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Abstract
Many advances are being made in the prediction of lightning across the world. Researchers
have investigated many different ways to predict lightning, from statistical techniques to the
traditional machine learning techniques and most recently the use of deep learning techniques.
The data used for these predictions range from the use of numerical weather prediction(NWP)
models and parameterization schemes to using satellite images or the commonly available meteorological features which are easier to obtain and make for computationally less expensive
models. Very few publications have come from African countries, even though African countries record some of the highest lightning strikes and lightning-related fatalities in the world.
South Africa is one of the leading African countries in lightning research and lightning detection, but very few papers have focused on using the available lightning detection networks to
develop lightning prediction models to manage the risk of lightning in the country especially in
rural areas which are prone to such incidents due to the lack of protection and efficient warning
systems. In this paper, we use deep neural networks and meteorological data from the SAWS
to predict the occurrence of lightning. We do this by training a deep neural network using meteorological data such as the temperature, humidity, wind speed, and rainfall in nine different
weather stations located in each province of the country. The training data is from the past
ten years and we combine it with the lightning data we received from the SALDN to create an
output variable of whether lightning occurred or not.

Chapter 1
Introduction
1.1

Context

Wildfires, human loss, rocket crashes, and electrical outages. A large portion of these unfortunate events can be accredited to lightning storms, and due to climate change, they are only
getting worse Mahomed et al. [2021]. These disasters cause a lot of distress to our livelihoods
as they affect the economy at large. We thus see the need to accurately predict the occurrence of this phenomenon in order to avoid or limit its effect. Researchers have come up with
different methods and approaches for the accurate prediction of lightning. From using numerical weather methods with parameterization schemes, to the use of historical data for either
statistical, Machine learning, or most recently the use of deep learning models to accurately
predict lightning occurrences. Each one of these methods produced varying results in accuracy levels, but the use of these deep learning techniques has shown significant improvement
in their predictions with the downside being that a lot of the models are either computationally
expensive or require satellite data and radar systems which are too expensive and difficult to
maintain for developing countries. This is a problem because developing countries in Africa
and South America experience some of the highest number of lightning strikes in the world and
these countries are mostly rural and lightning mortality is significantly more of a problem in
the rural areas. According to Blumenthal et al. [2012] rural areas in South Africa have an 8.8
people-per-million mortality rate compared to a 1.1 people-per-million in urban areas.

1.2

Problem Statement

Evidently, we need to develop cheaper lightning prediction models that are not too difficult to
maintain in order to protect some of the most vulnerable people in the world, the people in
the rural areas of developing countries. South Africa has made great investments in lightning
detection with their acquiring of a vaisala-sensors lightning detection network which made
them only the third country in the southern hemisphere after Australia and Brazil to own such
a network Mahomed et al. [2021]. There have been many attempts and contributions to the
field of lightning research from multiple institutions in the country, while the forecasting of
lightning threat has been documented by the SAWS mostly Mahomed et al. [2021]. Although
many strides have been made and South Africa is one of the leading African countries in light2

ning research, there have been very few approaches using deep learning and machine learning
techniques which have provided some of the highest accuracy in predictions in other countries.

1.3

Purpose Statement

In this paper we try and use commonly available meteorological parameters along with the
lightning data from SALDN to train a deep neural network using Keras to predict the occurrence of lightning.

1.4

Research Questions

• What is the predictive ability of a deep neural network on the prediction of lightning
occurrence using meteorological parameters?
• How well does the model compare with other models such as Radial Basis Function
Networks?

