

Another feature, Flash Number, is an added feature which is used to categorize the
lightning strokes according to the IEC 62585. Strokes that have inter-stroke delay
of 500 milliseconds and have a maximum distance of 10 kilometers between them
are categorized as a single flash [6]. The ground truth data set is represented by
the feature strike point. The ground truth data was obtained using high speed
cameras which are able to capture occurring events to the millisecond to validate
GSP locations of each strike point.

Figure 4.2 is an image representation of a lightning flash number 74 from the data
over a map of Johannesburg. The red bold crosses on the map are GSP locations
of strokes captured by the LLSs. From the figure, there are multiple strokes in the
same region and a few scattered further from the cluster. Table 4.2 shows the raw
data of flash 74. The fourth column, strike point, is the confirmed location of each
stroke and is observed with a high speed camera.

High speed cameras are have been used to capture lighting strokes and lightning
flashes for observation and to learn about the characteristics of various types of



22

TABLE 4.1: A table of descriptions of features of the data.

Feature Description
Year The year which the lightning stroke was cap-

tured by the LLSs.
Month The month which the lightning stroke was

captured by the LLSs.
Day The day which the lightning stroke was cap-

tured by the LLSs.
Time The time which the lightning stroke was cap-

tured by the LLSs in hours:minutes:seconds.
Latitude (Lat) The latitude of the lightning GSP in degrees.
Longitude (Long) The longitude of the lightning GSP in de-

grees.
Peak current (Peak_kA) The peak current measured during a light-

ning stroke in kilo amperes
Chi-square chi square measurement of the GSP location.
Semi-major axis (ell_smaj) The distance from the GSP to the edge of the

semi-major axis of the uncertainty ellipse in
kilometres.

Semi-minor axis (ell_smin) The distance from the GSP to the edge of the
semi-minor axis of the uncertainty ellipse in
kilometres.

Ellipse angle (ell_angle) The orientation angle of the uncertainty an-
gle.

Degrees of freedom (freedom) The number of independent variables.
Number of detectors (num_dfrs) The number of detectors that captured a par-

ticular lightning stroke.

flashes [50, 51, 52] such as in a research about high speed observation of lighting
over Johannesburg, South Africa [53]. The images are can also be used to validate
the locations of the GSPs and thus be used ground truth data.

Strokes that are at strike point 1 are enclosed in green triangles and those that are
at strike point 2 are enclosed in the blue rectangle on Figure 4.2. The images of the
two strike points captured by a high speed camera can be seen on Figure 4.3. Strike
point 1 on 4.3a appears to be on on the left while strike point 2, 4.3b, is on the right
and slightly farther than strike point 1. The time stamps on the two images show
that the strokes occurred within a tenth of a second apart from each other and thus
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FIGURE 4.2: A picture of flash 74 plot on Johannesburg map. Strokes
that are at strike point 1 are enclosed in green triangles and those that

are at strike point 2 are enclosed in the blue rectangle.

they a part of the same lightning flash. 4.3c is a stacked image of the two images to
show the GSPs of the lightning strokes.
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(A) A low resolution image of lighting
stroke 1 with its time stamp at the first
GSP captured with high speed camera

by Dr Carina Schumann

(B) A low resolution image of lightning
stroke 2 with time stamp at the second
GSP captured with high speed camera

by Dr Carina Schumann

(C) A superimposed low resolution im-
ages of strokes 1 and 2 each at its GSP

FIGURE 4.3: Images of strike point
1 and 2 from flash 74 captured with
a high speed camera by Dr Carina
Schumann. Image 4.3a is of the
strike point 1 and image 4.3b is of
strike point 2. Strike point 1 appears
to be on on the left while strike point
2 is on the right and slightly farther.
Image 4.3c is a stacked image of im-
ages 4.3a and 4.3b to show the two

GSPs [53]
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4.2.2 Preprocessing

The semi-major and semi-minor distances were converted from km to degrees to
make the variable units consistent. Time was also converted from hours: minutes:
seconds to seconds so that the it is able to be read by the program as a float. The
data set had 463 flashes whereby 213 of them are single-stroke and 250 of them are
multi-stroke. Single-stroke flashes were excluded from the research as they do not
have a PSP variable.

4.3 Methods

The aim of this analysis was to determine the GSP of stroke given the GSP of the
previous stroke in flashes that have more than one stroke. To make such predic-
tions, another feature was added, Previous Strike Point (PSP). First, the data was
categorised according the flashes, then single stroke flashes were removed as they
are not significant for the purpose of the project. The strokes labels in each flash
were observed and used to determine the value of the PSP.

