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Abstract

Seawater levels along the South African coastline are investigated with the use

of machine learning techniques. In this study, data-driven methods, which are

more computationally efficient in comparison to numerical models, are applied

to predict seawater levels. The open-loop NARX model was developed using

the Neural Net Time Series application from the Deep Learning Toolbox 14.0

provided by MATLAB® (Mathworks, 2020). A total of five inputs (atmospheric

pressure, mean wave period and direction, wind speed and direction) and a

single output of seawater level was fed into the neural network where 70 % of

the data was used for training, 15 % was used for validation and the remaining

15 % was used to test the model. Three separate storm events that occurred

along the coast of South Africa were used for the final model validation. Model

performance was measured using the correlation coefficient (R), the root mean

square error (RMSE), the bias and the Willmott indices of correlation. It was

found that, through principal component analysis (PCA), atmospheric pressure,

wind speed and direction and mean wave period and direction are important

physical drivers of sea level. The overall model performance was better when

all five met-ocean variables were included as inputs to the model than when

one or two were excluded, with R and RMSE values ranging from 0.85 to 0.99

and 4.344 to 100.5 mm, respectively. The study presented here clearly shows an

effective methodology to not only demonstrate the high accuracy the model has

on seawater level predictions, but also able to further investigate the importance

of what each oceanic and atmospheric variable has on the seawater level. The

model performance may be affected by frictional shoaling, coastally trapped

waves, bathymetry and the local dynamics contributed by Agulhas Current,

which were not taken account for in this study and could be incorporated in the

model for future research.
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Chapter 1

Introduction and Literature

Review

The South African coastline spans over 3000 km and is susceptible to changing

seawater level which can inhibit daily life, endanger structures, infrastructures,

and commercial operations through coastal erosion and inundation (Hetzel et

al., 2019; IPCC, 2019; Rautenbach et al., 2020). In the decades ahead, fore-

casted seawater level rise as a result of climate change is expected to amplify the

problems that seawater level rise brings today (IPCC, 2019; Kirezci et al., 2019).

Therefore, it is a pressing concern for South Africa to develop a dependable and

computationally efficient prediction tools that can aid in forecasting seawater

levels as a function of driving metocean variables (surface pressure, mean wave

period and direction and wind speed and direction). In the recent years, studies

have seen a development and widespread adoption of physics-based numerical

models to predict seawater levels.

Such models are powerful and can easily adapt to a number of situations where

bathymetric data and boundary condition time series are known, and present

answers based on rendering the physics of the underlying processes. However,

these models are computationally expensive to run at large spatial scales which is
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1.1. CLIMATE CHANGE AND EXTREME EVENTS

needed for nation-wide seawater level predictions (Tadesse et al., 2020). Lately,

data-driven modelling approaches have gained high recognition because in con-

trast to numerical models, data-driven models are more computationally efficient

and cheap and does not require large amounts of data to run (Cid et al., 2018;

Shamshirband et al., 2020). This thesis is about developing data-driven mod-

els to predict seawater levels, based on machine learning techniques, along the

coast of South Africa which can be used to aid current South African forecasting

systems.

The thesis is structured as follows; Chapter 1 provides a detailed overview of

climate change, local and global extreme events, and a comprehensive study on

artificial intelligence and relevant machine learning techniques. Chapter 2 de-

scribes the data and methods. Chapter 3 presents the results that were obtained

from the machine learning techniques and will discuss the results from the tested

models and will review relevant patterns to address the aims and objectives and

lastly, Chapter 4 will summarise the final conclusions of the study.

1.1 Climate change and extreme events

The concentration of atmospheric carbon dioxide (CO2) has been increasing and

is continuing to do so (Lemonnier et al., 2018) over the last century due to

the burning of fossil fuels. Before the pre-industrial revolution, the atmospheric

CO2 concentration was approximately 280 ppm (Le Quéré et al., 2018; Lemon-

nier et al., 2018). Today, the global concentration value of CO2 has exceeded

414 ppm (Figure 1.1) (Dlugokencky and Tans, 2018; Fig. 1, Le Quéré et al.,

2018; Lemonnier et al., 2018; Lindsey, 2020, IPCC, 2021). The additional an-

thropogenic CO2 to the atmosphere is the main driver of climate change because

of the greenhouse effect (Meehl et al., 1999; Stocker et al., 2013). A key con-

cern with climate change is the increase in frequency, magnitude, and intensity

of extreme events (Mason et al., 1999; Mirza, 2003; Beniston and Stephenson,

2004; Wernberg et al., 2012; Trenberth et al., 2015; Bellprat and Doblas-Reyes,

2



1.1. CLIMATE CHANGE AND EXTREME EVENTS

2016; Hobday et al., 2016). There is evidence that suggests that some extreme

events have increased globally since 1950, specifically heavy precipitation, the

frequency of high temperatures, and high seawater levels (Herring et al., 2014;

Chen and Sun, 2015; IPCC, 2014; Stott et al., 2016, IPCC, 2021).

Figure 1.1: The average concentration of CO2 recorded at NOAA’s Mauna Loa
Observatory situated in Hawaii (Lindsey, 2020).

Extreme events (e.g. heat waves, droughts, hurricanes, storm surge, and tropical

cyclones) can be described based on the following: frequency, their intensity, and

the impacts which they have on the environment and/or economy (Easterling et

al., 1999; Meehl et al., 1999; Rosenzweig et al., 2001; Mirza, 2003; Beniston and

Stephenson, 2004; Diez et al., 2012; Hobday et al., 2016; Nizamani et al., 2017;

IPCC,2021). In 1988, the World Meteorological Organization and the United

Nations Environment Programme set up the Intergovernmental Panel on Cli-

mate Change (IPCC). This was done to supply policy makers with assessments

regarding climate change on a regular basis (i.e. what the impacts of climate

change are, the risks it poses in the future, and ways to adapt and mitigate

climate change). The Fifth Assessment Report by the IPCC defined an extreme

weather event that is rare at a certain area and time of the year. Essentially,

rare in this case means that the event has to be as rare as or rarer than the

3



1.1. CLIMATE CHANGE AND EXTREME EVENTS

upper and lower 10 % of a probability density function which is estimated from

the observations (IPCC, 2014). The increasing amount of compound extreme

events (which is a combination of hazards and/or various drivers that contribute

to the environmental or societal risk) is likely due to human influences (IPCC,

2021).

1.1.1 Precipitation and flooding

Floods are defined as the overflowing of standard limits of a body of water or

stream over areas that are not typically submerged which are a result of abnor-

mally heavy rain, storms, and cyclones (IPCC, 2019). The global and regional

precipitation is expected to intensify (Donat et al., 2016) and precipitation ex-

tremes are of concern because of their potential economic and social impacts

(O’Gorman, 2015). The warming climate leads to enhanced evaporation from

the surface, resulting in intense periods of drought (Trenberth, 2011). Accord-

ing to the Clausius-Clapeyron relationship, precipitation is expected to intensify

as the atmosphere’s ability to hold more water increases by about 7 % per ◦C

warming (Prein et al., 2017; Trenberth, 2011; Wang et al., 2017). Precipitation

extremes that occur for short periods can result in flash floods, landslides, and

run-off which promote drier soil (Trenberth et al., 2011; Prein et al., 2017). In

addition to intensified precipitation, the warming climate would also increase

the chance of floods (Hirabayashi et al., 2013). Flooding can also be caused

by storm surges which are induced by tropical cyclones or low-pressure systems

that are found away from the tropics (Hetzel et al., 2019; Wright et al., 2019),

heavy rainfall, or waves (Lee, 2005; Weisberg and Zheng, 2006; Hetzel et al.,

2019; Sahoo and Bhaskaran, 2019). Flooding events along the coast often occur

coincidentally e.g. a moderate storm surges which occur during a local high

tide at the peak of a spring-neap tide cycle (Hetzel et al. 2019) which can have

detrimental effects on local coastal communities.

