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Abstract

Clean water is an important resource, one that is not readily available to everyone, especially in
developing countries such as South Africa. This is due to a variety of reasons, including
overpopulation, pollution, and lack of infrastructure in water treatment facilities. Gauteng
Province, the economical hub, as well as the most populated province in South Africa receives its

water from Rand Water, Africa’s biggest water treatment facility.

Rand Water, like many other water treatment facilities uses various processes to clean raw water.
Throughout these procedures, sensors and communication devices monitor chemical parameters
such as pH, alkalinity, chlorine etc. in real-time. This produces enormous amounts of complex
data, known as big data. It has been reported that water treatment facilities use less than 40% of
the data that they produce. This has undoubtedly deprived these facilities and authorities to fully
exploit such data and draw some insights that can be actionable towards better water management

and planning.

Machine learning, a subfield of artificial intelligence that allows software applications to
accurately predict outcomes without being explicitly programmed, has presented some of the most
useful tools for processing large datasets and has found application in medicine, finance,

marketing, art, music, and environmental management among other areas.

This study aimed at applying machine learning techniques to assess water quality data at one of
the treatment facilities at Rand Water. The approach involved: (1) cleaning and pre-processing
datasets for nephelometric turbidity units (NTU) obtained from four filter houses; (2) developing
algorithms that can effectively predict future turbidity levels, namely multilayer perceptron
artificial neural networks (MLP-ANN), long-short term memory (LSTM), random forest (RF), and
support vector regression (SVR); and (3) testing the robustness of the models under different

model input and hyperparameter settings.

For the predictive analysis, two scenarios were developed: Scenario 1 were predictions using the
complete datasets and Scenario 2 were predictions using datasets that were treated for outliers. The
performances of the algorithms were monitored using three loss functions, namely: root mean
square error (RMSE), mean squared error (MSE) and coefficient of determination (R?). The errors

are expressed as absolute values.



For Scenario 1, with respect to the RMSE and MSE metrics, the algorithms observed similar
performances, with very low errors (values closer to zero). With respect to the R? metric, the LSTM
algorithm produced the highest average testing phase score (0.522). These results showed that the
LSTM algorithm is best suited for predictive analysis when datasets are treated for outliers.

For Scenario 2, with respect to the RMSE and MSE metrics, LSTM, RF, and MLP-ANN had
similar results for both the training and testing phases, which were good (errors were close to zero).
The SVR algorithm gave similar performances for the training phase as the other algorithms.
However, for the testing phase, the errors were elevated. The algorithm achieved its highest errors
using data from Filter House 3, with an MSE of 12.577 NTU? and RMSE of 3.546 NTU. With
respect to the R? metric, RF had the best performance in the testing phase (0.006) and training
phase (0.238) using data from Filter House 4 C, relative to the other algorithms. RF is the only
algorithm that produced positive scores. These results show that RF is best suited for predictive
analysis when the datasets are not treated for outliers. However, in general (and not relative), the

RF R?scores are very low. The algorithm may need to be improved or replaced.

For the case tests, two scenarios were tested: the effect of overfitting on the neural networks (MLP-
ANN and LSTM) and the effect of data augmentation on predictions. Overfitting occurs when the
algorithm successfully predicts the training dataset but fails at predicting unknown cases, and data
augmentation is the process of increasing the amount of data available by mathematically
introducing synthetic values. The study found that when the neural networks are not treated for
overfitting, they produce poor predictions in the testing phase. The study also found that when the
data is augmented, the algorithms produce poorer predictions.

The study reveals how machine learning can be implemented to treat the enormous amounts of
data produced in water utilities (detection of missing values and outliers etc.) The study has also
revealed the potential of the data produced in water treatment plants for predictive studies.
Although the performances of the algorithms were not the best, future research can improve on
these, and in turn improve the monitoring and maintenance of water utilities timeously and cost

effectively.
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Chapter 1: Introduction

This chapter presents the background, problem statement and motivation for the study. It gives a
brief overview of the gaps existing concerning effective water quality management at water

treatment plants for which techniques such as machine learning can be employed.

1.1 Research background

Industrialisation has been a major driving force in development and urbanisation in many societies
for decades. Even though it has its advantages, it has been identified as a major threat to the
environment. It releases toxic substances to notably, water bodies. These include organic
chemicals and inorganic trace elements such as lead and cadmium (Gidlow, 2004; Sharma et al.,
2015). Such contamination has adversely impacted water resources, thus putting a strain on water
treatment (Wang & Yang, 2016).

Conventional water treatment systems incorporate sand and carbon filters and have had some
modifications in some instances to manage some emerging contaminants (Huang et al., 2021).
Most of these treatment plants have recorded large amounts of data relating to quality of raw
influent water and treated water for reticulation (Thompson & Kadiyala, 2014). There has been,
however, limited use of this big data for meaningful water quality management, planning and
predictive maintenance. Where modelling of such data has been conducted, the techniques have
largely been deterministic and limited in their robustness (Newhart et al., 2019). With the advent
and fast development of artificial intelligence (Al), several tools e.g., machine learning and deep
learning are now available that can be usefully applied to such big data to extract patterns and

predict trends from which decision making on treatment plant processes can be based.

Artificial intelligence is not a new tool, having its roots from as far back as the 1940s and 1950s
when it was introduced by figures such as Alan Turing, Alan Hodgkin and Andrew Huxley (the
latter two are known for the Hodgkin-Huxley algorithm) (Zaremba & Smolenski, 2000; Hodgkin
& Huxley, 1952). It developed slowly over the years with cybernetics, neural networks and expert
systems being some of the milestones. Improvements in computing capability, internet, and
generation of large amounts of data in the past fifteen years or so have seen an exponential rise in
the development and adoption of Al, especially in machine learning and deep learning. This has

seen wide applications e.g. in prediction of natural disasters such as tornadoes (Abad & lyengar,

1



2015) and tsunamis (Marras & Mandli, 2021); health care (Kourou et al., 2015); agriculture
(Liakos et al., 2018); speech recognition and natural language processing (Van Houdt et al., 2020)
and some water studies (Kirthana & Soumya, 2020; Bernardelli et al., 2020; Al-Adhaileh &
Alsaade, 2021; Ramli et al., 2018).

In machine learning (which generally includes deep learning), a computer learns without being
explicitly programmed. Using a mathematical notation, it receives a model from some observed
dataset, also termed the training dataset and uses that model to predict for other unknown datasets,
instead of using a set of codes prescribed specifically to cater for the training dataset alone (Singh

& Dhiman, 2021). These tools are discussed in detail in Chapter 2.

1.2 Problem statement and motivation

In the 21° century, data is produced in a myriad of ways. These include social media activities,
internet activities, scientific expeditions, business transactions, surveys, and sensor technologies,
among many others. These benefit industries in understanding their operations (Gaffoor et al.,
2020). Water treatment facilities often use less than 40% of the data they produce (Thompson &
Kadiyala, 2014). In a world where data helps improve different subjects and departments, this is

counterintuitive and presents a major disadvantage.

Water is an important natural resource and shortages are becoming more frequent. This negatively
affects economies, especially in developing countries such as South Africa, which already faces
water scarcity resulting in limited access to clean water for the most impoverished (Luo et al.,
2015; Basson et al., 2018; Habiyaremye, 2020). Thus, proper management of this resource cannot
be overemphasised. In water treatment plants, the large amounts of water quality data that are
recorded provide a platform for the application of machine learning tools to predict trends,
optimise plant efficiency and minimise costs through predictive maintenance e.g., filter

replacement.

This study focused on the use of machine learning techniques such as multilayer perceptron
artificial neural networks (MLP-ANN); a type of support-vector machine (SVM) known as
support-vector regression (SVR); random forests (RF) and recurrent neural networks (RNN) based
on long-short term memory (LSTM) networks to assess water quality in a water treatment plant
over time. These algorithms were selected because they work best with regression problems.



Chapter 2: Literature Review

This chapter presents an overview of machine learning. The different types of machine learning
algorithms are discussed as well as similarities amongst them. The chapter then expands on the
four different machine learning algorithms chosen for the study (MLP-ANN, SVM (SVR), RF and
RNN (LSTM)). A brief overview of the processes in water treatment facilities, focusing on the

amount of data generated and its relevance.

2.1 Machine Learning

The relationship of artificial intelligence (Al), machine learning (ML) and deep learning (DL) can
best be described by what is known as the Russian nested doll. DL is a subset of ML which in turn
is a subset of Al (Figure 2.1).

Artificial Intelligence

Machine Learning

Deep Learning A subset of Althat ANy technique that
enables computers
to mimic human
intelligence, using
logic, if-then rules,
decision trees, and
machine learning
(includingdeep
learning)

The subset of machine learning includes abstruse
composed of algorithms that permit statistical techniques
software to train itself to perform tasks, that enable machines
like speech and image recognition, by to improve at tasks
exposing multilayered neural networksto ~ with experience. The
vast amounts of data. category includes
deep learning

Figure 2.1: Relationship of artificial intelligence, machine learning and deep learning
(https://www.geospatialworld.net/blogs/difference-between-ai%EF%BB%BF-machine-learning-

and-deep-learning/ (Accessed on 31 August 2021)).

Machine learning is the scientific study of algorithms and statistical models that computer systems
use to perform a specific task, based on patterns and conjecture, without using detailed instructions
and commands. Machine learning algorithms create a mathematical model based on sample data,
known as the training dataset, to make predictions or decisions without the need to program them
to do the task (Singh & Dhiman, 2021).



There are many machine learning algorithms e.g., k-nearest neighbours (kNN), k-means, support
vector machines (SVM), artificial neural networks (ANN), decision trees, principal component
analysis (PCA), etc that have been used across many disciplines. The algorithms operate
differently and cater for different sorts of problems. In this section, different types of machine

learning algorithms are described by grouping them based on learning styles and similarities.