1.5

Contributions

Our study contributes to the current literature in a way that:
• It is the first use of deep learning techniques to predict lightning occurrence in South
Africa;
• And it uses cheaper, more accessible information like the meteorological parameters in
order to make these predictions.
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Chapter 2
Background and Related Work
2.1

Background

Lightning is defined as a very long electrical spark generated in thunderstorms and measures
an average length of 5 km to 10 km with extremes of about 100 km Dwyer and Uman [2014].
Lightning is formed due to charge transfers in thunderstorms, and these charge transfers occur
when soft hail particles that are heavy enough to fall or remain stationary in the updrafts of
thunderstorms and tiny ice crystals that are light enough to be carried upwards in those drafts
collide in very cold altitudes. These particle collisions need to happen at very high altitudes
where the temperature is considerably colder than freezing, generally -10 degrees to -20 degrees
Celcius” Dwyer and Uman [2014]. Lightning occurs more often than any other phenomena
and despite lightning being the subject of many research papers, it is still the subject of many
debates within the field of physics, with different researchers providing different explanations
about its formation. According to Blumenthal et al. [2012] about 2 000 thunderstorms occur
worldwide, producing about 100 lightning strikes each second or 8 million strikes each day and
excluding incidental catastrophes and disasters, lightning causes more deaths than any other
natural event or phenomenon claiming about 24 000 lives each year. It is also estimated that
some 240 000 people a year will survive a lightning strike. Mahomed et al. [2021] suggests that
South Africa has some of the highest lightning mortality rates in the world which might also
be understated due to the tendency of people in rural areas not to report such incidents. Due to
climate change continuing to raise the general temperatures in Africa, lightning will continue
to be a problem that affects the development of the continent because of the nature and extent
of the damage it brings to the land.

2.1.1

Formation Of Lightning Clouds

Electrostatic discharge occurs when there is a build up of static charge which occurs due to
the electrification and electrostatic induction Akinyemi et al. [2014]. The flow of electrical
charge can result in an electrical spark being created, and this spark carries a cracking sound.
Lightning and thunder are large scale occurrences of this electrostatic discharge that occur
in the atmosphere. As the air pushes upwards in the clouds, ice particles moving in opposite
directions rub against each other and this creates a polarization process where different particles
4

acquire different charges of electricity. Positive charges that are generated in the process drift
upwards in the cloud and the negatively charged particles drift downwards. As the cloud size
increases, there is an increase in electric potential difference between the upper positive and
lower negative parts, which in turn lead to electrostatic discharge between the two oppositely
charged areas in the clouds Akinyemi et al. [2014].

Figure 2.1: Separation of charge in a cloud [Dwyer and Uman 2014]

2.1.2

Categories of Lightning

Lightning discharges fall into two categories: Cloud lightning and Cloud-to-ground lightning.
Cloud lightning is then further divided into two categories, namely: Intra-cloud lightning and
Inter-cloud lightning. Intra-cloud lightning occurs between particles within the same cloud
and is thought to be the most common type of lightning Dwyer and Uman [2014]. Inter-cloud
lightning occurs between charged particles in different clouds. Cloud-to-ground lightning occur
between one region of charges in the cloud and the charge in the ground. CG lightning can
also be divided into four types, where each of these types are differentiated by the sign and
origination of the charge carried by their ’leader’ Dwyer and Uman [2014]. These four CG
lightning instances are: downward-negative lightning, upward-negative lightning, downwardpositive lightning and upward-positive lightning.

Figure 2.2: upward positive lightning. adapted from [Akinyemi et al. 2014]
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Figure 2.3: upward negative lightning. adapted from[Akinyemi et al. 2014]

Figure 2.4: downward positive lightning. adapted from [Akinyemi et al. 2014]

Figure 2.5: downward negative lightning. adapted from [Akinyemi et al. 2014]

2.1.3

Lightning Prediction

Lightning is not only a threat to the human population, but it affects animals and the ecological
system since it is one of the sources of forest fires. Blumenthal et al. [2012] estimates that
each year the death rate because of lightning is between 1.5 and 8.8 people per million in urban
areas and rural areas respectively. It becomes necessary to predict lightning in order to avoid
hazards and protect people and the environment. The outstanding issue is that it is hard to
predict thunderstorms because they occur in a very small area of the world at a particular time,
6

and they only occur for a relatively short time period in most areas of the world. Due to this
uncertainly in the development of these thunderstorms, and researchers having different ideas
about how we come to experience this phenomenon, it becomes difficult to make these forecasts
Akinyemi et al. [2014]. There have been many approaches to predict lightning, with different
researchers using different approaches that range from the NWP models which given initial
conditions simulate atmospheric evolution in order to make predictions about the future Geng
et al. [2019]. Statistical techniques have also been used for the prediction of lightning, these
techniques usually depend on the relationship between lightning occurrence and the parameters
of the environment before the storm Gijben et al. [2017], Deep learning techniques have been
some of the recent and most accurate models in the prediction of lightning.