4



1.1. CLIMATE CHANGE AND EXTREME EVENTS

1.1.2 Marine heat waves

Marine heatwaves (MHW) are also predicted to increase in frequency and magni-

tude (Schlegel et al., 2017). MHWs can be defined as a region that experiences

extreme warm temperatures for days to months in the surface waters of the

ocean (Hobday et al., 2016). Combinations of atmospheric and oceanographic

processes are the cause of MHWs and they have significant impacts on the struc-

ture and function of aquatic ecosystems (Oliver et al., 2021).

An atmospheric heatwave during the summer of 2003 in Europe, resulted in

amplified air-sea heat flux in the north of the Mediterranean Sea (Schlegel et al.,

2017). Weak winds together with the heatwave, induced regional scale thermal

stratification and 2 to 3 ◦C sea surface temperature (SST) anomalies (Garrabou

et al., 2009). This led to negative ecological impacts such as the death of benthic

invertebrates (Frölicher et al., 2018). In the austral summer of 2011, Western

Australia experienced a MHW which was caused by a combination of oceano-

graphic and atmospheric processes related to the strong La Niña of 2010/11

(Wernberg et al., 2021). This La Niña event resulted in the anomalous advec-

tion of warm tropical waters towards the poles and into the temperate regions

(Oliver et al., 2021). The impacts of this MWH resulted in significant shifts in

the ecosystem structure and function of the benthic community in the tropical-

temperate transition zone which led to the death of many cold-water species

(Wernberg et al., 2012; Smale and Wernberg, 2013; Wernberg et al., 2021). The

North-Western parts of the Atlantic Ocean experienced a MHW in 2012, which

affected numerous commercial fishing industries (Schlegel et al., 2017). Accord-

ing to the Sixth Assessment Report by the IPCC, most of the MHWs that

occurred over 2006 - 2015 have been caused by anthropogenic warming (IPCC,

2021). The frequency of MHWs will continue to increase in the future and as a

result, will be an increasing hazard to marine ecosystems (IPCC, 2021).
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1.1. CLIMATE CHANGE AND EXTREME EVENTS

1.1.3 Extreme winds and waves

Extreme winds create immense amounts of destruction and are a concern for

many commercial industries (Outten and Esau, 2013; Kumar et al., 2014) and

therefore the understanding of extreme winds in particular areas is important for

the design and construction of structures that are exposed to the wind (Outten

and Esau, 2013; Kumar et al., 2014). These events can have effects on the energy

sectors and coastal ecosystems (Kumar et al., 2014). The increase in greenhouse

gas concentrations in the atmosphere causes the continents to warm faster than

the oceans and as a result, coastal regions experience an intense pressure gradi-

ent between the land and the ocean (Iles et al., 2012). The amplified pressure

gradient lengthens the upwelling season which leads to less frequent upwelling

events (Iles et al., 2012). Although amplified pressure gradients are assumed to

affect upwelling, recent studies (Abrahams et al., 2021) show otherwise, with no

changes in the wind patterns resulting in other oceanographic processes affecting

upwelling.

Extreme waves relay tremendous amounts of energy onto the coast which exert

great stress on coastal structures that provide protection (Mentaschi et al., 2016).

These waves are usually formed by strong winds that blow for long periods

over long ocean fetches (Hansom et al., 2015), resulting in the acceleration of

sediment transport along the coast and coastal erosion (Rodriguez-Ramirez et

al., 2015; Archetti et al., 2016; Mentaschi et al., 2016). The changing wave

conditions caused by climate change have negative influences on the ecosystem

such as coral reefs which protect coastal areas from hazards such as flooding,

coastal erosion produced by the dissipation of wave energy, and overtopping

(Grady et al., 2013; Ferrario et al., 2014; Quataert et al., 2015). Extreme waves

generally arise during storm events that occur at sea, where the waves experience

constructive interference resulting in waves that are much larger than the original

waves (Hansom et al., 2015). Tsunamis and meteotsunamis (an atmospheric

disturbance) can also produce extreme waves (Hansom et al., 2015; Monserrat

et al., 2006; Vilibic and Sepic, 2009).
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1.1. CLIMATE CHANGE AND EXTREME EVENTS

1.1.4 Coastal water level

The interface where land meets the sea is called the coastal zone which is an

area that is influenced by atmospheric, marine, and terrestrial processes (Ray,

1991; Hetzel et al., 2019). Coastal environments are important because it serves

as natural habitats for plants and animals, and they provide areas that are ideal

for commercial operations and human settlement (Ferrario et al., 2014; Hetzel

et al., 2019).

The effects of climate change put coastlines at risk globally (i.e. sea level rise)

and at a regional scale (i.e. storms and wave climate) (Masselink et al., 2015).

Satellite altimeter data which were collected over a 25 year period (starting

from 1993) have shown that there is a rise in the global mean sea level (∼ 3± 0.4

mm/y) (Chambers et al., 2017; Chen et al., 2017; Nerem et al., 2018). The rise

in extreme and mean seawater level due to climate change (Kirezci et al., 2020)

endangers coastal zones through a number of coastal hazards including: land be-

ing permanently submerged by higher mean seawater levels or mean high tides,

coastal floods with increasing frequency and intensity, amplified coastal erosion,

the loss and transformed coastal ecosystems and the detrimental socio-economic

impacts to the coastal communities in low-lying areas (IPCC, 2019). The main

processes which lead to global mean sea level rise are the addition of water into

the oceans by the melting of ice sheets, ice caps, and glaciers and thermal ex-

pansion which causes volume change as the oceans warm, and the alteration of

water storage on land (Levitus et al., 2012; Gardner et al., 2013; Chambers et

al., 2017; IPCC, 2019). For example, the glaciers that fall outside of Greenland

and the Antarctic ice sheets are significant contributors to sea level change due

to their ablation and specific accumulation rates, which are notably higher than

the ice sheets and are sensitive indicators of climate change (IPCC, 2019).

In coastal areas, extreme seawater level events are defined as the change in water

level heights that are brought about by contributing factors which consist of the

mean sea level, the bathymetry, storm surge (a temporary rise in the height of

7



1.2. EXTREME EVENTS IN SOUTH AFRICA

the sea at a particular time and place as a result of extreme meteorological con-

ditions) and tides (Lee, 2005; Merrifield et al., 2014; Hetzel et al., 2019; IPCC,

2019).

Recent literature shows that the rising mean sea level rise is the cause of extreme

seawater level events at the coast which bring about coastal floods (IPCC, 2019).

Other contributors to rising sea levels are resonant standing waves, river flood-

ing due to heavy rainfall, tsunamis (seismic and meteorological), and coastally-

trapped waves which are remotely forced, and other local processes that can

result in significant sea level changes at the coast (Hetzel et al., 2019). There-

fore, the need for accurate predictions and observations along the coast is crucial

for sustainable coastal management (Hetzel et al., 2019).

1.2 Extreme events in South Africa

The Department of Environmental Affairs (DEA) has pointed out the increase of

extreme weather events in South Africa (Department of Environmental Affairs,

2018; Climate risk country profile: South Africa, 2021). Figure 1.2 shows the

most common types of climatic events that have occurred and been recorded

since 1980. These climatic events include floods, storms, wildfires, extreme tem-

peratures, and droughts (Figure 1.2).

In March 2007, a storm swell coincided with a spring tide high on the coast of

KwaZulu-Natal. The storm gave rise to 8.5 m swells which resulted in coastal

erosion and destruction to the properties along the coast. Coastal modification

such as seawalls, the type, shape, and profile of the coast, and poor town plan-

ning in the region are some notable local factors that have worsened the effect

of coastal erosion (Figure 1.3) (Smith et al., 2007). In 2008, a storm surge event

caused by a mid-latitude cyclone and low pressure, occurred on the west and

south coast of South Africa which damaged properties and infrastructure near

the coast (Davis-Reddy and Vincent, 2017).