2.1.1 Grouping algorithms based on learning styles

The most popular method of grouping machine learning algorithms is based on how they interact
with the initial dataset, giving rise to different learning styles. Three main learning styles, namely:

supervised learning, unsupervised learning and semi-supervised learning will be discussed.

2.1.1.1 Supervised learning

Supervised learning consists of a set of labelled datasets that train or supervise the algorithm into
either classifying or predicting outcomes. The algorithm does not only use predetermined input
variables, but also uses predetermined output variables, and traces a relationship between the two
(Newhart et al., 2019). What this means is that the machine learning algorithm will take the input
dataset, divide it into a training set and validation set, train using the training set and make
predictions on the validation set. This continues until the highest possible accuracy between the
training and validation set is achieved. Examples of supervised learning algorithms include some
neural networks, naive bayes and random forest (RF).

2.1.1.2 Unsupervised learning

Unsupervised learning algorithms use a set of unlabelled datasets. In unlabelled datasets, there is
not a target variable to predict or estimate. The machine learning algorithm discovers patterns and
similarities in the data and produces results from the differences (Anowar et al., 2021). Because of
this, these types of algorithms are mainly used for exploratory data analysis, customer
segmentation and image recognition (IBM Cloud Education, 2020). Examples of unsupervised
learning algorithms include k-means, self-organising maps (SOM), independent component

analysis (ICA) and principal component analysis (PCA).



2.1.1.3 Semi-supervised learning

Semi-supervised learning consists of both labelled and unlabelled datasets. The latter is often in
greater amounts because it is easier to acquire and less expensive. The algorithm develops an agent
which interacts with its environment, which can be the initial dataset. If the agent is successful in
an estimation, it gets rewarded. If it is not successful, it receives no reward. Thus, the algorithm
learns through a trial-and-error process (Lawrynowicz & Tresp, 2014). An example of a semi-

supervised learning algorithm is a Markov decision process (MDP).

2.1.2 Grouping algorithms based on similarities

Another popular method of differentiating between the many different types of machine learning
algorithms is to group them based on their similarities — by the way they function. Although there
is almost an unlimited number of ways in which machine learning algorithms can be grouped
according to their similarities, the following list is based on the most popular algorithms. A
mindmap illustrating different machine learning algorithms, not exhaustive, is presented (Figure
2.2).
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Figure 2.2:  Mindmap of different types of machine learning algorithms
(https://machinelearningmastery.com/wp-content/uploads/2013/11/Machine-Learning-
Algorithms-Mindmap-Sample.png (Accessed on 31 August 2021))

2.1.2.1 Regression

A regression algorithm will trace a relationship between variables, namely, the predictor
variable(s) and the target variable(s). The algorithm tries to predict the target variable and will
refine the prediction by error minimisation until the highest possible estimation is achieved (Abate
et al., 2020).

2.1.2.2 Clustering

Clustering algorithms divide data points in the dataset into groups based on the similarities they
share. This means that data points in a particular group will be more similar than the data points in
another group (Asadi-Pooya et al., 2021). There are over 100 clustering algorithms, and these are
organised according to the way they operate, such as connectivity algorithms or distribution
algorithms.



2.1.2.3 Artificial Neural Networks

Artificial neural networks algorithms were modelled after the way our biological neural networks
function. It adds together values from the input it receives. If the values surpass a given threshold
determined by an activation function, they are passed along the chain to the next neuron to be
processed until the final output is calculated (Goudarzi et al., 2021). These will be discussed in

detail further at a later stage.

2.1.2.4 Deep Learning Neural Networks

Deep learning neural networks algorithms are a modern update of artificial neural networks that
function by constructing larger and more complex neural networks to allow for a more
comprehensive analysis. Because of these complex networks, these types of algorithms can deal
with large amounts of labelled datasets (Antwi-Boasiako et al., 2021). These are the algorithms
that have been credited with the exponential growth and adaptation of Al e.g., in areas such as

driverless cars, virtual reality and natural language processing among others.
2.1.2.5 Ensemble Learning

Ensemble learning algorithms work by combining the prediction of multiple algorithms to achieve
a better overall prediction. This can also achieve greater accuracy and robustness (Guo et al.,
2021). These algorithms generally use the same approach that is used to draw decisions based on
“wisdom of the crowds” e.g., allowing different groups of people to work on a problem and then

aggregate their decisions to make a final decision.
2.1.2.6 Instance-Based Learning

Instance-based learning, also known as memory-based learning or lazy learning is a type of
machine learning algorithm that learns from the training dataset and makes generalisations on new
instances based on a similarity measure. It makes assumptions from the training dataset and

extends these assumptions into new entries (Aha et al., 1991).

2.1.2.7 Bayesian

Bayesian networks use the Bayes Theorem for problems such as prediction and classification.
These algorithms are made up of topology structure and parameters representing the joint

probability distribution of random variables. In illustrations, they are represented by directed



acyclic graphs (DAGs). These are composed of neurons and edges, which depict the random

variables and the dependency relationships between these variables, respectively (Sun et al., 2021).

2.1.2.8 Regularisation

Regularisation algorithms are extensions to other algorithms that simplify these algorithms to
avoid overfitting by penalising complexity (Rao & Scherer, 2010). Overfitting and underfitting are
common terms to describe the behaviour of models following training and will be discussed further

at a later stage.
2.1.2.9 Decision Trees

Decisions trees are algorithms that split the data continuously according to certain attributes. The
simplest form consists of decision neurons and leaves. The decision neurons are used to split the
data and leaves are the final output (Makariou et al., 2021). Decision trees that deal with discrete
values are known as classification trees, and those that deal with continuous values are known as
regression trees. Decision trees that can handle both classification and regression problems are
known as classification and regression trees (CART) (Cheng et al., 2019). Random forest (RF) is
a tweak on this approach where decision trees are created such that instead of selecting optimal
split points, suboptimal splits are made by introducing randomness. RF is classified under

ensemble methods.

2.1.2.10 Dimensionality Reduction

The performance of machine learning algorithms decreases as dimensionality increases. This is
usually termed “the curse of dimensionality”. Dimensionality reduction algorithms aim to reduce
the effect of dimensionality and improve the quality of the dataset by simplifying the data. This
can be done through feature selection, which is the process of eliminating less informative
variables. This can also be done through feature extraction, which is the process of combining
existing features into a few new features through algebraic equations e.g. in PCA (Makariou et al.,
2021).



2.1.2.11 Associate Rule Learning

Associate rule learning algorithms check for dependencies in variables in the dataset by assessing
interesting relations and associations. The algorithm then maps these together, such as mapping
similar variables in multidimensional datasets in market analysis (Shaukat Dar & Zaheer, 2015).

The following section will discuss in detail the four machine learning algorithms chosen for this
study, namely: SVM (SVR), ANN (MLP), RF, and RNN (LSTM). These are best suited to handle
regression problems and were selected based on their relevance for the study.

2.2 Support-Vector Machines

2.2.1 Conceptual background

Support-vector machines are supervised learning algorithms. They fit a given observation into the
relevant category. For simplicity, the algorithm has been explained with the assumption that there
are only two categories available. Observations are firstly placed on an n-dimensional space
according to their coordinates. These are then grouped according to their similarities. A threshold
is then calculated between the observations at the ends to develop the two categories. This
threshold is known as a hyperplane and separates multidimensional data (Ahmed et al., 2019). Its
mathematical expression is given by equation 2.1 (Moguerza & Mufioz, 2006):

y=w-x+b (2.1)

where: x is (x; , x,), the initial coordinates of a data point, b = (a, -1), a is the gradient and b is the

y-intercept. The hyperplane makes predictions based on equation 2.2 (Moguerza & Mufioz, 2006):

+1lifw-x+b =0

hx) = {—1ifw-x+b <0 22

A point above or on the hyperplane will be classified as class +1, and a point below the hyperplane
will be classified as class -1. When a new observation enters the edge of one of the two categories,
a new hyperplane is calculated using that observation. A good SVM algorithm will try to find the
best hyperplane to separate the data accurately. The first type of classifier that can be developed
from a hyperplane is a margin maximum classifier. The margin maximum classifier is used to

calculate the shortest most possible distance between the observations on the edges of the
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categories, and the distance between these observations and the hyperplane is called a hard margin
(Yahya et al., 2019).

However, the maximum margin classifier is very sensitive to outliers in the training dataset. This
results in an unreliable hyperplane. To make a hyperplane that is not sensitive to outliers, the SVM
algorithm needs to misclassify some of the observations, so that it does not affect the classification
of the next observation. Choosing a hyperplane that allows for misclassifications is an example of
the Bias/Variance Trade-off that affects all of machine learning. A good hyperplane needs to have
a high bias and a low variance. When misclassifications are allowed, the distance between the

observations and the hyperplane is called a soft margin (Wu, 2005).

Various soft margins can be calculated for a given training dataset. Cross-validation is used to
determine how many misclassifications and observations to allow inside of a soft margin to get
the best classification. A soft margin classifier - also known as a support vector classifier - is used
to determine the hyperplane through a soft margin (Wu, 2005). The observations used to calculate

the soft margin and those inside the soft margin are called support vectors.

The type of SVM that deals with regression problems is known as a support vector regression
(SVR). It uses the same principle as an SVM. However, the algorithm develops two decision
boundaries in-between the hyperplane, which acts as the regression line instead of the category
threshold. The objective of SVR is to only consider values within these decision boundary lines
(Figure 2.3).