If a stroke label is the same as the previous one, PEC, then the PSP label for that
entry is 1, NGC, if it is not the same then the PSP label is 0. The data has more strike
points classified as NGC than PEC, this is alignment with the observation made in
the research of global GSP characteristics in negative downward flashes [8], which
then creates a class imbalance. It should also be noted that the initial stroke of each
flash was removed since it does not have a PSP value.

BN-learn is an R package that is capable of Bayesian network modelling analysis
by means of structure learning, parameter learning and inference [54]. The pack-
age contains algorithms for data pre-processing, inference, parameter learning and
structure learning combining data and prior knowledge [54], that are necessary for
Bayesian network modelling. It is capable of handling discrete Bayesian networks,
Gaussian Bayesian networks and conditional linear Gaussian Bayesian networks
using real data [54].
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Five Bayesian network models were created using the data. For each model a k-
fold cross validation was run 50 times on the data to obtain the mean classification
errors and their standard deviations. This is done to evaluate how well the models
are expected to perform. K-fold cross validation is a training method whereby the
training data is divided into k = 10 samples, then k − 1 samples trained while the
other sample is used as the testing sample. The algorithm is repeated until all the
samples have been used as a testing sample then the average loss is calculated as
the performance measure.

The models were learned using a score-based structure learning procedure with
tabu search. The first model included all the variables and was learned from the
raw data. The second model was learned with all the variables with the date in-
formation set as conditional dependencies of PSP. The third model excluded dates
and times while the fourth model excluded dates, times and ellipse information.
Both these models had number of sensors and degrees of freedom set as parent
nodes of PSP. The last model was created using Time, Strike point, PSP, Latitude
and Longitude and ellipse information.

4.3.1 Algorithm

The algorithm used to create the models using a structure learning procedure with
tabu search algorithm and Bayesian Information Criterion. The full code can be
accessed on Github repository: https://github.com/Lwano31/BN_models

1. Set up conditional dependencies from the data

2. Learn the best fitted DAG from data with dependencies

3. Do a cross validation on the DAG where; data = data,DAG,runs = 50

4. Calculate the loss with target = PSP

5. Predict the output from the fitted DAG

6. Plot DAG

7. Repeat algorithm for other models

https://github.com/Lwano31/BN_models
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4.4 Analysis

The performance of the models were evaluated using a confusion matrix which
is suitable for the analysis of a binary classification model [55]. Figure 4.4 is a
schematic of a confusion matrix with positive and negative values of the true and
predicted classes. It computes the ratio of true predictions and false predictions by
comparing the model results to the actual data. From a confusion matrix, other per-
formance measures can be computed such accuracy, precision and recall [55]. The
ground truth data can be used to validate the results from the Bayesian network
using this analysis.

FIGURE 4.4: A schematic of a confusion matrix, adapted from Mohajon
[56].

TP is the number of true positives, where the predicted value and the true value
are both positive. FP is the number of false positives, where the predicted value is
positive while the true value is negative. TN is the number of true negatives, where
both the predicted value and the true value are negative. FN is the number of false
negatives, where the predicted value is positive but the true value is negative.

Precision measures the model’s ability to predict the positive labels correctly [55],

Precision =
TP

TP + FP
. (4.10)



29

Recall measures the model’s ability to obtain all positive labels [55],

Recall =
TP

TP + FN
. (4.11)

F1-score measures the harmonic mean of precision and recall [55],

F1 − score =
2 × Precision × Recall

Precision + Recall
. (4.12)

Accuracy measures the percentage of accurately classified labels [55],

Accuracy =
TP + TN

TP + TN + FP + FN
. (4.13)

Other performance measures that are used are balanced accuracy and kappa statis-
tic. Kappa statistic is measure of agreement between the actual target and the pre-
dicted target [57] and a balanced accuracy is the arithmetic mean of the recall of
each label [55], both these performance measures are able to take into account a
class imbalance.

4.4.1 Baselines

• Naive Bayes classifier constructs a Bayesian probabilistic model that allocates
a posterior class probability to a target value. It is based on the assumption
that all the other variables are independent from each other but have a condi-
tional dependence on the target value [58].

• Multilayer (ML) perceptron intakes multiple variables, assigns weights to
them, sum them up to produce a binary output [59]

• Logistic regression is similar to ML perceptron but employs an activation func-
tion such as a sigmoid function to obtain an output [59].