8



1.2. EXTREME EVENTS IN SOUTH AFRICA

Figure 1.2: The number of recorded events which are related to climatic events
(wildfire, floods, storms, extreme temperatures and drought) from 1980 to 2016
(Davis-Reddy and Vincent, 2017).

Figure 1.3: Photo taken at Ballito showing the beach erosion (Smith et al., 2007).

In June 2017, Cape Storm, an extreme storm event that occurred produced

violent wind speeds as high as 120 km/h, storm surge and wave heights of 9

to 12 m resulting in thousands being displaced due to floods, eight deaths, and

damage to 135 schools.

In July 2020, a cold front brought about gale-force winds blowing at 65-100 km/h

9



1.2. EXTREME EVENTS IN SOUTH AFRICA

Figure 1.4: Al Jazeera article on Cape Storm in June 2017 (Storm kills several,
displaces thousands in Cape Town, 2020).

(Farber et al., 2020) which led to heavy rains, large waves with wave heights of

6–13 m, uprooted trees, floods, and power outages in certain areas (Farber et

al., 2020; Mean Geach, 2020). Many areas were affected by this storm, mainly

informal settlements situated in Du Noon. Houses were destroyed in Manen-

berg, Lavender Hill, and Heideveld due to the strong winds (Farber et al., 2020;

Geach, 2020).
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1.3. MACHINE LEARNING TO PREDICT EXTREME EVENTS

Figure 1.5: Daily Maverick article on the winter storm surge that occurred in
July 2020 in Cape Town (Mean Monday: Another vicious winter storm surges
through City of Cape Town, 2020).

1.3 Machine Learning to predict extreme events

1.3.1 Artificial Neural Networks

Artificial Neural Networks (ANN) are inspired by biology (Haupt et al., 2008;

Cao et al., 2012) and is one of the many Artificial Intelligence (AI) techniques

where the results of its “intelligence” comes from the communication between

the different “neurons” (Jain and Deo, 2006). An ANN is composed of a number

of small processing units called “neurons” or “nodes”, which are individually in-

terconnected (More and Deo, 2003; Jain and Deo, 2006; Mellit, 2008). Generally,

an ANN is made up of several layers of interconnected neurons. Each neuron

is connected to other neurons in the succeeding layer (Mellit, 2008). Data are

introduced to the ANN through an input layer and the output layer holds the

network’s response to the input. There may be one or more hidden layers that

exist between the input and output layer (Mellit, 2008; Xu et al., 2021).

A Neural Network (NN) architecture describes the patterns of connections be-

tween the neurons. There are several architectures available e.g. a single layer
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1.3. MACHINE LEARNING TO PREDICT EXTREME EVENTS

NN architecture. The way a NN behaves is defined by how the individual neu-

rons are connected and the strength of the connections or weights between them.

The outputs of the network are correlated to the inputs via the neurons with

weights and bias. During the training process, the weights are automatically ad-

justed until it accomplishes the desired error rate (Huang et al., 2003; Xu et al.,

2021). A single-neuron model may be easier to understand the NN architecture

(Figure 1.6).

Figure 1.6: Structure of a single neuron NN.

A neuron is an essential unit which processes information throughout the net-

work. Figure 1.6 shows three basic components in an ANN:

(a) Weights (wi = [w1, w2, ..., wn]) which are the connecting links between the

neurons.

(b) A hidden layer, which is the computational layer. Here, the row vectors

of the inputs (xi = [x1, x2, ..., xn] and the weights (wi = [w1, w2, ..., wn])

are multiplied and summed.The summation is therefore equal to the dot

product of the input and weight vectors.

n∑
i=1

= (xi · wi) (1.1)

(c) Activation functions. These are functions which introduce non-linearity to

the neurons and have an impact on how fast the NN learns. The activations

functions associated to the study are:
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(i) Linear function:

f(z) = z (1.2)

(ii) Sigmoid function:

f(z) =
1

1 + e−z
(1.3)

(iii) Tanh function:

f(z) =
ez − e−z

ez + e−z
(1.4)

(iv) Rectified linear unit:

f(z) = max(0, z) (1.5)

A common type of ANN is a multi-layered perceptron feedforward neural net-

work (FFNN). A FFNN consists of an input layer, one or more hidden layers,

and an output layer (Faris et al., 2016). A training algorithm called backprop-

agation (BP) is a popular gradient-based training algorithm that updates the

weights and biases until the performance criteria are satisfied (Montana and

Davis, 1989; Faris et al., 2016; Xu et al., 2021). BP succeeds in training simple

problems however, as the dimensionality increases or the more complex the data

the performance decreases (Montana and Davis, 1989).

1.3.2 Nonlinear Autoregressive Network with Exogenous Inputs

A Nonlinear Autoregressive Network with exogenous inputs (NARX) is a recur-

rent dynamic network that is applicable for modelling nonlinear dynamic systems

(Di Piazza et al., 2016) and was applied in this study to predict seawater levels.

In contrast to a FFNN where the flow of information is forward and only in one

direction, the information in the NARX network flows in both the forward and

backward directions which allows the connection between the neurons to exist
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in the same or previous layers (Di Nunno and Granata, 2020). The equation for

the NARX model is:

y(t) = f(y(t− 1), y(t− 2), ..., y(t− ny), u(t− 2), ..., u(t− nu)) (1.6)

where the input and output values are u(t) and y(t) respectively at time t, f is the

non-linear function and the input and output layers are nu and ny respectively.

The network consists of three layers: the input, hidden and output layers where

the atmospheric and oceanic variables are fed into the input layer with tapped

delays which incorporate a sigmoid activation function (Equation 1.3) in the

hidden layer and a linear activation function in the output layer (Equation 1.2).

1.4 Machine learning in oceanography

This section mainly focuses on machine learning techniques that have been ap-

plied to the main ocean and atmospheric drivers of seawater level. Accurate

predictions of the inputs to the NN (wind, wave, and surface pressure) need

to be made to successfully predict extreme seawater levels. The studies men-

tioned in the next following subsections for wave, wind, and seawater levels

have made use of machine learning techniques which, in general, need much less

computational efforts and input variables whilst producing accurate predictions.

This results in cost-effective and efficient alternatives to predict the ocean and

atmospheric variables of interest. However, models that use machine learning

techniques are required to be site-specific and do not take the physical phenom-

ena into account when making predictions. In contrast, numerical models can

be applied to any point or region whilst also taking the physical processes into

account when making predictions (Shamshirband et al., 2020).
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1.4.1 Ocean waves

Information on ocean waves is helpful because of oceanic operations, e.g. repairs

on structures or the laying of submarine pipelines, can be planned carefully based

on the wave predictions (Agrawal and Deo, 2002; Jain and Deo, 2008; Gopinath

and Dwarakish 2015; Lou et al., 2021; Tapoglou et al., 2021).

Deo et al. (2001) developed a FFNN with three layers to forecast waves with lead

times ranging from 3 to 24 h. The input of generating wind speeds was used in

order to get the output of the significant wave height and the average wave period

(Gopinath and Dwarakish, 2015). The method proposed by Deo et.al (2001) is

site-specific and is significant when online wave data is being collected at that

site. Nevertheless, the results from the NN were compared to the traditional

statistical autoregressive models. It was concluded that the NN demonstrated

was able to predict wave heights much better than the conventional statistical

models with correlation coefficients of 0.52, 0.68, and 0.77 for sites one, two, and

three respectively. The low correlation coefficient for site 1 was possibly because

of using wind data that was measured at a station that was shore based rather

than using wind data that was much closer to the wave rider which was several

milometers away (Deo et al., 2001).