If the equation of a hyperplane is (2.1), then the equation of the decision boundaries become
equations 2.3 and 2.4 (Sethi, 2020):

+a=w-x+b (2.3)

—a=w-'x+5b (2.4)

where: a is the distance between the hyperplane and a decision boundary. Any hyperplane that
satisfies an SVR algorithm should satisfy equation 2.5 (Sethi, 2020):

a<y— w-x+b< +a (2.5)
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An SVR algorithm returns continuous-valued outputs instead of outputs from a finite set, which is
the reason why it is used in regression problems as opposed to SVM, which is best suited for

classification problems (Awad & Khanna, 2015).

SVR Prediction
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Figure 2.3: An SVR plot showing the hyperplane (red line) in-between two decision boundaries
(black lines). Any data point outside of the decision boundaries is not a support vector
(https://towardsdatascience.com/an-introduction-to-support-vector-regression-svr-a)

2.2.2 Summary of research conducted on SVM

Several studies in water-related research have been conducted which used SVM and SVR in

combination with other machine learning techniques (Table 2.1).
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Table 2.1: A summary of the research reported on SVM and SVR

Author
(Olyaie et al., 2017)

(Kar et al., 2016)

Algorithms
MLP, RBF,
LGP, SVM

SAM,
SAM with
BandMax,
SVM,
ISODATA

Research remarks

The study implemented various algorithms to predict
dissolved oxygen (DO) levels. The parameters used to
predict DO were pH, temperature, electrical
conductivity (EC) and river discharge (Q). The least
mean square error (MSE) was used to produce the most
efficient architectures of the algorithms. All algorithms
had a not significant (NS) score larger than 0.7. An
algorithm is considered very accurate if it has an NS
score of 0.8 or greater. However, the algorithms were
not far off and had a good performance during both the
training and validation stages. SVM had a higher NS
score than the other algorithms and generally
performed better. Specifically, the SVM algorithm
produced a lower root mean square error (RMSE), as
well as a higher coefficient of determination (R?). The
SVM algorithm produced a good forecast, close to
expectations when compared with other algorithms. It
was concluded that SVM obtained the best relative
error between DO observed and modelled.

Spectral angle mapper (SAM), SAM target finder using
BandMax, SVM and iterative self-organising data
analysis technique (ISODATA) were used to identify
spatial variability of metal pollutants in water from an
image developed from remote sensing. SVM provided
classes that could be correlated with natural spectral
classes that were generated using the ISODATA

algorithm. This is a perfect example of how well SVM
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Author

(Forough Kamyab-
Talesh et al., 2019)

(Gamble & Babbar-
Sebens, 2012)

(Fan et al., 2018)

Algorithms

SVM

PCA, DA,
SVM,
Kohonen
SOM

SWAT,
SVM

Research remarks
algorithms can be used in conjunction with other
algorithms to produce effective results.
The study aimed to predict the water quality index
(WQI) using SVM and identify the key attributes that
influence the variability of the WQI. R? and RMSE
statistical tools were used to validate the performance
of the algorithm. The R? score obtained was 0.87 and
the RMSE score was 0.061. The SVM algorithm was
able to explain 87% of the variability of the WQI and
successfully identified nitrate as the most important
parameter influencing the WQI.
The study used various methods for combining in-
stream monitoring data and spatial analysis data to
characterise water quality conditions. PCA was used
for linear dimensionality reduction while Kohonen-
SOM was wused for non-linear dimensionality
reduction. The results of the dimensionality reduction
were assembled using kNN clustering. Linear
discriminant analysis (LDA) and SVM were used to
establish a relationship between the linear and non-
linear variables respectively. SVM performed the best,
although both algorithms performed very well.
The study aimed to identify priority zones for river
restoration. The soil and water assessment tool
(SWAT) was developed to model temporal-spatial
variations in environmental indicators. SVM was
developed to explore the relationships between aquatic
organisms and environmental indicators. The
algorithms coupled could identify the relation and need

for restoration.

13



Author Algorithms Research remarks
(Guan, 2020) SVM SVM was used to predict the scale of the hydraulic ash
pipeline in a water treatment process. SVM performed
better when compared to the traditional methods. Not
only did it not require complex reaction modes such as
chemical balance, but it also simplified intermediate
links.

2.2.3
Advantages and disadvantages

Several advantages and disadvantages of SVM and SVR are listed in Table 2.2.

Table 2.2: Advantages and disadvantages of SVM and SVR

Advantages Disadvantages

SVM is defined by a convex optimisation To do multi-class classification, pairwise

problem (there are no local minima) (You et classifications need to be used (Karamizadeh et

al., 2013). al., 2014).

Capable of processing binary value inputs Computationally expensive.

and allows for easy adding and removal of

features.

Relatively accurate. Very slow.

Can identify complex nonlinear relationships  Has a difficult training process because of the

(Raghavendra & Deka, 2014). parameter C which is determined by the analyst
and determines the degree of misclassification
(Modaresi & Araghinejad, 2014).

2.3 Random Forests

2.3.1 Conceptual background

Random forests (RF) are supervised learning algorithms that can accomplish both classification

and regression problems, and they are based on decision trees (DT). DT consist of neurons, which
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essentially relate options. Observations respond to one of these options and the tree is then grown
to produce more neurons until a final output is calculated (Rakhra et al., 2021). Predictions are
made by walking the splits of the tree (which is binary) until arriving at a leaf node and outputting
the class value at that leaf node. DT have high variance and can yield more accurate predictions
when used in an ensemble. RF is a variation of this approach in which DT are created such that

rather than selecting optimal split points, suboptimal splits are made by introducing randomness.

Basically, RF consists of multiple DT which operate as an ensemble (Figure 2.4). For
classification, each tree in the RF formulates a class prediction, and the class with the most votes
become the algorithm’s prediction. For regression, multiple trees are constructed, and the output
is generated based on the average of a single-tree method. RF works because a large number of
relatively uncorrelated algorithms operate as a community, which will always outperform any
individual DT. The ensemble method that RF uses is called a BAGGing or Bootstrap
AGGregating. The result of the regression is calculated using equation 2.6 (Gareth et al., 2013):

B
1
=1

where: x; is the input state, B is the number of trees and T, represents each tree.

Bootstrap Bootstrap Bootstrap
Sample 1 Sample 2 Sample K

Regression tree 1 Regression tree 2 . Regression tree K

-~ v ~

Aggregate

Figure 2.4: A schematic representation of an RF consisting of multiple DT algorithms (Makariou
etal., 2021)
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2.3.2 Summary of research conducted on RF

Several studies in water-related research have been conducted which used RF in combination with
other machine learning techniques (Table 2.3).

Table 2.3: A summary of the research reported on RF

Author Algorithms Research remarks

(G. Chenetal., 2017) RFR, W- The study aimed to predict water consumption. This
RFR, presented a problem for the prediction due to
FFNN consumption fluctuations, given their non-stationary
and non-linear characteristics. A multiple random
forests (RFR) algorithm and an integrated wavelet
transform and random forests regression (W-RFR)
algorithm were used. Four statistical tools were used to
evaluate the algorithms: R?, mean absolute percentage
error (MAPE), normalised root mean square error
(NRMSE) and threshold static (TS). W-RFR could
predict the basic dynamics of daily water consumption.
This was further compared With RFR and feed-forward
neural networks (FFNN). W-RFR had the Dbest

precision in the predictions.
(Sameen et al., 2019) RF, SLRF,  The study aim was to map groundwater yield. RF was
SVM, used and compared to other algorithms: SVM, ANN
ANN, DT  and DT. The RF algorithm used was a self-learning
random forest (SLRF). This improved the general
performance of RF by about 23%. SLRF outperformed

all the other algorithms when all parameters were

considered.
(Mohammed et al., RF This study investigated the effectiveness of an RF
2017) consisting of multiple DT in the prediction of faecal

indicator organisms in raw water according to records

based on conductivity, pH, colour, and turbidity, all
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Author Algorithms

(Kutytowska, 2017) RF

Research remarks

extracted from a drinking water source. The method
was able to assess important variations in the level of
microorganisms in raw water with acceptable accuracy.
The algorithm predicted that the colour of the water, as
well as the effect of the autumn season, were the most
important parameters.

This study used RF to predict the failure rate of water
distribution pipes and house connections in selected
cities in Poland. The optimal algorithm was chosen
based on low costs and relatively simple architecture.
The algorithm was able to isolate length out of all the
variables as the most influential parameter. The

algorithm received a consistency of 99%.

2.3.3 Advantages and disadvantages

Several advantages and disadvantages of RF are listed in Table 2.4.

Table 2.4: Advantages and disadvantages of RF

Advantages

Disadvantages

RF is used extensively in classification and They are not very accurate.

regression problems.

They are almost automated and very easy to They are instable. This means that they can do

compute.

well in predicting the data that was used to train
them. However, when new data is introduced
into the algorithm, they underperform
(Prajwala, 2015).

They can handle missing values through

surrogate variables (Prajwala, 2015).
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2.4 Artificial Neural Networks

2.4.1 Conceptual background

Artificial neural networks (ANN) algorithms are information processors which were inspired by
the way our biological nervous system functions. Our nervous system consists of trillions of
neurons functioning as a collective to process information and output results. These are massive
and fast. ANN algorithms work in the same way and they have been used to process large quantities
of data (Chiroma et al., 2019). They have found a use (mostly as their advanced versions, deep
neural networks) in self-driving cars (Haque & Riaz, 2017), image recognition (Kranthi Kumar et
al., 2021), and biometric scanners (Oduah et al., 2021) and many other fields. The ability of ANN

algorithms to learn quickly and intuitively detect patterns in data is what makes them so efficient.

ANN algorithms usually consist of 3 layers: an input layer, hidden layer (which can be multiple
layers) and an output layer. Each layer has a certain number of neurons where the information
processing takes place. Data is firstly fed into the neurons of the input layer, and this is passed
along into the neurons of the hidden layer. If the hidden layer accepts n input data, then its output

y is given by equation 2.7 (Li et al., 2021):

n
j=1

where: x; is the jth input data and w; is the corresponding weight value, b is the bias value and
F,.¢ 1s the activation function. The activation function determines whether the neuron should be
activated or not and determines the value of the output of the neuron from a set of input data (Li
etal., 2021).