2.2
2.2.1

Related Work
Data and Features

Different authors have provided different implementations from a range of data. Lightning prediction methods often use numerical weather prediction models and parameterization schemes.
Gijben et al. [2017] uses NWP data to forecast the probability of CG lightning for austral summer months. Essa et al. [2020] used the past lightning events data from the South African
Lightning Detection Network to predict lighting flash-densities in two areas. One area represented a high flash-density area and the other one represented a moderate flash-density area
for short periods using four years of training data for the corresponding periods of prediction.
Mostajabi et al. [2019] also used commonly available meteorological data from the air pressure to the temperature and wind speed. They took this data from 12 weather stations widely
distributed across different ranges of altitudes and topographies in Switzerland. The idea of
combining two lighting prediction approaches strongly relates to Geng et al. [2019]’s proposal
of a dual-encoder that uses recent lightning observations along with the observations it gets
from the Weather Research and Forecasting model, which is a numerical weather prediction
system that provides the simulation data to calibrate the simulations and assist with the prediction. Schön and Dittrich [2019] uses satellite images and past lightning observations to predict
whether or not lightning will occur whereas Omar et al. [2013] also used the meteorology
parameters obtained from the local Malaysian weather service. These features ranged from
the minimum and maximum humidity, the minimum and maximum temperature, the rainfall
alongside the month and specific week. Omar et al. [2013] used these inputs and classified
them according to their severity. Speranza III [2019] used data from the Electric Mill Fields
(which are not present in all countries) and combined it with surface observations from the 50
nearby weather stations which were processed to identify suitable regressors.

2.2.2

Models and Accuracy

Several lightning prediction models have proposed several different techniques. Geng et al.
[2019] developed a dual-encoder that uses both Numerical Weather Prediction models and recent weather observations. Their method starts by extracting features concerning space and
time in the data from the WRF model and the historical data observations, they do this via the
dual encoders. The extracted features are then brought together by a fusion module and, then
7