Agrawal and Deo (2002) found that NNs performed better than stochastic models

(autoregressive integrated moving average (ARIMA) and autoregressive moving

average (ARMA)) when the prediction intervals were shorter (3 to 6 hours).

The correlation coefficient for the ARMA and ARIMA for 3 h, 6 h and 12 h

prediction intervals were 0.803 and 0.821; 0.808 and 0.824; and 0.783 and 0.783

respectively. Whereas the correlation coefficient for the NNs were 0.985, 0.964

and 0.788 for 3 h, 6 h and 12 h prediction intervals.

There are many studies that were done in the past on wave forecasting, most of

which make use of NNs. Tsai et al. (2002) reported the use of FFNN to predict

the height of the waves at a site. This was based on the observations for wave
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data of other sites at Taichung Harbour (Gopinath and Dwarakish, 2015). The

wave heights and period forecast was conventionally done using the relationship

between the wind and waves however, the error in the coast and harbour area

may become large due to the uncertainty in the wind generation prediction in

those particular areas (Tsai et al. 2002).

A recent study done by Lou et al. (2021) explored the use of a long short-

term memory network (based on recurrent NNs) in order to propose a new type

of automatic driving scheme that links ship driving to the prediction of wave

heights. Accurate wave height predictions will assist ships in adjusting their

course in real-time to allow them to travel in areas with the lowest wave heights.

This enhances comfort, safety, and fuel economy. Lou et al. (2021) concluded

that the method proposed is applicable to offshore and open sea wave height

predictions. The one-hour ahead prediction for wave height yielded a R-value of

0.986 between the predicted and observed wave height values.

Another study done by Tapoglou et al. (2021) trained ANNs to predict signif-

icant wave heights. This was done by combining a total of 240 satellite images

with wave buoy data to predict significant wave heights to facilitate the safe

maintenance of offshore wind farms. It was shown that the method proposed in

this study was an effective technique to predict significant wave heights, yielding

a RMSE of 0.23 m for wave heights less than 3 m.

1.4.2 Wind

Wind, along with atmospheric pressure and waves, is one of the contributing

factors to the seawater level (Muslim et al., 2020; Rautenbach et al., 2020).

A study done by Muslim et al. (2020) investigated the use of AI methods to

predict the impact of metrological parameters on sea level. Observed values

of wind speed and direction were fed as inputs into an adaptive neuro-fuzzy

inference system (ANFIS) (a type of ANN). The ANFIS exhibited an accurate

performance in training (R and RMSE values ranging from 0.50–0.82 and 0.0070–
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0.0086) and testing (R and RMSE values ranging from 0.42–0.80 and 0.0059–

0.0095) for the prediction of seawater level and the results from the study has

proven to produce a reliable prediction for increases in sea level in coastal areas.

A recent study by Balogun and Adebisi (2021) investigated the use of three

different types of trained neural networks to predict sea level which made use

of ARIMA, long short-term memory NNs, and support vector regression models

where ocean and atmospheric variables were fed into the model (including wind

speed) to predict sea level. It was found that the mean R values for the ARIMA,

long short-term memory NNs and the support vector regression models were

0.710, 0.748, and 0.853 respectively. It was concluded that the long short-term

memory NN was the most effective method in sea level prediction compared to

ARIMA and support vector regression models.

1.4.3 Extreme Sea level

It is important to understand and predict seawater levels as environments in

the coastal zone are exposed to a variety of marine and land-based hazards

such as storm surge, shoreline erosion, flooding, and more (Hamlington et al.,

2015; Kopp et al., 2015; Neumann et al., 2015; Muis et al., 2016). Extreme

seawater level events are the changes in water level heights that are brought

about by contributing factors which consist of the mean sea level, storm surge

(a temporary rise in the height of the sea at a particular time and place as a

result of extreme meteorological conditions) and tides (IPCC, 2019).

A study done by Makarynskyy et al. (2004), developed and validated an ANN

that involved short (hourly seawater level predictions for the next 24 h) and

medium-term (mean seawater level predictions for the next half-day, day, 5-day

and 10 day periods) sea level forecasting in Western Australia. The results were

satisfactory with correlation coefficient ranges from 0.7–0.9 and it was concluded

that NN can be applied successfully to other coastal areas given that each NN

is site-specific and is suitably trained and validated (Makarynskyy et al., 2004).
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Another study by Ghorbani et al. (2010), forecasted sea levels for 12-h, 24-

h, 5-day, and 10-day time intervals using observed sea levels in Hillary’s Boat

Harbor, Australia. The AI techniques used in the study (genetic programming

(GP) and ANNs) performed satisfactorily (with correlation coefficients ranging

from 0.859–0.558 for ANNs and 0.924–0.873 for GP) and was proved to be an

alternative method to forecast sea level other than harmonic analysis which is a

conventional approach that is limited because of assumptions that; this method-

ology to predict seawater levels are data-intensive and years of tidal observations

need to be collected and processed to obtain valid seawater level estimates (Ghor-

bani et al., 2010). Another limitation with harmonic analysis is that, when there

is a new location of interest, there may be areas with scarce tidal observations

and this can be problematic because the location may share similar quantities

of gravitational actions by the Sun and Moon but differ in other components

that can be liable for up to 30 % mismatch between harmonic estimates and

measurements (Ghorbani et al., 2010).

Daily seawater level forecast studies have also been implemented in Bulgaria

(Pashova and Popova, 2011) where numerous forecasting techniques were used

such as; Cascade-Feed-Forward, Multiple Linear regression, ANNs, and more.

However, it was found that the ANNs are an effective way to recognise the

non-linear relationship between input and output sea levels by recognising the

pattern in historical datasets for long and short-term forecasts, reaching a corre-

lation coefficient value of 0.822 for the test dataset (Pashova and Popova, 2011).

Karimi et al., (2013) also did a study in forecasting sea levels at the Darwin

Harbor in Australia. Predictions for sea level were for the next hour, 24-h, 48-h,

and 72-h. Three methods were used to forecast, namely; ARMA, ANN, and

ANFIS. It was concluded that the ANN and ANFIS methods produced similar

R2 results of 0.964, 0.870, and 0.742; and 0.962, 0.866 and 0.731 for 24-h, 48-h,

and 72-h forecasts respectively and performed much better than ARMA which

produced R2 values of 0.925, 0.734 and 0.491 for 24-h, 48-h, and 72-h forecasts.

A study done by Cid et al. (2018) made use of multiple linear regression models
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for the time period 1866 to 2012 in Asia to reconstruct daily maximum storm

surge levels. It was concluded that the statistical models performed similarly or

better than a global numerical model, producing correlation coefficients rang-

ing from 0.83 to 0.93 (Cid et al., 2018). Recently, Tadesse et al., 2020 utilised

data-driven models to simulate daily maximum storm surge values globally. It

was found that the models performed better when simulating surge values in the

extratropical and sub-tropical regions than the tropical regions with an average

correlation of 0.79 and 0.45 and a RMSE of 7.5 cm and 5.3 cm, respectively

(Tadesse et al., 2020). Tadesse et al. (2020) concluded that data-driven models

provide an alternative and complementary method of simulating storm surges

which is effective and computationally cheap and to be used in conjunction

with numerical models which are computationally expensive. A recent study

by Rautenbach et al. (2020) made use of dynamic methods to forecast storm

surge. Numerical models have been calibrated and validated and as a result have

the ability to forecast storm surge along the coast of South Africa. Ocean and

atmospheric parameters (wind, wave, and atmospheric pressure) were used to

calibrate the model and it was confirmed that the wind plays a significant role

in storm surges in South Africa.