• Random tree is a decision tree created by a learning algorithm that generates
individual learners from random data sets [60]

• Random forest is a combination of tree classifiers whereby each tree depends
on a random vector of which it was sampled independently and with the same
distribution of all the trees in the forest [61].
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• Sequential Minimal Optimization is an algorithm that employs Lagrangian
multipliers to optimize Support Vector Machine (SMV), a hyperlane that sep-
arates binary classes [62].

4.5 Technical Contributions

This method introduces an algorithm that does not require a a user defined distance
parameter, it relies on LLS data features. The method introduces the use of proba-
bility to classify GSPs. The method could possibly lead to the discovery of the most
significant features of the data for lightning GSP classification from the conditional
dependencies between the the features and target value.

4.6 Limitations

The methods has various limitations due to the tools used and the type of data.
The data is a hybrid of discrete and continuous data, of which BN-learn has only
one loss function that is suitable. BN-learn only has two algorithms for maxima
and minima search. Another limitation of BN-learn is that discrete nodes can only
be parent nodes of continuous nodes, even with prior knowledge of a continuous
node being a parent of a discrete node, the library does not allow that.
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Chapter 5

Results and Discussion

The aim of this research report was to classify lighting strokes in each flash by
means of a Bayesian Network. The method is a different approach to the current
methods found in the literature that use various algorithms of K-means. The objec-
tives of the research are; to obtain lightning data, to select the relevant features, to
categorise the data set into relevant lightning flashes according to the IEC 62858, to
develop a Bayesian network model to fit the data and to analyse the performance
of the model.

This chapter describes the results obtained from applying the methods and perfor-
mance measures discussed in Chapter 4 in the first section. The second section of
this chapter of the research discusses the results. The third section discusses the
contribution of the research, the fourth section discusses the limitations and the
fifth section summarises the results and discussion section.

5.1 Results

5.1.1 Directed Acyclic Graphs

Figure 5.1-Figure 5.5 are the Bayesian networks produced using a score-based struc-
ture learning procedure on bn-learn with tabu search with BIC scoring function that
is suitable for data that hybrid of continuous and discrete. The green highlighted
nodes are the PSP, which the target value and its parent node, and the edges from
the parent nodes to the target node are highlighted in navy blue.
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In the first model, Figure 5.1, the probability distribution of PSP has a conditional
dependence on year. The second model, Figure 5.2, shows that PSP depends on
year, month, day and number of sensors and third Bayesian network model, Fig-
ure 5.3, shows that in these the probability distribution of PSP has a conditional
dependence on flash number and number of sensors. The fourth model, Figure 5.4,
shows that on this model probability distribution of PSP has a conditional depen-
dence on flash number and number of sensors. On the last model, Figure 5.5, PSP
is a parent node and has no dependence on other features.

FIGURE 5.1: Model 1 Bayesian network diagram. The parent node of
PSP is Year and strike point is a descendant of PSP

The first model, Figure 5.1, was learned with all the variables from the LLSs data
without any conditional dependencies set. This resulted in the probability distribu-
tion of PSP has a conditional dependence on Year. The descendent node of PSP is
the semi-minor axis of the uncertainty ellipse.

The second model, Figure 5.2, was learned with all the variables from LLSs. The
model had set conditional dependencies of the target value. The model shows that
PSP depends on year, month, day and number of sensors. The descendent node of
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FIGURE 5.2: Model 2 Bayesian network diagram. The parent nodes of
PSP are number of sensors,Year, Month and Day while strike point is

a descendant of PSP.
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PSP is the semi-minor axis of the uncertainty ellipse.

FIGURE 5.3: Model 3 Bayesian network diagram. The parent nodes of
PSP are number of sensors and flash number, PSP is a parent node of

strike point.

The third model, Figure 5.3, was learned with the exclusion of Year, Month, Day and
Time features from the LLSs data. The BN model was learned with conditional de-
pendencies set on the target value. The parent nodes of PSP are number of sensors
and degrees of freedom. The descendent node of the target value is the semi-minor
axis of the uncertainty ellipse.
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FIGURE 5.4: Model 4 Bayesian network diagram. The parent nodes of
PSP are number of sensors and flash number, PSP is a parent node of

strike point.

The fourth model, Figure 5.4, was learned with only a few selected LLSs data vari-
ables; latitude and longitude positions of the GSP, peak current of the lightning
stroke, chi-square, degrees of freedom and number of sensors. The model was set
with the target value having conditional dependencies on degrees of freedom and
number of sensors.
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FIGURE 5.5: Model 5 network diagram. The parent node of strike
point is PSP.