they serve as input into a spatiotemporal decoder to make predictions. They used a Convolutional LSTM instead of using a fully connected LSTM for its ability to better handle spatialtemporal data. This paper also introduces two versions of this dual encoder, Lightnet-O, and
Lightnet-W which respectively represent the Lightnet algorithm but with the Observation Encoder removed, and another that does not have the NWP model data encoder. In comparison
with seven other prior models and conventional methods used in meteorology, including the
commonly used PR92. The performance evaluation is done using the False Alarm Ratio, the
Probability of Detection (POD), and the Equitable Threat Score. The model results show that
for an hour’s prediction their Lightnet-O version achieves the highest POD values, and for the
first 3-hour prediction, their Lightnet and Lightnet-O have pretty much the same POD values
and have an obvious advantage over other models that they are being compared to. For the
6-hour prediction, Lightnet achieves the highest performance tally on the POD test. The proposed dual-encoder performs significantly better than other models when it comes to prediction
and serves as a new comparative baseline for improvements albeit being computationally expensive. The Lightnet dual-encoder was extended from Shi et al. [2015] who first proposed
the use of a Convolutional-LSTM over a Fully-connected LSTM for nowcasting precipitation.
The Convolutional LSTM network had a 4-by-4 patch size to represent each 64-by-64 frame
by a 16-by-16-16 tensor had three variations of it tested, namely a 1-layer network that has
256 hidden states, the 2-layer network that has two Convolutional LSTM layers with 128 hidden states each, and the 3-layer network has 128, 64, and 64 hidden states respectively in the
three Convolutional LSTM layers and compared this with a Fully-Connected Neural Network
(FC-LSTM) with two 2048-nodes. The Convolutional LSTM showed consistently better results over previous works on the grid-wise precipitation nowcasting task. Schön and Dittrich
[2019] also proposes the use of Convolutional Neural Networks to predict the occurrence of
lightning by utilizing satellite images. Their work shows promising results with a 95% accuracy of prediction within 15 minutes. When comparing it to previous works in the domain
of lightning prediction, they show that results similar to Geng et al. [2019] can be achieved
without using computationally expensive NWP model parameters and comparing their model
to the random forest tree approach using True Positive Rate (TPR), True Negative Rate (TNR),
Accuracy and False Alarm Ratio (FAR) as their metrics even though the performance is similar,
their model indicated a lesser False Alarm Ratio. Maqsood et al. [2004] proposed the use of
an ensemble of Artificial Neural Networks to predict weather forecasts hourly. The ensemble
ANN was performance tested against other forecasting methods using meteorological training
data, the four baseline models were the Multi-Layered Perceptron Network, Elman Recurrent
Neural Network, Radial Basis Function Network, Hopfield model. They made 24hr forecasts
throughout the 4 seasons and evaluated the performance of each model, which showed that
the ensemble models can achieve a great learning performance and generalized better than the
competing models. Omar et al. [2013] used Gradient Descent with Momentum Backpropagation and Scaled Conjugate Gradient Backpropagation from the MATLAB Neural Network
with the input layer consisting of seven parameters, the week, month, maximum and minimum
humidity, maximum and temperature, and the rainfall. The second layer is the hidden layer
that consists of several neurons and the number of neurons is varied stochastically. The second
hidden layer has 3 neurons that are connected to the 3 output layers, representing three classes
of severity we want to classify into, namely: Hazardous, Warning, and Low-risk. The two
methods proposed, Gradient Descent with Momentum Backpropagation and the Scaled Conjugated Gradient Backpropagation provided satisfying results in classifying the severity of daily
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lightning using the seven meteorology parameters used as input. In this paper, we are interested
in Omar et al. [2013]’s work because of the use of the meteorological features which we will
consider using for our research as we aim to improve upon the work done by Essa et al. [2020].
Essa et al. [2020] who was the first publication to use deep learning for lightning research in
the country, Essa et al. [2020] used the LSTM Recurrent Neural Network for predicting lightning flash-densities and performance tested the hypothesis using POD and FAR. They found
that the LSTM model was able to predict just over a third of the major lightning events. In the
high flash-density area, about half of the predicted outcomes came true while only 20% of the
predictions turned out to be true in the area of moderate flash-density. These results serve as
motivation for expanding and improving upon the prediction of lightning flash-densities, which
is the purpose of this paper.

2.2.3

Significance

Geng et al. [2019]’s work achieves brilliant results in predicting and or forecasting lightning
risk. Unlike most models that use either numerical weather prediction models or observed data
to train models capable of making the appropriate predictions. They used a dual-encoder that
combines the two approaches and was able to achieve high accuracy in its prediction, more
than the prior attempts. This paper lays the potential for predicting the occurrence of lightning
to a much higher degree and the potential development, and upgrading of tools that can save a
lot of people. Essa et al. [2020] builds from the success of this model and uses easily available
lightning data to successfully predict the number of lightning flashes for short time intervals.
Shi et al. [2015] is one of the pioneers of using deep learning for mining weather pattern data.
They also proposed the trajectory GRU model that improves the convolutional neural network
by actively learning the structure of the recurrent connection. Mostajabi et al. [2019]’s work
focuses on making a more localized and accessible approach to the prediction of lightning
risk through white satellites. This method can provide information in rural areas where radars
aren’t present and the input data does not have to go through scan cycles or any form of preprocessing. Their model provides a tool for building lightning nowcasting schemes without
using nearby data and it does not rely on the first detection of the lightning to generate the
warnings. It uses the lightning location systems’ data rather, to label the archived data and thus
training the model with historical data. Once the model has been trained it does not need the
data again to make predictions. Compared to other models it is very easy to use and does not
require advanced background knowledge of the predicted task.
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Chapter 3
Research Aims and Objectives
In this paper we aim to develop a deep neural network using meteorological parameters from the
SAWS in order to predict the occurrence of lightning in 9 different weather stations located in
each province as to provide different topographies and characteristics. We develop our model
using data we received from the SALDN and make the prediction of whether lightning will
occur or not.
Our study contributes to the current literature in a way that:
• It is the first use of deep learning techniques to predict lightning occurrence in South
Africa;
• And it uses cheaper more accessible information like the meteorological parameters in
order to make these predictions.