1.5 Objectives of this study

The studies mentioned above made use of machine learning techniques in oceanog-

raphy to forecast certain atmospheric and oceanic variables which is important

for coastal management and the safety of coastal communities. It is evident that

the previous studies made use of a variety of models that produced good results

based on the RMSE and high correlation coefficient values where some were

greater than 0.9. It is also noted that most of these studies forecast a maximum

of 72 hours with an exception of Rautenbach et al. (2020) and Makarynskyy et

al. (2004). Nonetheless, research on machine learning in oceanography is grow-

ing since it is cost-effective, more computationally efficient, and does not require

much data to run compared to numerical models. This study provides a more
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accurate model using neural networks to predict regional seawater levels fore-

casted over a longer period (one month). This is necessary because it will help

to improve the current forecasting systems in place in South Africa and in turn,

can assist Disaster Risk Management with adequate forewarning to implement

plans when disasters do occur.

Two general methods to model storm surge include data-driven methods and

dynamic methods. Data-driven methods involve the use of machine learning or

statistical techniques and efficiently utilise historical data to build a relationship

between its predictands and predictors (Harris, 1962; Cid et al., 2017). Dy-

namic methods utilise shallow water equations in order to explain the physical

processes which drive storm surge (Harris, 1962; Cid et al., 2017; Shamshirband

et al., 2020).

The objectives of this study are to:

� Develop a model using data-driven methods. This model will be trained

and validated using machine learning techniques to predict seawater levels

along the coast of South Africa.

� Investigate the relationship between seawater level (predictand) and sur-

face pressure, wind speed and direction, and mean wave period and direc-

tion (predictors).

� Supply a data-driven method that is computationally efficient and accu-

rate in predicting storm surges in South Africa since numerical models

are computationally expensive and need high-quality bathymetric data to

simulate surges (Tadesse et al., 2020).
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Chapter 2

Data and methods

2.1 Data sources

2.1.1 ERA-5

The European Centre for Medium-Range Weather Forecasts (ECMWF) has re-

leased its latest climate reanalysis dataset, ERA-5, which is being developed

through the Copernicus Climate Change Service (C3S). The Climate Data Store

datasets are evaluated by the Evaluation and Quality Control function of the

C3S. This is done independently from the data supplier (Hersbach et al., 2021).

The dataset has replaced ERA-Interim as of the 31st of August 2019. ERA-5

provides hourly data on various land-surface, sea-state and atmospheric vari-

ables, on 37 pressure levels, over the period 1979 to date. Reanalysis datasets

are accessible in the C3S on regular latitude-longitude grids at a horizontal res-

olution of 0.25◦ x 0.25◦ and 0.5◦ x 0.5◦ for mean, variance and member datasets.

The file formats are available in netCDF and GRIB. Table 2.1 shows the atmo-

spheric and oceanic variables that were used for this study.
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Table 2.1: Data downloaded from ERA-5.

Variable Unit Horizontal resolution (◦)
Surface pressure Pa 0.25×0.25
10 metre wind speed m/s 0.5×0.5
10 metre wind direction degrees 0.5×0.5
Mean wave period s 0.5×0.5
Mean wave direction degrees 0.5×0.5

2.1.2 University of Hawaii Sea Level Center

The University of Hawaii Sea Level Center (UHSLC) is one of the major net-

works of tide gauges that provide tide gauge data globally. Two types of datasets

that differ in the level of quality control (QC): Fast Delivery Data (FDD) and

Research Quality Data (RQD). FDD receives basic QC which mainly focuses

on the large level shifts and apparent outliers. The FDD are issued within 1–2

months of data collection. RQD are regarded to be datasets that are final and

science-ready. RQD undergoes a time-consuming RQ process which results in

the data being available only 1–2 years after it has been received from the orig-

inators by the UHSLC. FDD will be added to the RQD only after the final QC.

Many other international agencies contribute to FDD, however, RQD are only

available from the UHSLC at daily and hourly temporal resolutions. Although

there are numerous tide gauge records in the UHSLC database, the GLOSS

Core Network (GCN) serves as the backbone because it has an estimated 300

tide gauge stations globally which is the foundation of the seawater level network

(Figure 2.1) (Caldwell et al., 2015).
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Figure 2.1: Map showing the GCN tide gauge stations where green in-
dicates an operational station, orange indicates that it has been opera-
tional in the past and white means it has not been successful in opera-
tion (Psmsl.org. 2020. GLOSS Network Status. [online] Available at:
https://www.psmsl.org/products/gloss/status.php [Accessed 11 March 2020]).

2.2 Study region and tide gauge locations

There are eight tide gauge stations situated in South Africa (Figure 2.2). A table

of the longitude and latitude locations of the tide gauge stations is provided in

Table 2.2. Tide gauge data are available on the http://uhslc.soest.hawaii.

edu/thredds/uhslc_quality_hourly.html website, where both hourly and

daily data are available for all eight stations. In this study, hourly seawater level

data from UHSLC website was extracted using the legacy data portal (http:

//uhslc.soest.hawaii.edu/data/). The data from the legacy portal were

preferred over the data available on the http://uhslc.soest.hawaii.edu/

thredds/uhslc_quality_hourly.html website since the seawater level data are

more up to date, the data can be downloaded as a CSV, NetCDF (newer and

older version) and are more user-friendly. A map of South Africa with all the

tide gauge locations is provided in (Figure 2.2), however, in this study, one tide

gauge from each coast will be used i.e. Simon’s Town (west coast), Port Eliza-

beth (south coast), and Durban (east coast). Another reason for this is that the

legacy portal only provides seawater level data for these stations which coincide

with Figure 2.1 that show these stations are the only three operational sites.
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Figure 2.2: Tide gauge stations that are present in South Africa where PN, GB,
ST, MB, PE, EL, DU and RB stand for Port Nolloth, Granger Bay, Simon’s
Town, Mossel Bay, Port Elizabeth, East London, Durban, and Richard’s Bay
respectively. In this study ST, PE and DU (cyan coloured dots) will be used to
validate the model. Although the other stations are not currently operational,
seawater level data may still be found at http://uhslc.soest.hawaii.edu/

thredds/uhslc_quality_hourly.html.

Table 2.2: The longitude and latitude locations of the tide gauge stations in
South Africa.

Location Latitude Longitude
Port Nolloth -29.25 16.87
Granger Bay -34.18 18.43
Simon’s Town -33.90 18.45
Mossel Bay -34.18 18.43
Port Elizabeth -33.97 25.63
East London -33.00 27.90
Durban -29.83 31.03
Richard’s Bay -28.79 32.18
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2.3. DATA PREPROCESSING

2.3 Data preprocessing

Data preprocessing was done in MATLAB® (Mathworks, 2020), an interactive

software used for numerical computations (Higham and Higham, 2016). The

netCDF files from ERA-5 and MS Excel files of hourly seawater level data ob-

tained from UHSLC were imported into MATLAB. Both datasets were combined

into one structured timetable where the columns and rows correspond to the

variables and observations respectively. The presence of missing values (NaNs)

varied from site to site and was mainly due to the mismatch in the horizontal res-

olution between each of the ocean and atmospheric variables and the percentage

of NaNs ranged from 4.12 to 16 %. The percentage of NaNs for seawater level

ranged from 0.82–9.8 %. Interpolation was done in MATLAB® (Mathworks,

2020) using the built-in function, retime. A 33-hour low-pass filter (pl66tn)

(Beardsley and Rosenfeld, 1983) was applied to the hourly seawater levels to

ensure that the tidal signals were removed. Prior to the data being fed into the

network, a moving mean was applied to the data using the built-in function in

MATLAB® (movmean) to reduce the noise since studies have shown that the

presence of noise in a data set resulted in a decrease in the accuracy of model

predictions and yielded poor prediction results (Ahmed et al., 2019; Gupta and

Gupta, 2019).