Backpropagation is used to learn the weight values and bias values of each neuron.
Backpropagation is a very important machine learning algorithm used to minimise the error rate
because of its ability to calculate derivatives quickly. In neural networks, it is used to fine-tune the
weight values and bias values according to the error rate obtained from the previous iteration

(epoch). Additional information about the network can be found in (Tuan Hoang et al., 2021).
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The simplest form of an ANN is a multilayer-perceptron artificial neural network (MLP-ANN).
MLP-ANN are feedforward networks, where the connection between the neurons of subsequent
layers is non-cyclic (Figure 2.5). This means the neurons of any particular layer are independent
of one another. In MLP-ANN, information flows forward from the input neuron(s) until the output
neuron(s), and the weight values and bias values are updated after each iteration (Oduah et al.,
2021).

input layer hidden layer output layer
with m inputs with n nodes

Figure 2.5: An MLP-ANN algorithm with two hidden layers. Information processing occurs

inside the neurons, and the connection between the neurons is feedforward (Oduah et al., 2021)

2.4.2 Summary of research conducted on ANN

Several studies in water-related research have been conducted which used ANN in combination

with other machine learning techniques (Table 2.5).
Table 2.5: A summary of the research reported on ANN

Author Algorithms Research remarks

(Chang et al., 2015) ANN The study proposed a systematic analysis scheme
(NARX) (SAS) to assess the spatiotemporal interrelation of WQ

with GT in an urban river, and construct WQ estimation

algorithms. The study used static ANNs, and one

dynamic ANN coupled with gamma test (GT). The

variables used were based on hydrological, WQ and

economic data. The study found that there was a WQ
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Author

(Salami & Ehteshami,
2015)

(Csébragi et al., 2015)

(Heddam, 2016)

Algorithms

ANN

MLR,
BPNN,
GRNN

MLP-ANN,
MLR

Research remarks
problem in the area and found that nitrate was the most
important parameter.
In this study, three parameters were chosen:
temperature, pH, and conductivity due to its easy and
less expensive measuring methods. A package of six
algorithms was submitted for evaluating DO
concentration, percentage DO, biological oxygen
demand (BOD), chloride, alkalinity, and total hardness.
To develop the algorithms, feed-forward algorithms
were used for training as well as Levenberg-Marquardt
and transition functions as activation and transfer
functions, respectively. The R factor (ratio of precision)
was used to evaluate the algorithms and the scores were
all greater than 0.77 (for all 6 trials). This proved that
the package could be used to estimate the WQ
parameters.
The purpose of this research was to predict one of the
most important WQ parameters, DO, with the help of
water pH, flow data, water temperature and
conductivity data. Multivariate linear regression
(MLR), backpropagation neural networks (BPNN) and
general regression neural networks (GRNN) were
applied and statistically compared. R?, RMSE and
MAE were used as the evaluation criteria. Using values
from both the training and testing values, GRNN
performed better in predicting DO. The sensitivity test
revealed that DO was mostly influenced by pH and
least by flow data.
The study aimed to predict phycocyanin (PC) pigment
using water temperature, DO, pH and specific
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Author Algorithms

(Gebler et al., 2018) ANN

Research remarks
conductance. An MLP-ANN and an MLR were used
for comparison purposes. The conclusion reached was
that MLP-ANN outperformed MLR.
The study aimed to find a correlation between
ecological indices, water pollution and hydro
morphological deterioration with  ANN. The ANN
algorithm showed favourable results despite the data

being complicated and saturated.

2.4.3 Advantages and disadvantages

Several advantages and disadvantages of ANN are listed in Table 2.6.

Table 2.6: Advantages and disadvantages of ANN

Advantages

Can work with incomplete information.

The algorithm takes a while to corrode,

corrosion slows the algorithm down.

Disadvantages
Difficult determination of proper network
structure.

and Requires computing power.

Has parallel processing ability, which makes Once the algorithm has provided a solution, it

it possible to do more than one task at a time does not give details of how the solution was

(Mijwil, 2018).

obtained (unexplained behaviour of the network)
(Mijwil, 2018).

2.5 Recurrent Neural Networks

2.5.1 Conceptual background

Recurrent neural networks (RNN) are a class of neural networks that are useful for modelling

sequential data. They exhibit similar behaviour to the biological neural networks as well as

feedforward neural networks. However, they bypass one limitation intrinsic to feedforward

networks, in that the connection between the neurons of the hidden layer(s) are not only
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feedforward but also feedback. This means that the neurons are not independent of one another
(Yoonetal., 2021). RNNs also combine two sources of input, the present input, and the previously
computed output. Therefore, an event downstream depends on one or more events that came before
it. RNNs also make use of internal memory, which can remember important things about the input
they receive, which allows them to be very precise in predicting future events (Kanyama, 2021).

The following equation (ArunKumar et al., 2021) explains the function of a single RNN neuron:
he = Face Wlhe—q, we]l + b (2.8)

where: x; is the input state, w is the weight matrix, b is the bias matrix, h; and h,_, are the hidden
states for the current and previous timestamps, respectively. F,.; is the activation function and
accomplishes the same responsibilities as in feedforward neural networks. In a single RNN neuron,
h;_,and X, are combined and multiplied with the weight matrix. The bias is then added, and the

final solution is passed through an activation function to yield h;, (ArunKumar et al., 2021).

Even though RNNs have been employed in many fields for manipulating sequential data, it has a
major drawback known as the vanishing gradient problem which limits its ability to train through
backpropagation for long sequences of datasets. Vanishing gradient occurs when the error that is
backpropagated decreases drastically with each layer that it passes, owing to the many layers that
have to be traversed (Lipton et al., 2015). This is where long short-term memory (LSTM) neural
networks come in. The LSTM algorithm consists of a forget gate, input gate, update gate and
output gate (Figure 2.6) and was introduced by Hochreiter and Schmidhuber (1997) to overcome

the vanishing gradient problem.
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Figure 2.6: Structure of an LSTM (the memory block) with 5 hidden neurons (states) (Nourani &
Behfar, 2021)

The input gate decides which information must be transferred to a neuron and is defined by
equation 2.9 (ArunKumar et al., 2021):

it = Face(W; * [he_q, x¢] + b; (2.9)

where: * represents the element-wise multiplication of vectors. The forget gate regulates which
information is worth remembering and which is not. It is defined by equation 2.10 (ArunKumar et
al., 2021):

fe = Fact(Wf * [Re_q, %] + bf (2.10)

The update gate is used to update the cell, and is represented by equations 2.11 and 2.12
(ArunKumar et al., 2021):

¢t = Faee(We * [he—q, %] + b, (2.11)
Ct = fe*Coqg +ip * G (2.12)

The output gate is used to update the hidden layer of the previous timestamp and it also updates
the current output. It is defined by equations 2.13 and 2.14 (ArunKumar et al., 2021):
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0r = Faee(Wo * [he—y, x¢] + by (2.13)

he = o * Faee(ct) (2.14)

2.5.2 Summary of research conducted on RNN (LSTM)

Several studies in water-related research have been conducted which used LSTM in combination

with other machine learning techniques (Table 2.7).

Table 2.7: A summary of the research reported on RNN (LSTM)

Author Algorithms Research remarks

(Pisaetal., 2018) RNN-LSTM The study aimed to predict ammonium and total
nitrogen concentration in a wastewater treatment plant
(WWTP) effluent. Two RNN structures based on
LSTM were used for the prediction. Results showed a
miss-detection probability (Pmiss) of around 30% for
both cases. In addition, low prediction errors (low
MAPE) were achieved.

(Yoon et al., 2021) Conv- The study aimed to model the desalination of water in
LSTM, DA- a brackish water treatment plant (BWTP) using two
LSTM types of LSTM algorithms: conventional LSTM

(Conv-LSTM) and dual-stage attention-based LSTM
(DA-LSTM). DA-LSTM had better predictions with
an R? value greater than 0.99. However, both
algorithms were able to eliminate the problem of
accounting for the complex causality and various
correlations among the process parameters, because
deep learning algorithms can describe the complexity
and non-linearity of the parameters.

(Farhi et al., 2021) LSTM The study aimed to predict ammonia and nitrate a few
hours ahead in a WWTP. Biological reactor
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Author Algorithms

(Z. Chenetal., 2021) TrAdaBoost-
LSTM

2.5.3 Advantages and disadvantages

Research remarks
measurements and climate measurements were used
to improve the prediction accuracy. The algorithm had
an accuracy of 99% in predicting ammonia and an
accuracy of 90% in predicting nitrate concentrations.
Water treatment efficiency is plagued by missing data
due to human negligence. The study aimed to improve
the prediction and subsequent imputation of these
missing values by exploiting the full benefits of
LSTM in modelling sequential data and coupling this
with instance-based learning. The resultant model is
called the TrAdaBoost-LSTM and it was able to

improve the imputation accuracy by 15% ~ 25%.

Several advantages and disadvantages of LSTM are listed in Table 2.8.

Table 2.8: Advantages and disadvantages of RNN (LSTM)

Advantages

Disadvantages

The algorithm overcomes the vanishing Lack of interpretability.

gradient problem.

Remembers values over arbitrary periods
Houdt et al., 2020).

(Van Stochastic nature.

Obscurity of feature contribution to predictions
(Hopp, 2021).

As seen from the above literature, applications of machine learning to water research are ever

becoming more important. A lot more remains to be done in this area to provide a body of work

that can help transform and adapt the water sector to new technologies, given the importance of

water as a resource. Water treatment plants provide the important service of sourcing, treating and

reticulating water to the population. They have faced challenges of changes in water quality, which
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in turn has impacted on filter maintenance and replacement. The following section intends to
broaden the discussion on these plants and give a context for application of machine learning for

predictive analytics.