3.0.1

Research Aims

The aim of the research is to develop a lightning prediction model that uses commonly available
meteorological parameters and lightning data from the SAWS to predict the occurrence of
lightning in an area.

3.0.2

Objectives

The objectives of the research are to:
• Construct a DNN using meteorological and lightning data from the SAWS;
• Test the predictive ability of DNN in predicting lightning occurrences for the different
weather stations;
• Cross validate the data;
• Compare with Radial Basis Neural Network;
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3.1

Limitations

The limitations that this work is faced with are that:
• Because of the length and the area thunderstorms cover it becomes difficult to predict
lightning;
• Based on our use of commonly available meteorological parameters it is more difficult
to predict lightning because some of the explanatory factors for the phenomenon are not
there;
• Since we are using data from the SALDN it becomes difficult to nowcast lightning because it mostly detects CG lightning and it’s been found that cloud lightning precedes
CG Gijben et al. [2017];
• Because of climate change, using historical data becomes more difficult because you can
only train your model using a limited time period to avoid any biases.
• Some regions of the country experience less lightning and thunderstorms so this might
introduce more bias to predicting lightning occurrence on that location because of the
lack of diversity within our data.
• Seasonal changes might also affect the way we choose our data because some seasons
experience more lightning than others

3.2

Overview

Lightning prediction models are much needed in our society and an accurate lightning prediction model would save lives and the economy. We develop a DNN using commonly available
meteorological parameters from SAWS in 9 weather stations located in each province of the
country. We make predictions for different intervals of time to test the accuracy of our model.
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Chapter 4
Methodology
4.1

Research design

In this research we use a deep neural network in Jupyter Notebook using Keras to predict
the occurrence of lightning. We train our data using meteorological parameters such as the
temperature, air pressure and lightning data that we got from the SAWS, and we use the SALDN
data to indicate whether or no lightning has occurred.

4.2

Data

We use two datasets from the SAWS and SALDN. One dataset contains the hourly recording of
the temperature, pressure, wind speed, wind direction, humidity and rain at 28 weather stations
distributed in all provinces of the country. The data starts from January 2007 up until December
2020 and is split into 3 excel files containing data for 3 provinces each. The other data set is
from the SALDN which is a network of Vaisala sensors with 25 sensors strategically placed
throughout the country The network can detect lightning with a location accuracy of 0.5 km
and an estimated detection efficiency of 90% over most of South Africa Gijben et al. [2017].
This dataset contains all the detected lightning flash information including the location, the
time of the flash and the peak flash current data from June 2007 to March 2016.

4.3

Pre-processing

From the weather station data we select a subset of weather stations and choose one weather station in every province of the country by constructing a 50 square km area around each weather
station and creating a dataframe containing this information. We combine the dataframes created from each weather station to create one big datafrae of weather parameters which we use
to train and test our model. The dataframes are then separated at a later stage and then grouped
into 2. One group contains the high thunderstorm areas in South Africa while the other group
contains regions that aren’t classified as such according to the SAWS.
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4.4