2.3.1 Principal component analysis

Principal component analysis (PCA) is an effective multivariate statistical tech-

nique that extracts significant information about any latent common structure

that a dataset may have. It is very useful, especially when there are large

datasets that need to be analysed (Abdi and Williams, 2010; Ait-Sahalia and

Xiu, 2015; Xu et al., 2018). PCA was done on sea level, atmospheric and oceanic

variables to determine the drivers of seawater level and the strength of the in-

fluence that the different variables have on seawater level. Two PCA axes were

retained (components 1 and 2), which are plotted on the x and y-axis respec-
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tively (Figure 3.1). Despite only using three tide gauge stations to develop, train

and validate the model, the PCA will be carried out on all eight sites to confirm

the inverse relationship between seawater level and surface pressure and further

investigate how wind speed and direction, and mean wave period and direction

affect seawater level on the West and East coasts of South Africa. Furthermore,

data were available for all eight sites to perform the PCA.

2.4 The neural network model

The NARX model was applied to three different storms that occurred along the

coast of South Africa: the storm that hit Durban in March 2007; The Cape Storm

of June 2017 and the storm that occurred in July 2020 in Cape Town (Figures

1.3– 1.5). Separate site-specific NARX models were trained for each storm and

the number of models per storm is dependent on the availability of data. The

table below (Table 2.3) shows the sites used per storm and the time period used

to train, test, and validate the storm. The month in which the storm occurred

was extracted out of the time period used to train, test, and validate the model

using the Neural Net Time Series application from the Deep Learning Toolbox

14.0 provided by MATLAB® (Mathworks, 2020). This serves as an independent

data set to see if the model can be utlised for real-world application.

Table 2.3: The number of models that were trained, tested and validated for
each storm event. There is only one model per site.

Event Site Time Period
June 2017 Durban 2011 - 2017

Port Elizabeth 2011 - 2017
Simon’s Town 2011 - 2017

March 2007 Durban 2001 - 2007
July 2020 Simon’s Town 2014 - 2020

The open-loop NARX model was developed using the Neural Net Time Series

application from the Deep Learning Toolbox 14.0 provided by MATLAB®

(Mathworks, 2020). The NARX network was trained using supervised learning

that utilises a backpropagation training algorithm to adjust the weights between
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the neurons in order to minimise the error (Zubier and Eyouni, 2020). A total of

five inputs (atmospheric pressure, mean wave period and direction, wind speed

and direction) and a single output of seawater level was fed into the neural

network (Figure 2.3) where 70 % of the data is used for training, 15 % is used

to validate and the remaining 15 % is used to test the model. In MATLAB,

the default ratios to split the data into training, testing and validation are 0.7,

0.15 and 0.15 respectively (Mathworks, 2020). The default data division was

retained when developing the NARX network since previous studies done by

Filippo et al. (2012) has also separated the data into 70 % ,15 % and 15 % when

using artificial neural networks to improve sea level forecasting. Nitsure et al.

(2014) and Di Nunno and Granata (2020) have also divided the dataset into 70

% training and 30 % testing when predicting sea water levels and groundwater

level respectively.

The validation set measures the network’s ability to generalise and once the

generalisation does not improve, the training ends. The test set provides an

independent measure of the network’s performance and has no effect on the

training. There are three training algorithms available in the Deep Learning

Toolbox 14.0 provided by MATLAB® (Levenberg-Marquardt, Bayesian regu-

larization, and the Scaled Conjugate Gradient). Each training algorithm was

assessed for each site to determine which one was well-suited for this study in

terms of model accuracy and computational efficiency. Table 2.4 shows each

station, the correlation coefficient (R), and the time taken to train, test, and

validate the model. In this thesis, the Levenberg-Marquardt training algorithm

was implemented since it produced accurate model results and it took less time

to train, test, and validate the models.
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Table 2.4: Comparison between the three training algorithms; Levenberg-
Marquardt (LM), Bayesian regularization (BR) and the Scaled Conjugate Gra-
dient (SCG). The correlation coefficient and the time taken for each model to
be train, tested and validated is shown.

Storm event Site
Training algorithm

LM BR SCG
R Time (s) R Time (s) R Time (s)

June 2017 Durban 0.99 5 0.99 94 0.98 158
Port Elizabeth 0.99 82 0.99 1162 0.99 1100
Simon’s Town 0.99 5 0.98 1523 0.98 66

March 2007 Durban 0.99 71 0.99 1200 0.99 350
July 2020 Simon’s Town 0.99 5 0.99 35 0.94 82

Figure 2.3: A schematic showing the architecture of the NARX network.

2.4.1 Evaluation metrics

After training and validation, the test set was extracted from MATLAB and the

performance was measured using the correlation coefficients (R) (Equation 2.1)

and the root mean square error (RMSE) (Equation 2.2). The Willmott indices

of correlation (Equation 2.3) (Willmott et al., 2012) and the bias (Equation

2.4) were also included as part of the evaluation metrics.

R =

∑i=n
i=1 (Yi − Ȳ )(Ŷi − ¯̂

Y )√∑i=n
i=1 (Yi − Ȳ )2(Ŷi − ¯̂

Y )2
(2.1)
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2.4. THE NEURAL NETWORK MODEL

RMSE =

√√√√ 1

n

i=1∑
n

(Yi − Ŷi)2 (2.2)

Willmott Index = 1−
∑i=1

n |Ŷi − Yi|
2
∑i=1

n |Yi − Ȳi|
(2.3)

Bias = Yi − Ŷi (2.4)

where: Yi = Observed seawater level

Ŷi = Predicted seawater level

Ȳi = Average of the observed seawater level

¯̂
Yi = Average of the predicted seawater level
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Chapter 3

Results and Discussion

Seawater level predictions were made along the South African coastline using

machine learning techniques. The NARX models that were developed were ap-

plied to the validation set (storm events) which is completely independent from

the data set used to train the models. The results presented in the validation

set do not include and post-process corrections and were solely based on the

model settings during the training phase. Each model is site-specific and thus

the model performance will vary from site to site.

3.1 Principal component analysis

PCA results are shown in Figure 3.1 for all eight tide gauge stations. It is evident

that the inverse relationship between seawater level and surface pressure exists

and furthermore, on the east coast (Port Elizabeth, East London, Durban and

Richard’s Bay) it shows that wind speed has a weak signal of correlating with sea-

water level, this can be seen by the large, diverging angle (almost 180°) between

the two variables in the PCA biplot between seawater level and surface pressure

and the small angle between wind speed and seawater level, respectively. Table

3.1 shows the percentage of variance explained by each Principal Component
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3.1. PRINCIPAL COMPONENT ANALYSIS

for each station. The values for the stations on the west coast and south coast

(Port Nolloth, Granger Bay and Mossel Bay) have higher percentage of variance

that is explained by Component 1, ranging from 41.22 to 42.46. The stations

situated on the south and east coast (Port Elizabeth, East London, Durban and

Richard’s Bay) have a lower percentage of variance explained by Component 1

compared to the west coast, with values around 30. The variance explained by

Component 2 are all similar for all eight stations with values ranging from 19.83

to 23.61.

Table 3.1: Percentage of the variance explained by the fist principal component
(PC1) and the second principal component (PC2).