2.6 Water Treatment Plants

In the 21% century, pollution has posed a greater than ever threat to the quality of drinking water.
Many studies have found microplastics in a range of water bodies (Na et al., 2021). These have
adverse effects on human beings and the surrounding ecosystem. Kim et al. (2021) found alarming
levels of neonicotinoids in the influent of water treatment plants. Masindi (2020) used the
Treatability Index (TI) and found that the surface water from areas like Vaalkop, Klipdrift,
Wallmansthal and Cullinan in South Africa were not suitable for drinking purposes at all due to
extreme levels of pollution. It is not difficult to see why water treatment should be an essential part

of any evolving society.

Many water treatment plants use the traditional approach to treat raw water for drinking purposes.
This involves using filters to remove solid particles. Several stages are involved, these may include
coagulation, flocculation, sedimentation, stabilisation, filtration, disinfection and chlorination

(Huang et al., 2021). Figure 2.7 is a summary of the process.
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General Water Treatment Process

[ Coagulation ] |::> [ Flocculation ]

pl

[ Filtration ] <:I [ Stabilisation ] <:I [ Sedimentation ]

|L> [ Disinfection ] I::> [ Chlorination ]

Figure 2.7: lllustration of the different processes used by various water treatment plants to treat

their raw water.

The following is a brief overview of the process carried out by Rand Water, which is Africa’s

biggest water treatment facility.

Rand Water receives its influent from the VVaal Dam (Figure 2.8) which consists of raw water with
materials that are colloidal and as a result remain distributed and suspended. Coagulation in Rand
Water’s systems involves destabilising these materials in a 20 — 30 second process. Calcium
carbonate is fed into the kiln shift at 1200 °C to convert it to calcium oxide and carbon dioxide
gas. The burnt limestone is then crushed and slaked to produce calcium hydroxide. The slake
limestone is added into the raw water to destabilise the electrostatic charges of the particles in the
water which is suspended. A small amount of activated sodium silicate is also added to the raw
water to allow suspended particles to group and form larger groups or flocs that can then be
established by gravitation. Flocculation is the clumping together of the suspended material that has
undergone coagulation. The coagulated matter, known as sludge, is allowed to sediment in

specially designed tanks.
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Figure 2.8: The Vaal Dam and its source waters (Turton & Meissner, 2015)

Using lime as a coagulant raises the pH of the water to about 10.5 - 11, which limits algal growth
and is effective at removing heavy metals, organic materials, bacteria, and viruses. However, this
pH levels are very unstable and favour scale formation. Thus, after sedimentation, the water flows
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into the carbonation bays where it is stabilised by boiling the carbon dioxide gas obtained from the
lime kilns through the water. This lowers the pH to 8.0- 8.4, which is necessary to produce
chemically stable water, which will not cause excessive peeling or corrosion of the hardware and
pipe system. The water leaving the treatment plant is disinfected with chlorine, Kkilling
microorganisms, bacteria and viruses that may be present. Chlorine is effective at disinfection but
does not last very long, and the water needs to remain disinfected through the pipes until it reaches

the end-user. A mixture of chlorine and ammonia is used to ensure that this is achieved.

In many water treatment utilities, throughout these different stages in the water treatment process,
there are sensors and communication devices that allow for continuous monitoring (Thompson &
Kadiyala, 2014; Belikova et al., 2019). With the advancement of technology, these devices monitor
in real-time and with very little oversight. This produces enormous amounts of data (Shafiee et al.,
2018). This data, often termed big water data, has three characteristics: volume, velocity, and
variety. Volume refers to the sheer amount of the data; velocity refers to the rate that this data is

generated; and variety refers to the heterogeneity of the data (Hill et al., 2014).

It comes as no surprise as to why many water facilities only use 40% of the data they generate.
Sifting through this enormous amount of data would be time consuming, which is why it is rarely
done. This method also presents the risk of missing important information in the data or
discovering information when it is too late to make a difference. This concept is known as “Value
of Now”, where information extracted from data provides the best possible solution at a given set
time. In other words, before the relevance of the data expires (Thompson & Kadiyala, 2014). In
addition to providing a tool for utilities to deal with the amounts of unused data they produce, the
study introduces the concepts of machine learning to environmentalists and water specialist,
especially those based on the African continent, and further reveals that such tools can be used to

cater for datasets produced by African water utilities, in this case Rand Water.

If properly used, this big water data has the potential to close many knowledge gaps. Examples
include tracing a relationship between downstream water quality and land management methods
for urban growth and/or climate change; the influence of wastewater treatment practises on water
quality; and the influence of energy production (hydropower) on water quality (Hill et al., 2014).

Many others have already been discussed in this chapter.
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Machine learning has advantages of versatility when working with large amounts of data. An array
of machine learning tools can be used, thus enabling processing of data timeously, dealing with
missing data and modelling relationships amongst uncorrelated data. Because of this, this study is
focused on using these tools to study big datasets effectively and yield results that can be useful

for the maintenance, planning, and monitoring of water quality trends in a water treatment plant.
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Chapter 3: Aim and objectives

This chapter will present the aim of the research, objectives and research questions evaluated in

the study.

3.1 Aim

The main aim of the study was to assess water quality with respect to process efficiency in water

treatment plants using machine learning techniques.

3.2 Objectives

To achieve the main aim, the following specific objectives were pursued:

e To pre-process and clean the datasets of four filters obtained from Rand Water.

e To stationarise and then normalise the datasets.

e To optimise four machine learning algorithms for a time-series regression by fine-tuning
their hyperparameters.

e To compare the performance of the machine learning algorithms.

e To test the influence of outliers on the machine learning algorithms.

e To evaluate the effectiveness of early stopping in preventing overfitting in neural networks.

e To evaluate the influence of data augmentation on the algorithms’ predictions.

3.3 Research Questions
The following questions were addressed in the study:

e What is the difference between the machine learning algorithms chosen for the study and
how do they handle different datasets?

e How do outliers affect the predictions and how does each machine learning algorithm deal
with outliers?

e What can be done to optimise the performance of the machine learning algorithms?
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Chapter 4. Methodology

This chapter presents the protocols taken to produce the time-series regressions using four

machine learning algorithms. The first step involved data pre-processing and clean up. This was

followed by algorithm optimisation and assessment of evaluation metrics.

4.1 Process Data

Rand Water plays an essential role in producing clean water. As stated in Chapter 2, it is the largest
water utility in Africa and provides the clean water that Gauteng Province and Rustenburg use for
their domestic and industrial purposes. The utility retrieves its raw water from the Vaal Dam
through a canal and gravity pipeline. The Vaal Dam receives raw water from various other dams
in the country (Figure 4.1). In addition, the utility also pumps water from the Vaal River Barrage

Reservoir at Lethabo, Zuikerbosch and Vereeniging, and extracts a small amount of underground

water from Zuurbekom.
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Woodstock Dam
TSC: 0.38 billion m’
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40m

Pumped Transfer <
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Katse Dam
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Figure 4.1: Schematic diagram showing various dam flows into the Vaal Dam (Courtesy of

Francois van Wyk)

In this study, historical datasets were received from Rand Water. The datasets consisted of four

filters measuring average turbidity in nephelometric turbidity units (NTU) and were used as input

233 km®
Bloemhof Dam
TSC: 1.26 billion m
Free State, North West
Full 82% (80%)
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data to develop the four machine learning algorithms. The four filters were labelled Filter House
1 and 2, Filter House 3, Filter House 4 A and B, and Filter House 4 C. For Filter House 1 and 2,
data ranged from 1-Jan-2015 to 31-Dec-2018, resulting in four years’ worth of data (1462
observations). For Filter House 3, data ranged from 1-Jan-2015 to 9-Jan-2018, resulting in just
over three years’ worth of data (1106 observations). For Filter House 4 A and B and Filter House
4 C data ranged from 1-Jan-2015 to 31-Dec-2017, resulting in just three years’ worth of data (1097
observations).

The following sections will describe how the datasets were treated, how the four machine learning
algorithms were developed and how the predictions were evaluated. The summary of the data
treatment process is presented (Figure 4.2).

Algorithm Dataset

Input Data ~ =mmp  Turbidity

Data Pre-processing and Clean Up n

Development of Prediction Algorithms

Machine Learning
Algorithms

MLP-ANN LSTM RF SVR

Evaluation Metrics for Algorithms

| — Suggestion of the Optimum Prediction Algorithm

RMSE MSE R?

Figure 4.2: Flow chart from data preparation until algorithm predictions and recommendations

4.2 Data pre-processing and clean up

Data pre-processing is the process of detecting and/or identifying corrupt instances and replacing,
modifying, or completely removing them from the database. These instances may be incomplete,
incorrect, inaccurate, or irrelevant. This is done because real-life data is rarely pure and clean, and

if the data is not pre-processed, it may negatively affect the predictions of the algorithms.
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In this study, the first step involved the detection of missing values. Since there were minimal
missing values (Filter House 1 and 2 = 7, Filter House 3 = 3, Filter House 4 A and B =5, and Filter
House 4 C = 9), the missing values were simply replaced using the mode value for each dataset
(Aljuaid & Sasi, 2017).