The fifth model, figure Figure 5.5, was learned with time, longitude, latitude, semi-
major and semi-minor axes of the uncertainty ellipse and the angle of the uncer-
tainty ellipse. The target value, PSP is a parent node and has no conditional de-
pendence on other features. The descendants of PSP are time, longitude and the
semi-major axis of the uncertainty ellipse.

5.1.2 Performance Measures

Table 5.1 summarises the overall performances of the models. Model 1 has an accu-
racy of 86.7%, its balanced accuracy is 73.6% and its kappa statistic is 0.53. Model 2
has an accuracy of 93.9%, a balanced accuracy of 88.0% and its kappa is 0.76. Model
3 has an accuracy of 90.5%, a balanced accuracy of 81.8% and its kappa is 0.64.
Model 4 produced an accuracy of 90.8%, a balanced accuracy of 81.1% and kappa
of 0.65. The last model output an accuracy of 88.8%, balanced accuracy of 77.3%
and a kappa statistic of 0.57.
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TABLE 5.1: Overall model performances with accuracy, balanced ac-
curacy and kappa statistic

Model Accuracy Balanced Accu-
racy

Kappa

Model 1 86.7% 73.6% 0.53

Model 2 93.9% 88.0% 0.76
Model 3 90.5% 81.8% 0.64

Model 4 90.8% 81.1% 0.65

Model 5 88.8% 77.3% 0.57

Table 5.2 summarises how well the models able to classify the labels. Model 1 pro-
duced precision scores of 70.0% and 91.2%, recall scores of 51.5% and 95.8%, and
F1-score of 59.3% and 93.4% for NGC and PEC respectively. The second model re-
sulted with precision scores of 81.8% and 96.1%, recall scores of 79.4% and 96.6%,
and F1-score of 80.6% and 96.4% for NGC and PEC respectively.

The third model has precision scores of 70.4% and 94.1% for NGC and PEC respec-
tively, their recall scores are 69.1% and 94.5% and F1-scores are 69.9% and 94.3%.
Model 4 output a precision score of 73.4% and 93.8%, a recall of 66.9% and 95.4%,
and an F1-score of 70.0% and 94.6% NGC and PEC. The last model output a preci-
sion score of 66.7% and 92.6%, a recall of 60.3% and 94.2%, and an F1-score of 63.3%
and 93.4% for NGC and PEC.

Figure 5.6 depicts the box plots of the classification errors of the k-fold cross valida-
tion of the five BN models over 50 runs. The classification errors of the first model
reach a maximum of 0.126, a minimum of 0.108 and a median of 0.118. There an
outlier below the minimum at 0.106. The lower and upper quartile of the classifica-
tion errors are 0.114 and 0.12 respectively.

Table 5.3 summarises the K-fold cross validations of the data on each model and the
mean classification errors and standard deviations were obtained, these were done
with k value of 10 and 50 runs. The first model has a mean error of 0.12 and a stan-
dard deviation of 0.0042. Model 2 has a mean error of 0.15 and a standard deviation
of 0.0051. Model 3 has mean error of 0.13 with a standard deviation of 0.0045. The
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TABLE 5.2: Predictive performance of target value for each model with
precision, recall and f1-scores

Model Precision Recall F1-score
Model 1 NGC 70.0% 51.5% 59.3%
Model 1 PEC 91.2% 95.8% 93.4%
Model 2 NGC 81.8% 79.4% 80.6%
Model 2 PEC 96.1% 96.6% 96.4%
Model 3 NGC 70.7% 69.1% 69.9%
Model 3 PEC 94.1% 94.5% 94.3%
Model 4 NGC 73.4% 66.9% 70.0%
Model 4 PEC 93.8% 95.4% 94.6%
Model 5 NGC 66.7% 60.3% 63.3%
Model 5 PEC 92.6% 94.2% 93.4%

fourth model has a mean error of 0.13 with a standard deviation of 0.0046. The last
model has a mean of 0.12 and a standard deviation of 0.0032.

TABLE 5.3: K-fold cross validation results, with a mean classification
errors of the target value and their standard deviations.

Model Mean Classification error Standard deviation

Model 1 0.1174 0.0042

Model 2 0.1494 0.0051

Model 3 0.1294 0.0045

Model 4 0.1293 0.0046

Model 5 0.1248 0.0032

The classification errors of the second model reach a maximum of 0.159 with two
outliers above the maximum at 0.162 and 0.163. They have a minimum of 0.138
and their median is 0.149. The lower and upper quartile are 0.146 and 0.152 respec-
tively. The classification errors of the third model reach a maximum of 0.151 and a
minimum of 0.122. Their median is at 0.129, the lower quartile is 0.127 and upper
quartile is 0.134.