Parameter % of variance
explained by PC1

% of variance
explained by PC2

Port Nolloth 41.22 20.36
Granger Bay 42.07 20.22
Simon’s Town 32.75 22.60
Mossel Bay 42.46 19.83
Port Elizabeth 30.98 23.42
East London 30.94 23.17
Durban 30.74 23.61
Richard’s Bay 30.74 23.61
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3.1. PRINCIPAL COMPONENT ANALYSIS

(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 3.1: PCA done on the measured sea level data together with the influential
met-ocean variables (sp is the surface pressure, ws is the wind speed, wdir is the
wind direction, mwp is the mean wave period, mwd is the mean wave direction
and sl is the sea level) for a) Port Nolloth, b) Granger Bay, c) Simon’s Town,
d) Mossel Bay, e) Port Elizabeth, f) East London, g) Durban, and h) Richard’s
Bay.
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3.2. NARX MODEL PERFORMANCE

3.2 NARX model performance

The comparison between the modelled and the measured seawater level, shown in

Figures 3.2– 3.4, distinctly indicate the high performance accuracy of the model.

The performance was also statistically evaluated using the R and the RMSE

values (Table 3.2). The high R and low RMSE values which range from 0.85–

0.99 and 4.344–100.5 mm respectively, suggest a strong relationship between the

measured and the modelled seawater levels.

(a)

(b)

Figure 3.2: Final model validation for Cape Storm of June 2017 (a) Simon’s
Town, (b) Port Elizabeth and (c) Durban. Each panel indicates the measured
(blue) and the modelled (red) water levels after the tidal signals have been filtered
out on the left axis. The modelled seawater levels without the influence of mean
wave period and direction (pink), without the influence of pressure (black) and
without the influence of wind speed and direction (cyan) are presented as dashed
lines. The atmospheric pressure is provided on the right axis.
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3.2. NARX MODEL PERFORMANCE

(c)

Figure 3.2: Final model validation for Cape Storm of June 2017 (a) Simon’s
Town, (b) Port Elizabeth and (c) Durban. Each panel indicates the measured
(blue) and the modelled (red) water levels after the tidal signals have been filtered
out on the left axis. The modelled seawater levels without the influence of mean
wave period and direction (pink), without the influence of pressure (black) and
without the influence of wind speed and direction (cyan) are presented as dashed
lines. The atmospheric pressure is provided on the right axis.

Figure 3.3: Final model validation for the storm that occurred in Durban in
March 2007. The blue line indicates the measured seawater level and the red
line shows the modelled seawater levels after the tidal signals have been filtered
out on the left axis. The modelled seawater levels without the influence of mean
wave period and direction (pink), without the influence of pressure (black) and
without the influence of wind speed and direction (cyan) are presented as dashed
lines. The atmospheric pressure is provided on the right axis.
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3.2. NARX MODEL PERFORMANCE

Figure 3.4: Final model validation for the storm that occurred in Simon’s Town
in July 2020. The blue line indicates the measured seawater level and the red
line shows the modelled seawater levels after the tidal signals have been filtered
out on the left axis. The modelled seawater levels without the influence of mean
wave period and direction (pink), without the influence of pressure (black) and
without the influence of wind speed and direction (cyan) are presented as dashed
lines.The atmospheric pressure is provided on the right axis.

Figures 3.2–3.4 show that the NARX model is more accurate with all five meto-

cean variables (surface pressure, wind direction and speed, and mean wave period

and direction) being fed as the inputs into the model. The R decreases and the

RMSE values increase slightly without the presence of one or the other inputs,

especially atmospheric pressure which coincides with the PCA results that this

variable is one of the strongest influence on seawater level. Figures 3.2–3.4 vi-

sually show the decrease in accuracy (i.e. the model’s inability to capture the

peaks as seen across the validation period of all three storm events) of the model

when the other input variables are omitted. Overall, the lowest R and highest

RMSE values ranging from 0.85–0.95 and 18.26–100.5 mm respectively, are seen

when the surface pressure is not included as an input into the NARX model.

In June 2017, Simon’s Town had lowest R and higher RMSE values compared

to the other two sites (Durban and Port Elizabeth). It can also be seen that

the Willmott index for this station and storm was the lowest when pressure and

waves were not included in the model (0.44 and 0.17 respectively), this corre-

lates with the high RMSE (136.4 and 100.5 mm) and bias values (718.7 and

707.3 mm). It can also be visually seen that the modelled seawater levels for

Simon’s Town failed to predict some of the peaks and example can be seen in
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June 4 and 7, 2017, of Figure 3.2a). Modelled predictions for Durban and Port

Elizabeth (June, 2017) had a R value of 0.99 and a Willmott index ranging from

0.97–0.99 when all metocean variables were inputted into the model. However,

there is slight noise present in the modelled seawater level for Durban and there

are areas where the seawater level was underestimated (May 8 to 10, 2007) and

overestimated (March 3 and 20, 2007) (Figure 3.3).

Table 3.2: Correlation coefficients (R), the Willmott, et al., (2012) refined index
of model performance, root mean square errors (RMSE), and bias for the three
storm events.
Event Station Variables R Willmott

index
RMSE
(mm)

Bias
(mm)

June 2017 Durban

Predicted
Model no waves
Model no pressure
Model no wind

0.99
0.97
0.95
0.97

0.97
0.90
0.86
0.90

5.783
17.21
24.46
17.09

-19.74
93.51
14.72
83.26

Port Elizabeth

Predicted
Model no waves
Model no pressure
Model no wind

0.99
0.99
0.95
0.99

0.97
0.95
0.86
0.95

7.118
11.46
33.18
11.80

7.417
44.69
196.5
52.97

Simon’s Town

Predicted
Model no waves
Model no pressure
Model no wind

0.97
0.85
0.90
0.96

0.63
0.44
0.17
0.79

60.78
136.4
100.5
41.91

288.8
718.7
707.3
277.3

March 2007 Durban

Predicted
Model no waves
Model no pressure
Model no wind

0.99
0.98
0.95
0.97

0.99
0.90
0.85
0.90

5.680
26.65
18.26
18.25

7.464
105.3
171.5
104.8

July 2020 Simon’s Town

Predicted
Model no waves
Model no pressure
Model no wind

0.99
0.89
0.94
0.94

0.98
0.84
0.77
0.84

4.344
40.24
24.00
29.01

-6.129
694.2
376.1
685.3

The over and underestimated seawater level predictions that are seen in Figures

3.2–3.4 may be due to the oceanographic processes that were not accounted

for in the development of the model, e.g. processes such as shoaling where the

amplitude of the wave is increased as it runs from deep to shallower waters

(Van Dongeren et al., 2007; Rautenbach et al., 2020). Large, wide continental

shelves are commonly the most susceptible to experience shoaling as water piles

up against the coast due to shallow seas (Rautenbach et al., 2020) and in turn

are more vulnerable to storm surge events. This process occurs on the south

coast at the Agulhas and Namaqua Bank (Rautenbach et al., 2020), where the

continental shelf is wide and irregularly shaped (Carter er al., 1987). Since the
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3.2. NARX MODEL PERFORMANCE

continental shelf on the east coast of South Africa is narrow (Schumann, 1987;

Rautenbach et al.,2020), water is unable to pile up on easily on the shelf and

thus storm surges are mainly caused by low atmospheric pressure (Rautenbach

et al., 2020). Coastally trapped waves (CTWs) are an additional oceanographic

process that occur at the south coast which are caused by the features of the

continental shelf and coastline. The propagation of these waves depend on where

they occur (on the western boundary of the oceans propagation is toward the

equator and on the eastern boundary the wave propagation is toward the poles).

CTWs are largely driven by the changes in the longshore component of the wind

(Tomczak, 1998). The occurrence of CTWs on the south coast (Schumann and

Brink, 1990) is also unaccounted for in the NARX models thus affecting the

model performance.

The exclusion of variables that may have an influence on the coastal seawater

level may also be a possibility of why the models underestimate the observed

seawater levels. Storm surge is predominantly influenced by the atmospheric

barometric pressure known as the inverted barometer effect, the set-up of the

waves and wind as well as the bathymetry (Rautenbach et al., 2020). In this

study, the bathymetry was not included as one of the variables that influenced

seawater level predictions. In addition to bathymetry, friction also has a sig-

nificant role on the control over tidal dynamics on the continental shelves and

shallow waters. Bathymetry and the representation of friction can have a no-

table impact on the on coastal sea level (Wise et al., 2018; Serafin et al., 2019;

Rasquin et al., 2020; Wachler et al., 2020).