The second step involved the detection and removal of outliers. For quantitative analysis, outliers
can range from unimportant to extremely important. Unless prior knowledge of the dataset is
known, is it difficult to tell whether an outlier should be excluded or included from an analysis. As
such, in this study, two scenarios were formulated. Scenario 1 produced regression algorithms with
possible outliers omitted. Scenario 2 produced regression algorithms with the complete datasets.
The results of Scenario 1 are discussed in Chapter 5 Section 5.2 and the results of Scenario 2 are
discussed in Section 5.3. Outliers were removed using equations 4.1 and 4.2 (Mirauda et al., 2020) for

each filter:

upper range = Q3 + 1.5 X IQR (4.1)

lower range = Q; — 1.5 X IQR (4.2)

where: Q5 is the upper quartile, Q, is the lower quartile, and IQR is the difference between Q5 and
Q;. Any data point below the lower range or above the upper range was considered an outlier and
removed from the complete data set. The Pandas and Numpy libraries of Python were imported

for the pre-processing and clean up of the datasets.

A reliable algorithm prediction is one that can accurately capture seasonality or trends effectively.
Stationarising the datasets enables this because it standardises the training dataset with the testing
dataset. This is because if one segment of the series is significantly different from the other, the
algorithm may not predict successfully. A stationary series is one whose variables do not depend
on the time at which the series is observed (Gagniuc, 2017). For a series to be stationary, it must
have a constant mean, a constant variance, and a constant covariance between periods of identical
lengths (COV (ts, tis) = COV (tzs, t3s)).

In this study, the Augmented Dickey-Fuller (ADF) stationarity test was used. The test consists of
a null hypothesis, which assumes that the series is non-stationary. The ADF test produces a p-

value, and if the p-value of the series is below 0.05 (5%), the null hypothesis is rejected and it is
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concluded that the series is stationary (Cookl, 2001). If the p-value is above 0.05, then the series
needs to be corrected for stationarity. This is done by taking the 1% differential, given by equation
4.3 (Yadav et al., 2020):

Yi = Zi — Zj (4.3)

where: z; and z;_4 are the observations from the current and previous timestamps, respectively.

The results of the stationarity test are presented in Chapter 5 Section 5.1. The Pandas and

Statsmodels.tsa.stattools libraries were loaded to run the ADF stationarity test.

Subsequently, the datasets were transformed to scale through normalisation. This is to ensure that

the datasets are in the same range. To avoid contaminating the datasets and giving the regressions

an advantage by learning attributes from the training dataset, the scaling coefficients, which are

the maximum and minimum values, were calculated from the training dataset and applied to scale

the testing datasets. The mathematical expression is given by equation 4.4 (Patro & Sahu, 2015):
X = Xminimum

Xnormalized = — (4.4)
Xmaximum Xminimum

where: x is a data point. The Pandas and MinMaxScaller class from the Sklearn library were used

for normalisation.

Finally, the datasets were split into training and testing sets. For each algorithm, 80% of the dataset
was used for training and 20% of the dataset was used for testing. Empirical studies show that
using approximately 80% of the data for training produces the best results (Gholamy et al., 2018).
The Pandas library was used to accomplish this.

4.3 Algorithm performance analysis and evaluation

To produce the best regression algorithm, the performance of the algorithm needs to be tracked.
This is done through constructive feedback. The algorithms are firstly developed, then they are
evaluated and based on the results of the evaluation, suitable improvements are implemented until
the highest possible accuracy is achieved. How well an algorithm performs is determined by how
well it is able to predict the training dataset and new points that have not been introduced into the
algorithm (Engelbrecht, 2007).
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In this study, the machine learning algorithms were evaluated using three loss functions, namely:

mean squared error (MSE), root mean square error (RMSE) and coefficient of determination (R?).

MSE represents the average of the squared difference between the original and predicted values.

It measures the variance in the residuals given by equation 4.5 (Aziz & Abdullah, 2015):

n=i
MSE = 12 2 (4.5)
=N e .

z=1

where: e is the difference between the observed and predicted values, N is the total training sample

and n; is the size of class i.

RMSE is used to determine the amount of error found in the predicted values by comparing actual

vs predicted results. It is the square root of the MSE given by equation 4.6 (Engelbrecht, 2007):

(4.6)

In general, minimum values (values closer to zero) of MSE and RMSE means the model performed
better (Z. Chen et al., 2021; Jasim Saud & Kudair Abass, 2018). The loss functions were chosen

for the study because they best explain the spread of the predicted values from the regression line.

R2 shows how well the data fit the model. It measures the variability between the actual and estimated

values. The mathematical expression is given by equation 4.7 (Figueiredo Filho et al., 2011):

(P = 0))?

R?=1- —
Z?:l(Oi - 0)2

(4.7)

where: P; is the predicted value, O, is the observed value, O is the mean of the test dataset and n
is the size of the test dataset. (Yoon et al., 2021) . R? values range from —o to 1. (Nourani & Behfar,
2021). A value of 1 is favourable, as this suggests a perfect fit. A value of 0 suggests a constant
algorithm that always predicts the expected value of the dependent variable, disregarding the input

features. A negative value suggests that the algorithm performs worse than the mean value. In this
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study, the errors are expressed as absolute values. R? was chosen for the study because it is the

standard metric used for evaluating the performance of regression algorithms.

4.4 Algorithm hyperparameter optimisation

Often, choosing the optimal structure of a machine learning algorithm is a trial-and-error process.
Model hyperparameters are used to control the learning process. While some algorithms come with
some fixed hyperparameters, other algorithms require a lot of fine-tuning. In this section, the
optimal structure of machine learning algorithms (MLP-ANN, LSTM, RF and SVR) is discussed

and some basic principles behind their hyperparameters defined (Figure 4.3).

s N
Optmisation of
algorithms
\ J

I
e N
Train and test
algorithms
\ J

Calculate the error
(MSE, RMSE, R?)

Figure 4.3: Flowchart summarising algorithm approach

4.4.1 Neural networks

In this section, MLP-ANN and LSTM (both neural networks) will be discussed. The
hyperparameters that were fine-tuned in the neural networks included the number of hidden layers
as well as the number of neurons for each hidden layer, the activation function, the number of

epochs, the loss function, optimisation function, and the batch size.



Both algorithms consisted of two hidden layers with 128 neurons each. The way information is
processed inside the neurons has already been discussed in Chapter 2. The networks used the
rectified linear unit (ReLU) activation function. This is a type of non-linear activation function
that improves the performance of deep learning networks and prevents the problem of vanishing
gradients, which is common in networks with a large number of hidden layers, because its
derivative in the positive portion of its domain is equal to 1 (Oostwal et al., 2021). It works by
outputting the input directly if it is positive, otherwise, it will output zero (Kranthi Kumar et al.,
2021; Khodabakhsh et al., 2020). The mathematical expression is given by equation 4.8 (Lipton et
al., 2015):

f(x) = max (0, x) (4.8)

where: f(x) is the activation function and x represents the input state of the neuron.

The MSE loss function was used to measure the loss between predicted and actual values (equation
4.5) and was optimised using the adaptive moment estimation (Adam) optimiser. Adam uses
estimations of first and second moments of gradients to adapt the learning rate for each weight in
the neural network. A moment is defined as the expected value of a variable to the power of n

given by equation 4.9 (Wang et al., 2019):
m, = E[x"] (4.9)

where: m is the moment and x is the value of the random variable. To estimate the moments, Adam
uses exponentially moving gradients, computed on the gradient evaluated on a current mini batch
given by equations 4.10 and 4.11 (Wang et al., 2019):

my = pime_y + (1= B1)g; (4.10)

vy = Boveg + (1 — Br)gf (4.11)

where: m and v are the moving averages, g is the gradient of the current mini-batch, and £; and
B, are equal to the good default values of 0.9 and 0.999, respectively, which are rarely ever

changed. The moments are biased towards zero during the first few iterations. Biased corrected
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first and second moments counteract this and the mathematical expressions are given by equations
4.12 and 4.13 (Wang et al., 2019):

o my

Me=71_"pt B (4.12)
~ Ut (4.13)
T

The moving averages are then used to scale the learning rate individually for each parameter given
by equation 4.14 (Wang et al., 2019):
m; (4.14)
We= Wi — 11 ——
U+ €
where: W, and W,_, are the weights of the current and previous timestamps, respectively and I is
the step size.

The batch size was set to 32 and the number of epochs was set to 100. To prevent overfitting, the
early stopping technique was used (the influence of early stopping will be discussed in detail in
Chapter 5 Section 5.4.1). Overfitting occurs when an algorithm is too fine-tuned for the training
dataset that it cannot cater for unknown datasets (Arias del Campo et al., 2021). The training
process was set to stop if the performance on the validation set did not improve after 3 epochs

(patience = 2).

The MLP-ANN algorithm expects input data to be 2 dimensional (samples and features) and the
LSTM algorithm expects the data to be 3 dimensional (samples, features, and time steps). Samples
are the number of rows in the dataset, features are the number of columns, and time steps are the

past observations of the features. The input data was reformatted to meet these requirements.

Finally, neural networks produce varying results every time that the algorithm is run, and this is
due to changing randomised weights. In this study, the experiment was performed ten times and

the average scores were recorded. Figure 4.4 and Figure 4.5 show the codes used to compile the

39



MLP-ANN and LSTM algorithms, respectively. All the codes were developed using the Python
programming language on an Intel® Core™ i5-8265U CPU @ 1.60GHz.