The classification errors of the fourth model have a minimum of 0.119, a median of
0.130 and the maximum of 0.140. The lower quartile is 0.127 and the upper quartile



39

is 0.134. The lower quartile The last model output classification errors that have a
minimum of 0.118, a median of 0.124 and a maximum of 0.132. The lower quartile
is 0.123 and the upper quartile is 0.128.

FIGURE 5.6: Classification error bar with confidence intervals

5.2 Discussion

This section discusses the results obtained from the five BN models and their impli-
cations. These results will also be compared to the results obtained in global GSP
characteristics in negative downward lightning flashes research from the K-means
models that are used in current literature [10]. The performance of the BN models
will be compared with the performance of a variety of other classifier models that
are used as baselines in this research.
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5.2.1 BN models Discussions

Model 1 in Figure 5.1 which was learned using all the variables and it shows that
the target value depends only on the year. The model produced the lowest accuracy
and the lowest kappa index. This could be an indication that Year as the only parent
node of the target value may not be sufficient. The model was able to predict PEC
strokes with more precision compared to NGC strokes.

This model produced lowest mean classification error during k-fold cross valida-
tion. The model classification error is slightly skewed downwards, this implies that
the classification error is most likely to be less than 0.118, which is confirmed by the
mean classification error at 0.117. The classification error has a low inter-quartile
range and standard deviation, this means the mean classification error lies within a
narrow region.

Model 2 in Figure 5.2 was learned using all the variable. The conditional depen-
dence of the target value were set to be date information and number of sensors.
This model produced the highest accuracy of 93.9% and a kappa statistic of 0.76
even though it had the highest mean classification error. This model predicted
strokes in the same GSP as the previous strokes with a precision of 96.1% and
strokes at the same GSP with a precision of 81.8% which is the highest.

The model classification error is the highest of all models but it is not skewed, the
error is evenly spread around the mean which is also the median. The classification
error has a highest standard deviation, which means it has a wide spread around
the mean. This implies that the mean classification error has a higher uncertainty
but this is due to the outliers above the maximum. The inter-quartile range is 0.021,
which infers that the mean classification error is most like to be between a narrower
region and its uncertainty is lower than what the standard deviation suggests.

Model 3 in Figure 5.3 was learned with the exclusion of date and time. The Bayesian
network shows that the target value has degrees of freedom and number of sensors
as its parents. The model produced the third highest accuracy and kappa statistic.
This implies that the exclusion of time and date reduces the model’s ability to iden-
tify GSPs particularly because from the previous model, date and time were parent
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nodes of the target value.

The median of the classification error is the third highest but the data skewed up-
wards, which implies that the mean classification error is most likely to be higher
than the median which can be observed on Table 5.3. The model also has the high-
est inter-quartile range which suggest the spread around the mean is wide thus the
uncertainty of the mean classification error is high.

Model 4 in Figure 5.4 excluded date, time and the ellipse information. The model
has the target value with degrees of freedom and number of sensors as its parents
nodes just as the third model. The model produced results that are slightly higher
than in the previous model, making it the second best performing model by a small
margin. This implies that ellipse information does not affect the target value which
is evident given that the ellipse information are not parent nodes of target value.

The classification error of the fourth model slightly different from the third model’s
classification error. The median is slightly higher but the data is less skewed and
also skewed downwards which implies that the mean is lower than the median, this
observed in Table 5.3. The model also has a the highest inter-quartile range just as
the third model, implying that the uncertainty around the mean classification error
is high.

Model 5, Figure 5.5 was learned using only the ellipse information and time. The
target value is parent node has multiple dependencies, this is due to the architec-
ture of bn-learn library as it does not allow continuous data to be parent nodes of
discrete data. This model produced the lowest accuracy and kappa statistic even
though it produced a mean classification error that almost he same as the two pre-
vious model.

The classification error of the fifth model has the smallest range and inter-quartile
range, which implies that the data is spread across a narrow region which is evident
from the standard deviation of the mean classification error in Table 5.3. The data
is also slightly skewed upwards which indicates that the mean classification error
is most likely to be above the median of which it can observed in Table 5.3.
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Although model 1 was expected to perform better than all the other models due to
the mean classification error being the lowest at 0.1174, the model 2 outperformed
the other models even with having the highest mean classification error. This is ev-
idence that BN works better with set conditional dependencies, even though BNs
are capable of finding conditional dependencies of the features, some prior knowl-
edge of how the features relate to each other creates a better working model.