In the Southern Hemisphere, the Agulhas Current is a strong, narrow (around

100 km wide) western boundary current which flows south along the east coast of

South Africa, transporting warm, tropical water southward (Lutjeharms, 2006).

The Agulhas Current receives its source from mesoscale eddies from the south

of the Mozambique Channel and the East Madagascar Current (Morris and

Lamont, 2019; Trott et al., 2021). In this study, the presence of the Agulhas

Current was not taken into consideration when developing the models. This may
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3.2. NARX MODEL PERFORMANCE

have a significant affect on the predictive skill of the NARX model on the stations

along the south and east coast since the possible wave set-up caused by the

Agulhas current system was not accounted for (Nhantumbo, 2019; Rautenbach

et al., 2020) and may have been the cause of the noise present the modelled

seawater level in Figure 3.3.
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Chapter 4

Conclusions

The development of an open-loop NARX model using the Neural Net Time

Series application from the Deep Learning Toolbox 14.0 provided by MATLAB

® (Mathworks, 2020) was created in order to predict seawater levels along

the coast of South Africa. This research study provides an alternative method

of predicting seawater levels along the coast of South Africa using data-driven

models i.e. machine learning techniques in comparison to a recently developed

numerical model which utilised the shallow water hydrodynamic model (Delft-

3D) coupled with a non-stationary spectral wave model presented by Rautenbach

et al. (2020).

The NARX model and the numerical model presented by Rautenbach et al.

(2020) both aimed to develop a model that is able to predict storm surges along

the coast of South Africa. Rautenbach et al. (2020) focused on one significant

storm event where the model performed well for the stations situated on the

West coast (Cape Town, Mossel Bay, and Port Elizabeth) of South Africa but

decreased in model accuracy for the stations as we move along the south to

the East coast of South Africa (East London, Durban, and Richard’s Bay).

Nonetheless, the results presented in Rautenbach et al. (2020) for the seawater

level prediction accuracies were well within the limits of published literature.

The NARX model utilised three storm events and produced results that are
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more accurate than the numerical model for all three stations irrespective of

their locations. Rautenbach et al. (2020) also included modelled wind speed

and direction into their numerical model which can undoubtedly be explored in

future research for the predictions of seawater level.

It has been demonstrated that the NARX model can provide valuable and more

accurate information in comparison to the current numerical model in place by

Rautenbach et al. (2020) which in turn can be applied to aid current forecasting

systems in place at SAWS where marine weather forecasts are high-resolution

but can only forecast for the next three days. The forecasting method provided

in this study can have the potential to give high-resolution forecasts for more

than three days at a time if it can be incorporated with the current systems in

place.

The performance of the constructed NARX models showed that seawater levels

can be predicted with high accuracy which indicated that the model could cap-

ture the non-linear relationships that exist between each forcing variable (Zubier

and Eyouni, 2020). The model was also tested to investigate the role of each

of the forcing metocean variables had on the seawater level and how the model

performance differs if one variable was omitted. This revealed that each of the

metocean variables played a significant role in the accuracy of the model’s predic-

tion since the model performance was most accurate in predicting seawater level

when wind, wave, and atmospheric pressure were inputted into the network.

A drastic decrease in the performance of the model is seen when the surface

pressure is not included as an input into the NARX model (Table 3.2). The

magnitude of how strong the influence of each metocean variable was also inves-

tigated using PCA where it demonstrated that surface pressure is the dominant

driving force behind the seawater level (Figure 3.1 and Table 3.1).

The study presented here clearly shows an effective methodology to not only

demonstrate the high accuracy it has on seawater level predictions, but also be

able to further investigate the importance of what each oceanic and atmospheric

variable has on the seawater level. Based on these conclusions, further investi-
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gations can be done to explore other drivers that affect seawater level such as

bathymetry and other oceanographic processes (e.g. shoaling). Future studies

can involve understanding the local dynamics of the Agulhas Current and the

effect that it may have on seawater level along the East and South coast of South

Africa. PCA can also be performed once the influence of the Agulhas Current

has been understood, to assess how significant the current is on seawater level

compared to the metocean variables discussed in this study. Furthermore, re-

search can be implemented to predict other oceanic and atmospheric parameters

such as wind, waves, and atmospheric pressure. However, it must be noted that

a mechanistic component along with the data assimilation may always be re-

quired to obtain the background signal. In this study, the component referred to

is surface pressure since it has a strong influence on seawater level and is a sig-

nificant input variable. This can lead to accurate predictions for other extreme

events which use other forms of machine learning such as ARIMA, ARMA, and

FFNN to predict waves, SST, and wind.
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J., Nicolas, J., Peubey, C., Radu, R., Rozum, I., Schepers, D., Simmons, A.,
Soci, C., Dee, D., Thépaut, J-N. (2018): ERA5 hourly data on single levels from
1979 to present. Copernicus Climate Change Service (C3S) Climate Data Store
(CDS). (Accessed on ¡ 22-DEC-2021 ¿), 10.24381/cds.adbb2d47

Higham, D.J. and Higham, N.J., 2016. MATLAB guide. Society for Indus-
trial and Applied Mathematics.

Hirabayashi, Y., Mahendran, R., Koirala, S., Konoshima, L., Yamazaki, D.,
Watanabe, S., Kim, H. and Kanae, S., 2013. Global flood risk under climate
change. Nature Climate Change, 3(9), p.816.

Hobday, A.J., Alexander, L.V., Perkins, S.E., Smale, D.A., Straub, S.C., Oliver,
E.C., Benthuysen, J.A., Burrows, M.T., Donat, M.G., Feng, M. and Holbrook,
N.J., 2016. A hierarchical approach to defining marine heatwaves. Progress in

46



Oceanography, 141, pp.227- 238.

Huang, W., Murray, C., Kraus, N. and Rosati, J., 2003. Development of a re-
gional neural network for coasta Bustami, R., Bessaih, N., Bong, C. and Suhaili,
S., 2007.

Hutchings, L., Van der Lingen, C.D., Shannon, L.J., Crawford, R.J.M., Ver-
heye, H.M.S., Bartholomae, C.H., Van der Plas, A.K., Louw, D., Kreiner, A.,
Ostrowski, M. and Fidel, Q., 2009. The Benguela Current: An ecosystem of four
components. Progress in Oceanography, 83(1-4), pp.15-32.

IPCC, 2019: IPCC Special Report on the Ocean and Cryosphere in a Changing
Climate [H.-O. Portner, D.C. Roberts, V. Masson-Delmotte, P. Zhai, M. Tignor,
E. Poloczanska, K. Mintenbeck, A. Alegria, M. Nicolai, A. Okem, J. Petzold, B.
Rama, N.M. Weyer (eds.)]. In press.

IPCC, 2021: Climate Change 2021: The Physical Science Basis. Contribution
of Working Group I to the Sixth Assessment Report of the Intergovernmental
Panel on Climate Change [Masson-Delmotte, V., P. Zhai, A. Pirani, S. L. Con-
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Yelekçi, R. Yu and B. Zhou (eds.)]. Cambridge University Press. In Press.

Jury, M.R., 2013. Climate trends in southern Africa. South African Journal
of Science, 109(1- 2), pp.1-11.

Jury, M.R., Valentine, H.R. and Lutjeharms, J.R., 1993. Influence of the Ag-
ulhas Current on summer rainfall along the southeast coast of South Africa.
Journal of Applied Meteorology, 32(7), pp.1282-1287.
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