#building the model

model = Sequential() #building a Linear ANN

model.add(Dense(128, input_dim=1, activation='relu'))#128 nodes in the first hidden Layer

model.add(Dense{units=128, activation="relu")) #128 nodes in the next hidden Layer

model.add(Dense(1) )#one output node

model.compile(loss="mean_squared_error’, optimizer="adam') #YS5E = loss function. Adam = optimiser

early stop = EarlyStopping(monitor="loss', patience=2, verbose=1)#use early stopping to agvoid over fitting

model.fit(x_train, y_train, epochs=18@, batch_size=32, verbose=1, shuffle=False, callbacks=[early stop])

Figure 4.4: MLP-ANN compilation codes showing the ReLU as the chosen activation function,
Adam as the optimiser, MSE as the loss function, 128 neurons for each of the two hidden layers
and the construction of the early stopping technique

#building the model

model = Sequential() #building a Llinear ANN

model.add(Dense(128, input_dim=1, activation="relu'))#128 nodes in the first hidden Layer

model.add (Dense(units=128, activation="relu")) #128 nodes in the next hidden Layer

model.add(Dense(1) }#one output node

model.compile(loss="mean_squared_error', optimizer='adam') #MSE = loss function. Adam = optimiser

early stop = EarlyStopping(monitor="loss', patience=2, verbose=1)#use early stopping to avoid over fitting

model.fit(x_train, y_train, epochs=188, batch_size=32, verbose=1, shuffle=False, callbacks=[early stop])

Figure 4.5: LSTM compilation codes showing the ReL U as the chosen activation function, Adam
as the optimiser, MSE as the loss function, 128 neurons for each of the two hidden layers and the

construction of the early stopping technique

4.4.2 Random Forest

Random forests are much easier to set up than neural networks. In this study, the parameters that
were fine-tuned were: the number of estimators or decision trees (DT); the maximum number of
features allowed on each DT; depth of the random forest, which is the distance between the root
node (topmost node) and leaf node (a node without a parent); the minimum samples split, defined
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as the minimum number of samples required to split a node; and the minimum samples for each

leaf node, which contains the predictor which associates a pattern with the desired output.

To find the optimal values of the hyperparameters aforementioned, grid search was employed. It
is a library function that helps to loop through predefined hyperparameters and fit the model on
the training dataset. In this method, each combination of hyperparameter value is evaluated. This
makes the process time consuming but is the most efficient method as it provides the least

possibility of missing out on an optimal solution for a model.

Because the analysis involved time-series data, which is temporal data, using grid search with k-
fold cross-validation would have produced incorrect results. This is because k-fold cross-
validation randomly splits the data into several sections, called folds (determined by the
hyperparameter k), where most of the folds are used for training and the last fold is used for testing.
For a time-series analysis, this can result in the future/forecast data occurring before the training
data. To circumvent this problem, the python library function TimeSeriesSplit was employed. This
function breaks the data into several folds, where the test data fold consists of a single observation,
and the train data folds consists of observations that occur before the observation in the test data
fold. This ensures that no future observation can be used in constructing the forecast. In this study,
a 10-fold TimeSeriesSplit was employed. Table 4.1 represents the results of the different

hyperparameters for each filter house, for both Scenario 1 and 2.

Table 4.1: The fine-tuned hyperparameters of the RF algorithm

Hyperparameter Filter House Scenario Value
1 100
Filter House 1 and 2
2 200
) 1 500
Filter House 3
Number of 2 100
estimators 1 100
Filter House 4 A and B
2 100
1 500
Filter House 4 C

2 100

Filter House 1 and 2 1 5
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Hyperparameter Filter House Scenario Value

2 20
1 20
Filter House 3
o 2 10
Minimum
) _ 1 20
samples split Filter House 4 A and B
2 20
1 15
Filter House 4 C
2 10
1 1
Filter House 1 and 2
2 20
) 1 15
Filter House 3
Minimum 2 20
samples leaf 1 15
Filter House 4 A and B
2 15
1 20
Filter House 4 C
2 20
1 auto
Filter House 1 and 2
2 auto
) 1 sqrt
) Filter House 3
Maximum 2 auto
features 1 log2
Filter House 4 A and B
2 log2
] 1 log2
Filter House 4 C
2 auto
1 40
Filter House 1 and 2
2 10
) 1 50
Model depth Filter House 3
2 30
1 30
Filter House 4 A and B
2 30
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Hyperparameter Filter House Scenario Value
1 30
2 30

Filter House 4 C

The RF algorithm was run ten times for each filter house and the average scores was recorded.

Figure 4.6 shows an example of the code use to compile the algorithm,

#building the RF algorithm

model = RandomForestRegressor(n_estimators=208, #number of decision trees
max_features="auto', #maximum features allowed on each decision tree
max_depth=10, #the depth of the RF
min_samples_split=20, #min samples required to split a node
min_samples_leaf=20) #min samples per decision node

Figure 4.6: RF compilation code showing the different hyperparameters that have been fine-tuned

as well as their optimal values

4.4.3 Support Vector Regression

The most important hyperparameters of the SVR algorithm are C, which is the penalty classifier
and measures the degree of misclassification; kernel, which helps the model predict non-linear
data; and lastly, gamma, which is the measure of the influence of a training sample, with low
values meaning far and high values meaning close. Grid search with 10-fold TimeSeriesSplit was
also used to find the optimal values of the aforementioned hyperparameters (Table 4.2).

Table 4.2: The fine-tuned hyperparameters for the SVR algorithm

Hyperparameter Filter House Scenario Value
1 1
Filter House 1 and 2
C 2 10
Filter House 3 1 10
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Hyperparameter Filter House Scenario Value

2 10
Filter House 4 A and 1 10
B 2 1
_ 1 10
Filter House 4 C
2 10
1 1
Filter House 1 and 2
2 0.1
1 0.1
Filter House 3
2 0.1
Gamma
Filter House 4 A and 1 1
B 2 1
1 1
Filter House 4 C
2 1
Kernel All the datasets optimised with the RBF kernel for both Scenarios

The optimal kernel found by the study is the radial basis function (RBF). Unlike the linear kernel,
it maps out samples into higher dimensional space to trace the relationship between non-linear data

points. The mathematical expression of the RBF kernel is given by (Afentoulis, 2015):

llx — x'||? (4.16)

K(x,x") = exp 202
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where: x and x" are the actual and predicted values, respectively, and © is the free parameter. The
SVR algorithm was run ten times and the average scores was recorded. Figure 4.7 shows the code

used to compile the SVR algorithm.

#Building the SVR algorithm

clf = svm.SVR(kernel="rbf’', #the kernel

C=1, #degree of misclassification

gamma=1) # degree of the influence of the training data

Figure 4.7: SVR compilation code showing the different hyperparameters that have been fine-

tuned as well as their optimal values.
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Chapter 5: Results and discussion

This chapter presents the results and discussions of the stationarity test, the algorithm results of
Scenario 1 (predictions where the datasets were treated for outliers) and Scenario 2 (predictions
where the datasets were not treated for outliers) and two case studies that looked at the influence
of overfitting on neural networks and data augmentation on the performance of machine learning

algorithms.

5.1 Stationarity test results

This section will present the results obtained by the ADF test. As stated in Chapter 4 Section 4.1,
two scenarios were developed to test for the influence of outliers. Scenario 1 consisted of datasets
where possible outliers were omitted, and Scenario 2 consisted of datasets where possible outliers
were not omitted. Datasets in both scenarios were tested for stationarity. The algorithm prediction
results of Scenario 1 are discussed in Section 5.2 and those of Scenario 2 are discussed in Section
5.3. Table 5.1 shows the p-values obtained for each dataset.

Table 5.1: Results (p-values) of the ADF stationarity test

Filter House Scenario 1 Scenario 2
Filter House 1 and 2 0.000003 1.46 X 1077
Filter House 3 0.035576 0
Filter House 4 A and B 0.004293 0
Filter House 4 C 0.001779 1.04 X 1014

All the datasets had p-values below 0.05, meaning that according to the ADF test, the null
hypothesis can be rejected, and the datasets are stationary. As stated in Chapter 4 Section 4.2, a
stationary series has statistical properties (variance, covariance and mean) that do not change
overtime. In a nonstationary series, these properties will vary with time. Algorithms such as LSTM
are capable of learning nonlinearities and because of this, they are capable of learning long-term

dependencies. In theory, such algorithms do not require the data to be stationary to produce
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successful predictions (Preeti et al., 2019). However, a lot of data would be required to learn long-

term dependencies and when the algorithms are applied over stationary datasets, the algorithms

can train better and improve their predictions.

5.2 Scenario 1 results

This section will discuss the results of the predictions obtained by each algorithm using the

evaluation metrics discussed in Chapter 4. Note, the datasets used to produce these results excluded

outliers (Scenario 1). Table 5.2 summarises the results of both the training and testing phases. The

size of the training and testing datasets will vary depending on the period length of the Filter House.

Table 5.2: Performance scores of the machine learning algorithms for the training and testing

phases in predicting turbidity (NTU) for 4 filter houses

Filter House Phase Algorithm R? MSE RMSE
MLP-ANN 0.358 0.001 0.032
o LSTM 0.319 0.004 0.063

Training
RF 0.389 0.001 0.032
SVR 0.358 0.001 0.032

Filter House 1 and 2

MLP-ANN 0.279 0.024 0.155
) LSTM 0.281 0.026 0.161

Testing
RF 0.269 0.023 0.152
SVR 0.281 0.024 0.155
MLP-ANN 0.761 0.002 0.045
. LSTM 0.765 0.001 0.032

Training
RF 0.774 0.001 0.032
SVR 0.766 0.006 0.077

Filter House 3

MLP-ANN 0.651 0.010 0.099
) LSTM 0.660 0.010 0.099

Testing
RF 0.650 0.009 0.094
SVR 0.634 0.010 0.099
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Filter House Phase Algorithm R? MSE RMSE
MLP-ANN 0.753 0.004 0.063
o LSTM 0.760 0.001 0.032

Training
RF 0.770 0.001 0.032
SVR 0.750 0.002 0.045

Filter House 4 A and B

MLP-ANN 0.647 0.010 0.099
) LSTM 0.650 0.013 0.114

Testing
RF 0.648 0.006 0.077
SVR 0.633 0.011 0.105
MLP-ANN 0.753 0.004 0.063
. LSTM 0.763 0.004 0.063

Training
RF 0.769 0.002 0.045
SVR 0.765 0.001 0.032

Filter House 4 C

MLP-ANN 0.485 0.009 0.095
) LSTM 0.495 0.010 0.099

Testing
RF 0.460 0.009 0.095
SVR 0.458 0.009 0.095

Table 5.2 shows that with regards to the RMSE and MSE error metrics in both the training and
testing phases, all the algorithms had good performances since all the values were very close to
zero. LSTM produced the highest MSE (0.026 NTU?) and RMSE (0.161 NTU) for the testing
phase, whilst SVR produced the highest MSE (0.006 NTU?) and RMSE (0.077 NTU) for the
training phase. Since the values were very close to zero, it indicates that the data points were not
too dispersed from the regression line. There is a slight increase in the mentioned error metrics
when moving from the training phase to the testing phase, which is expected. This is because the
algorithms were optimised using the training dataset, while the testing dataset consists of instances

that the algorithms had not observed yet, making them harder to predict.