Methods

We start by constructing a deep neural network in python using Keras, our variables are the
meteorological parameters provided by the weather stations dataset. Using the SALDN data
we introduce a class that describes the occurrence of lightning. If there was a record of lightning
in a particular hour the value of that column is stored as 1 which means yes and if not we store
it as 0 - meaning false. We then create a sequential model where we find optimal number of
layers for our model and use a fully-connected model to predict the occurrence of lightning.
Inputs: The input layer takes in the 6 meteorological features that we have - Temperature,
Windspeed, Humidity, Wind Direction, Pressure and Rain. We re-scale our input to be in the
range 0-1 so to assist in learning and to avoid unseen weighting of features.
M odels We used a standard Neural Network constructed using the sequential() model in
keras, it has 2 layers that uses the tanh function along with the sigmoid function for classification. This model was developed in Jupyter notebook using Keras. We ran the model with
varying epoch values - but stuck with 29 epochs and a batch size of size - based on trial and
error. We used Adam optimizer along with the Binary-cross entropy metrics for learning - we
reduce data overfitting by initiating L1 and L2 regularization term when training the data. We
compared the learn rate of our standard Neural Network with Radial Basis Function Networks
- of which we created a layer that takes in 4 units and gamma as 0.5. We define 2 dense layers
with an RBF layer in-between still using Adam optimizer and Binary-cross entropy metrics
for learning . Outputs: Binary classification with output 0 or 1 which indicates whether or
not lightning occurred. ComputerHardware: We used 15.6GiB Intel Core i7-7700 CPU with
NVIDIA Corporation GP106[GeForce GTX 1060 6GB] on Ubuntu 20.04.2 LTS.

4.5
4.5.1

Analysis
Evaluation of Neural Network Predictive Ability

We assess the performance of all our models by using the binary Cross-Entropy function
1 N
Σ − (yi ∗ log (pi ) + (1 − yi ∗ log (1 − pi )))
N i=1
Since we map our class output to either 0 or 1. Here pi is the probability of class 1 and (1 − pi )
is the probability of class 0. N is the number of entries/rows. We cross-validated the data using
5-fold cross validation to test the model’s predictive ability. We also evaluated the predictive
ability among the test set.
LogLoss =

4.5.2

Comparison with common lightning prediction metrics

We evaluate how well the different Neural Networks perform by evaluating against the common
metric used for lightning performance testing. We use the Probability of Prediction and the false
alarm ratio for this - where they both utilise T P - True Postive, F P - False Positive and F N False Negatives parameters for their calculations.
P OD =

TP
TP + FP
13

and
F AR =

4.6
4.6.1

FP
TP + FN

Results
Accuracy Comparison Between Standard Neural Networks and Radial Basis Function Network

Table 4.1: Train vs Test Accuracy of Standard NN and the RBFNN on combined dataset

StandardN euralN etwork
RadialBasisF unctionN etwork

T rain
T est
79.43% 78.97%
80.08% 80.32%

Table 4.2: Avg. Train vs Test Accuracy of Standard NN and the RBFNN in High-Lightning
density areas

StandardN euralN etwork
RadialBasisF unctionN etwork

T rain
T est
78.47% 78.91%
78.12% 80.00%

Table 4.3: Train vs Test Accuracy of Standard NN and the RBFNN in Low-Lightning density
areas
StandardN euralN etwork
RadialBasisF unctionN etwork

T rain
T est
80.39% 79.37%
79.79% 81.17

Tables 4.1, 4.2 and 4.3 represent the predictive ability of each Neural Network using different training sets. In the first method, we combine all the weather stations into one and then
we train the neural networks based on those results. Secondly we train our model on the highlightning density areas and the low density areas. These tables also provides a competitive
comparison between our models and their accuracy in prediction.
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4.6.2

Loss Comparison Between Standard Neural Networks and Radial
Basis Function Network

Figure 4.1: Training Loss vs Validation Loss for Std. Neural Network using combined SAWS
data

Figure 4.2: Training Loss vs Validation Loss for Std. Neural Network using High-density
lightning areas