All the models were affected slightly negatively by the class imbalance as the results
show that the precision, recall and f1-scores were lower for strokes with different
GSPs than their previous strokes. It also reflected by the balanced accuracies, which
are lower than the accuracies. The kappa statistics for all the models is high, which
shows that there is high agreement between the actual target values and the pre-
dicted targets.

5.2.2 Baselines Discussions

The data was trained using other Machine Learning algorithms with k-fold cross
validation. The algorithms are all obtained on Weka, a java software for machine
learning algorithms [63]. The algorithms; Naive Bayes, Logistic regression, Multi-
layer perceptron, Random trees, Random forest and Specific Minimal Optimization
(SMO) were compared with BN results as shown on Table 5.4.

BN produced better predictive performances than all the algorithms. All the al-
gorithms show a similarity with lower performance when identifying NGCs. This
may be due to the class imbalance of which BN handled it better given that it pro-
duced significantly higher results. Naive Bayes and SMO produced the second best
results in identifying the GSPs while Random tree had the poorest results of all the
algorithms.
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TABLE 5.4: Predictive performance of target value using other ma-
chine learning algorithms as baselines with precision, recall and f1-

scores

Classifier Precision Recall F1-score
Bayesian Net-
work NGC

81.8% 79.4% 80.6%

Bayesian Net-
work PEC

96.1% 96.6% 96.4%

Naive Bayes NGC 61.6% 56.6% 59.0%
Naive Bayes PEC 91.8% 93.3% 92.5%
Logistic NGC 54.1% 44.1% 48.6%
Logistic PEC 89.7% 92.8% 91.2%
ML Perceptron
NGC

58.6% 47.8% 52.6%

ML Perceptron
PEC

90.4% 93.5% 91.9%

Random forest
NGC

50.8% 22.8% 31.5%

Random forest
PEC

86.7% 95.8% 91.0%

Random tree
NGC

43.0% 40.4% 41.7%

Random tree PEC 88.8% 89.7% 89.2%
SMO NGC 61.6% 56.6% 59.0%
SMO PEC 91.8% 93.3% 92.5%

TABLE 5.5: Overall model performances using other machine learning
algorithms as baselines with accuracy and kappa statistic

Classifier Accuracy Kappa

Bayesian Network 93.9% 0.76

Naive Bayes 87.4% 0.52

Logistic regression 85.0% 0.40

ML Perceptron 86.2% 0.45

Random forest 84.1% 0.24

Random tree 81.8% 0.31

SMO 87.4% 0.52
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The model accuracies for the algorithms and their kappa statistic are shown on Ta-
ble 5.5. Even though the all the algorithms produced high accuracies, BN output
the highest model accuracy. BN also had the highest kappa statistic, with Naive
Bayes and SMO having the second best kappa statistic. This means that there is a
moderate agreement between the actual target values and predicted target values
from the Naive Bayes and SMO algorithms while BN has a substantial agreement
between the actual and predicted target values.

The ML perceptron also had a moderate agreement between the actual target values
and the predicted target values. Logistic regression, random forest and random
tree had the lowest model accuracies and the agreement between the actual target
values and predicted target values is fair, which is the lowest strength of agreement
from the algorithm.

5.2.3 K-means and BN Discussion

Table 5.6 summarises the results obtained in global GSP characteristics in negative
downward lightning flashes research [10] using the three K-means algorithms used
in the current literature; Matsui K-means, GroupGCP and Meteorage K-means algo-
rithms that are described in Chapter 4 and the results obtained from the BN models.
The table summarises the performances of the models in identifying NGC strokes,
PEC strokes and overall model performances.

TABLE 5.6: Summarised results from global GSP characteristics in neg-
ative downward lightning flashes research [10] using three algorithms
used in the current literature combined with the results from BN mod-

els

Algorithm NGC (%) PEC (%) All strokes (%)
Meteorage K-
means

63.8 − 92.0 84.4 − 99.4 79.9 − 90.6

GroupGCP 64.6 − 95.3 87.6 − 99.4 80.3 − 94.4
Matsui K-means 98.3 − 99.1 63.8 − 79.3 83.1 − 89.7
Bayesian Net-
work

66.7 − 73.4 91.2 − 96.1 86.7 − 93.9
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The K-means algorithms rely on a predetermined distance threshold and other var-
ious conditions to achieve GSP analyses. For the purpose of their investigation,
global GSP characteristics in negative downward lightning flashes research created
models whereby the distance threshold was used a control variable [10]. Six dis-
tances were selected as the threshold; 0.2 km, 0.5 km, 1 km, 2 km, 5 km and 10 km,
all of which are within the distance that the IEC 62585 has set as the maximum dis-
tance between strokes that belong to the same flash.