Figure 4.3: Training Loss vs Validation Loss for Std. Neural Network using Low-density
lightning areas
Figure 4.1, 4.2 have the validation error being below the loss error which means that the
error e get from the training data is higher than the error we get from the validation data. We
can accredit this behaviour to the regularization terms we use during training and it’s absence
during validation.
Comparing figures (4.1, 4.2 and 4.3) with (4.4, 4.5 and 4.6 ) we can clearly see that the
RBFN converges quicker and learns the parameter quicker than the Standard Neural Network
Models which is expected by [Jeatrakul and Wong 2009]’s comparison.
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Figure 4.4: Training Loss vs Validation Loss for RBFNN using using combined SAWS data

Figure 4.5: Training Loss vs Validation Loss for RBFNN using High-density lightning areas

Figure 4.6: Training Loss vs Validation Loss for RBFNN using Low-density lightning areas

4.6.3

Comparing predictive ability for high-density lightning areas vs lowdensity lightning errors

The low-lightning density areas the accuracy for both models was higher than when we were
predicting the occurrence of lightning in high-lightning density areas, this may be accredited
to rarity of the events and the clear distinction that we have in these areas when there are
thunderstorms and when there aren’t any.
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Chapter 5
Discussion
5.1

Prediction

We found that the commonly available weather parameters are good enough in simple lightning
occurrence predictions. We also observe that RBFNs - which are as accurate in prediction can
improve upon the standard Neural Networks by using a simple architecture that learns a lot
faster than the standard Neural Network.

Figure 5.1: Confusion Matrix for both Neural Network models
When we plot the accuracy matrix we did not see any False Classifications which was
concerning and means that we did not have enough training data for our models as they both
classified the same way but the accuracy results do not point us towards overfitting.

5.2

Comparing with lightning prediction metrics

In terms of predicting and classifying the weather parameters into the correct classes, our models perform really well with high accuracy - in a range of 70% to 80%, but evidently there is a
need to improve or introduce a more complicated question like the number of lightning flashes
in an area - as done by Essa et al. [2020] so that we could counter the problem of having no
false classification which is unrealistic.
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Chapter 6
Conclusion
A lot of work has gone into lightning research both in South Africa and Africa at large, so as to
address one of the deadliest natural events in the continent Blumenthal et al. [2012]. Very few
literature has focused on the prediction of this phenomenon with Gijben et al. [2017] being the
first to use an NWP model to forecast lightning events and Essa et al. [2020]’s work being the
first one to use deep learning for lightning research in the country even though deep learning
approaches have been some of the most accurate models in lighting predictions. Understandably, developing some of these models is expensive and impractical for most African countries
so the focus should be to use more accessible information to make these predictions. In this paper we develop a deep neural network using meteorological parameters and lightning data from
the SAWS to predict the occurrence of lightning in an area, we plan to contribute to current
literature by developing a DNN using cheaper and more accessible data to aid the prediction of
lightning.
We have managed to show that Deep Learning Approaches provide good predictions in the prediction of lightning as we are able to identify relationships between them and the occurrence
of lightning from 2 distinct datasets. We could improve upon this model by introducing more
data for training and using time series data to identify more complicated relationships in terms
of predicting lightning.

6.1

Future Work

We can successfully predict the occurrence of lightning, we can build upon this and utilise time
series data in an attempt to determine the exact hour lightning is gonna occur. We could utilise
these commonly available weather parameters to build more complicated systems such as time
series data using Convolutional Neural Networks following in the work done by Essa et al.
[2020] by identifying spatial features in the SALDN dataset. The amount of data we used for
training provided a bias in our network as we used a sample of the data we had in order to
construct the network. In this way we can improve our predictive model.
18

6.2

Code

You can find the code to this work at. Contains the different implementations of Neural Networks.
https://drive.google.com/drive/folders/1z-ijahFMNwBaMGhv2-vxb9OE3CUM6Ans?usp=sharinghttps://drive
ijahFMNwBaMGhv2-vxb9OE3CUM6Ans?usp=sharing
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