The K-means algorithms designed at Meteorage is able to identify NGC strokes at
the range between 63.8% and 92.0%, and PEC strokes at a range between 84.4% and
99.4%. This implies that the model is capable of identifying PEC strokes accurately
better than it identifies NGC strokes. The model is able to identify 90.6% of all the
strokes accurately at most.

The GroupGCP algorithm is able to identify NGC strokes at the range between
64.6% and 95.3%, and PEC strokes at a range between 87.6% and 99.4%. This implies
that the model is identifies the PEC strokes better than it is capable of identifying
NGC strokes accurately like the Meteorage algorithm. The model is able to iden-
tify all 94.4% of all the strokes accurately, which is better than Meteorage algorithm.

The K-means algorithms designed for the research about characteristics of negative
flashes with multiple GSPs [31] is able to identify NGC strokes at the range between
98.3% and 99.1%, and PEC strokes at a range between 63.8% and 79.3%. This im-
plies that this model is better at identifying NGC strokes than than PEC strokes
which is very different from the GroupGCP and Meteorage models. The model is
capable of identifying 89.7% of all the strokes accurately, which is the lowest of all
the K-means algorithms.

BN model is able to identify NGC strokes at a range between 66.7% and 73.4%, and
PEC strokes at range between 91.2% and 96.1%. This implies that BN models per-
form better when identifying PEC strokes than NGC strokes, similar to Meteorage
and GroupGCP algorithms. The model is able to identify 93.9% of all the strokes
accurately at most.
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Comparing the results in global GSP characteristics in negative downward light-
ning flashes research [10] with the BN model results, it can be observed that the
range of accuracies of the BN models are within the range of all three algorithms,
GroupGCP has the best overall performance. The BN models identified NGC strokes
at a range of accuracies that were within the range of the Meteorage K-means and
GroupGCP algorithms but below the Matsui K-means. The K-means algorithms are
outperformed the BN models when identifying NGC strokes.

The accuracy range of the identification of strokes at the same GSP from the BN
models are within range of Meteorage K-means and GroupGCP algorithm and
above than the range of Matsui K-means algorithm. GroupGCP and Meteorage
algorithms are the best at identifying strokes that are at the same GSP as the previ-
ous strokes.

The use of BN for GSP analyses proves to not improve the lightning stroke location
validation, the K-means methods remain the best method thus far. Although the
K-means method rely on pre-determined distance parameter and other parameters
that are specific to each algorithm, they are easy to implement and produce high
accuracies.

5.3 Contributions

Bayesian Networks provide an algorithm that does not rely on a predetermined
parameter, distance, such as in the K-means algorithms. It relies on the data features
obtained from the LLS network. DAGs from BN models allow for one to visualise
how the data features are dependent or independent from each other and with the
model learning processes and inference one can deduce which features are most
significant given the conditional probabilities.

5.4 Limitations

BN-learn is a useful, particularly for obtaining DAG diagrams but it has some lim-
itations. BN-learn has only two score-based learning algorithms and four score
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functions for data with continuous and discrete features, which limits options for
this research. Continuous features could not be set to be parents of discrete features
due to the BN-learn. This impacted on negatively the model learning as it limits
how the models can be configured.

5.5 Summary

The lightning data was obtained supplied by co-supervisor, Dr. Hunt. All the fea-
tures that were from the LLS data were used for this research. Flash Number pa-
rameter, which is determined from Time, was used to categorize the data into flash
groups according to the IEC 62858 but was excluded in the model learning pro-
cesses as it is not data feature of the LLS. The data was categorised. BN models
were learned through a structure learning procedure and they were analysed using
a confusion matrix and a kappa statistic.

There were five BN models created, one of which was learned from raw data and
the rest were learned by setting conditional dependencies on the target value, PSP.
All the models output good results with accuracy range of 86.7%− 93.9%. The high-
est accuracy is slightly below the accuracy obtained with GroupGCP algorithm and
higher the Matsui and Meteorage algorithms.

Six baselines were created as comparisons of the BN models and they produced
good results but not better than BN. BN proved to be more capable of handling
imbalanced data as it output a high kappa statistic while the baseline algorithms
yield a poor kappa index with the exception of naive Bayes and SMO algorithms.
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Chapter 6

Conclusions and Future Work

The purpose of this research report was to introduce new application of BN to the
analysis of GSPs that has not been done yet to validate the locations of lightning
GSPs obtained by LLSs. A Bayesian network is a probabilistic directed acyclic graph
and is able to learn the joint probability distribution of random variables from a data
set which can be used to predict the GSPs of each lightning stroke.

The objectives of the research were; to obtain lightning data, to select the relevant
features, to categorise the data set into relevant lightning flashes according to the
IEC 62858, to develop a Bayesian network model to fit the data and to analyse the
performance of the model. The objectives of the research were achieved and the
results were obtained and evaluated.

The lightning data was supplied by co-supervisor, Dr. Hunt. All the features that
were from the LLS data were used for this research. Flash Number parameter,
which is determined from Time, was used to categorize the data into flash groups
according to the IEC 62858 but was excluded in the model learning processes as it
is not data feature of the LLS. The data was categorised. BN models were learned
through a structure learning procedure and they were analysed using a confusion
matrix and a kappa statistic.

Five Bayesian Network models were created using various combinations of the
variables. The first model was learned from the raw data and the other models
were learned from the data with assumptions about the joint probabilities. It was
expected that model 1 would outperform the other models given that it output the
lowest mean classification error during cross validation but model 2 produced the
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best results with an accuracy of 93.9% and a kappa index of 0.73.

There were six algorithms used as baselines for the BN models; Naive Bayes, logis-
tic regression, multi-layer perceptron, random tree, random forest and sequential
minimal optimization. They all produced good results but BN outperformed them.
The baselines and BN models were affected by the class imbalance of the data set
as the the minor class had significantly lower prediction results than the major class.

The K-means algorithms used global GSP characteristics in negative downward
lightning flashes research [10] performed better than the Bayesian network mod-
els. The highest accuracy of the Bayesian network models was slightly lower than
GroupGCP but higher than Meteorage and Matsui K-means. The other ML algo-
rithms produced good results but still lower than BN. This implies that BN is good
alternative to K-means algorithms.

The results from this research and the global GSP characteristics in negative down-
ward lightning flashes research [10] show that the BN models do not improve the
performance of GSP analyses. The K-means method remain the best methods for
GSP analyses. Although they rely on pre determined parameters, they are still easy
to implement.

6.1 Future Work

This analysis can be improved by using a distance threshold to determine the tar-
get value as used in the K-means algorithms. Even though k-fold cross validation
works well for imbalanced data, the problem could be alleviated by applying a
SMOTE technique during the pre-processing of data to make the minor class the
same amount as the major class.

Making use of other programming tools and libraries with Bayesian Network ca-
pabilities could be an interesting investigation, particularly to compare the results
with the ones obtained in this research. Another investigation that could be done
in future, would be to use the obtained DAGs from the BN models to learn the pa-
rameters of other lightning data from various LLSs such as the data used in global
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GSP characteristics in negative downward lightning flashes research from Brazil,
Austria, France, Spain and United States of America [10].
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Appendix A

Appendix Title

A.1 Code Sample

net = tabu(flash_data , score = ’bic -g’)

graphviz.plot(net ,shape = ’rectangle ’,

layout = ’fdp’,highlight =

list(nodes = c("PSP", parents(net , "PSP")),

arcs = incoming.arcs(net , "PSP"),

col = "darkblue", fill = "tomato", lwd = 3))

bn.cv(data=flash_data ,net ,runs =50

loss.args = list(target = ’PSP’))

predicted = predict(bn.fit(net ,flash_data), "PSP", flash_data)

A.2 Assumptions and Definitions

Leader An initial propagation of charges from one region to a region of opposite
polarity [13].

Streamer Secondary propagation of charges induced by a nearby leader [13].

Stroke The connection between a leader and a streamer that creates a channel for
electron to flow [13].

Ground-Strike Point (GSP) A point on the ground where a stroke makes a con-
nection [13].
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Flash One or multiple strokes that occur within a short period of time in the same
area [16, 17].

Cloud-to-ground (CG) A leader that connect from the clouds to the ground [1, 13].

Negative CG A CG with negatively charged leaders [1, 13].

Positive CG A CG with positively charged leaders [1].

Multiplicity The number of strokes per flash [21].
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