With regards to the R? metric, all the algorithms performed well when using data from Filter House
3. The training phase scores were 0.761 (MLP-ANN), 0.765 (LSTM), 0.774 (RF) and 0.766 (SVR)
and the testing phase scores were 0.651 (MLP-ANN), 0.660 (LSTM), 0.650 (RF) and 0.634 (SVR).
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This could speak to the integrity of the dataset, meaning it was accurate and reliable. RF had the
best performance during the training phase with a score of 0.774, but LSTM had the best
performance during the testing phase with a score of 0.660. This adds to the ever-growing concept
of the LSTM algorithm’s ability to produce effective time-series results better than other
algorithms. This is largely because LSTM can learn the context required to make a prediction,

rather than having the context pre-specified (Khodabakhsh et al., 2020).

While RF had the best performance during the training phase using data from Filter House 3, it
did not observe the best performance in the testing phase. This could be an indication of overfitting,
which occurs when the algorithm is too finetuned for the training dataset that it learns the noise
instead of the relationship between the data points, which results in its underperformance when
trying to predict unknown instances (the testing dataset). This results in a higher R? score for the
training phase and a lower score for the testing phase. According to Prajwala (2015), overfitting is

one of the major disadvantages of RF.

All the models produced their lowest R? scores when using data from Filter House 1 and 2. LSTM
had the worst performance in the training phase (0.319), while RF had the worst performance in
the testing phase (0.269). This confirms that R? is sensitive to the data structure, especially when
the observations are few (Akossou, 2013)
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Figure 5.1: Algorithm error averages; (a) R? (b) MSE, (c) RMSE

Figure 5.1 shows the evaluation metrics averages of each algorithm. Figure 5.1 (a) shows the
averages of the R? metric. RF produced the highest average training score of 0.676, and LSTM
produced the highest average testing score of 0.522. Since R? depends on the type of research and
research parameters, there is no standard guideline to determine an acceptable prediction score. A
general rule of thumb places values below 0.5 as weak, between 0.5 and 0.75 as moderate, and
above 0.75 as substantial (Moore et al., 2013; Henseler et al., 2009). Even though the LSTM
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algorithm produced the best average testing score, it produced the worst average training score of
0.652. One idea that has been posited to explain the poor training capabilities of the LSTM
algorithm is that it requires memory-bandwidth-bound computation. This refers to the physical
limits of a device in accessing global memory, which is the computer storage that can be used by
a number of processors. Each cell in an LSTM requires at least 4 linear layers. These layers consist
of neurons where the information processing occurs (see Chapter 2). The linear layers require large
amounts of memory bandwidth to be computed. Memory bandwidth is the rate at which a given
amount of data can be moved from or to a particular destination (Culurciello, 2018). SVR produced
the worst average testing score of 0.503. In general, SVR algorithms are very poor at forecasting
(Yarnold et al., 2013). On average, the algorithms did not perform well in the testing phase. This
can be largely attributed to the influence of Filter House 1 and 2, where the algorithms achieved

very poor performances.

Figure 5.1 (b) shows the averages of the MSE metric. SVR and RF produced the lowest average
training errors of 0.001 NTU? each, while SVR produced the lowest average testing error of 0.011
NTUZ?. Both LSTM and MLP-ANN produced the highest average training errors of 0.003 NTU?
each, while LSTM produced the highest average testing error of 0.015 NTU?. When the R? metric
was considered, LSTM had the best performance, which means it had the best fit (on average,
52.2% of the data points fit the algorithm). However, since it had the highest MSE value, this
means that some of the data points that did not fit the algorithm well were greatly dispersed from
the regression line as compared to the other algorithms. While the fit was the best relative to the
other algorithms, LSTM underperformed when trying to identify underlying trends to the

measurement of turbidity.

Figure 5.1 (c) shows the average of the RMSE metric. SVR produced the lowest average training
error of 0.027 NTU, while RF produced the lowest average testing error of 0.105 NTU. However,
RF produced the highest average training error of 0.040 NTU, while LSTM produced the highest
average testing error of 0.118 NTU. As stated above, the MSE and RMSE errors are very small,

which means overall all the algorithms did well.

Since the algorithm performances observed a similar trend for all the filter houses, where their
worst performances were observed using data from Filter House 1 and 2 and their best

performances were observed using data from Filter House 3, the regressions of the LSTM
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algorithm, which was the best performing algorithm in terms of R?, will be used to explain the
structure of the testing datasets of each filter house and how that could have affected the

predictions.
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Figure 5.2: Time-series of actual vs predicted turbidity for the testing phase using the LSTM
algorithm for (a) Filter Houses 1 and 2 (b) Filter House 3 (c) Filter House 4 A and B and (d)

Filter House 4 C

Figure 5.2 suggests that there was a good correlation between the observed test dataset and the
simulated dataset. Simulated data is the data produced by the algorithms, meaning it is the
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algorithm’s predictions. It proves the validity of the algorithm. The correlation was best observed
in Filter House 3, Filter House 4 A and B, and Filter House 4 C. The LSTM algorithm in all these
aforementioned filter houses produced respectable R? values, with Filter House 4 C being the
lowest with a score of 0.495, and Filter House 3 being the highest with a score of 0.660. The MSE

and RMSE values for all the filter houses were close to zero.

When considering Filter House 3, Filter House 4 A and B and Filter House 4 C, there seems to be
little irregularity in the testing dataset, which is not the case for Filter House 1 and 2. In this filter
house, peaks and troughs appear randomly throughout the dataset, and the sizes of these are never
the same (they are random). This results in a higher degree of variability in the dataset as compared
to the other filter houses. Kanyama (2021) stated that the LSTM algorithm performs better with
the more variability it sees in the training phase. Because of this, training predictions were studied.

Figure 5.3 shows the regression of the training phase of the LSTM algorithm for all the filter
houses.
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(d) Filter House 4 C
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Figure 5.3: Time-series of actual vs predicted turbidity for the training phase using the LSTM
algorithm for (a) Filter Houses 1 and 2 (b) Filter House 3 (c) Filter House 4 A and B and (d) Filter
House 4 C

Figure 5.3 shows that in the training phase of Filter House 1 and 2, there is also a great degree of
variability. This means that Filter House 1 and 2 should have produced a better R? score compared
to the other filter houses. However, the algorithm was unable to trace the variability observed in
the testing phase because the training data is not representative of the testing data (There is a
multitude of random peaks and troughs throughout the training dataset that are not present in the
testing dataset). This means that the variability learned in the training dataset was different from
the variability present in the testing dataset. In the other filter houses, there is a greater similarity
between the training and testing datasets, hence the algorithm was able to trace the variability and

produce higher R? values.

The observed and simulated turbidity levels for Filter House 3 and Filter House 4 A and B were
closely matched. This was followed by Filter House 4 C. The worst performing dataset belonged
to Filter House 1 and 2.
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5.3 Scenario 2 results

This section will discuss the results obtained when predictions were conducted using the complete
datasets (Scenario 2). Table 5.3 summarises the results of both the training and testing phases. The

size of the training and testing datasets will vary depending on the period length of the filter house.

Table 5.3: Performance of the machine learning techniques for 4 filter houses when the complete

datasets are considered

Filter House Phase | Algorithm R? MSE RMSE
MLP-ANN -0.001 0.001 0.032
o LSTM -0.000 0.007 0.084

Training
RF 0.110 0.003 0.055
SVR -2.331 0.011 0.105

Filter House 1 and 2

MLP-ANN -0.051 0.156 0.395
) LSTM -0.036 0.155 0.394

Testing
RF -0.139 0.170 0.413
SVR -8.882 1.469 1.212
MLP-ANN -0.004 0.001 0.032
o LSTM -0.003 0.001 0.032

Training
RF 0.023 0.001 0.032
SVR -7.974 0.010 0.101

Filter House 3

MLP-ANN -0.170 0.010 0.101
) LSTM -0.102 0.010 0.101

Testing
RF -2.776 0.033 0.182
SVR -1443.12 12.577 3.546
MLP-ANN -0.002 0.001 0.032
) o LSTM -0.004 0.001 0.032

Filter House 4 Aand B | Training
RF 0.011 0.001 0.032
SVR -8.101 0.010 0.101

57



Filter House Phase Algorithm R? MSE RMSE

MLP-ANN -1.069 0.001 0.032

] LSTM -1.075 0.002 0.045
Testing

RF -3.489 0.051 0.226

SVR -11746 7.746 2.783

MLP-ANN -0.004 0.004 0.063

Training LSTM -0.001 0.001 0.032

RF 0.238 0.002 0.045

SVR -2.111 0.007 0.084

MLP-ANN -1.060 0.010 0.101

Filter House 4 C ) LSTM -0.149 0.009 0.095
Testing

RF 0.006 0.011 0.105

SVR -31.919 6.454 2.540

Table 5.3 shows that with regards to the MSE error metric, RF, LSTM and MLP-ANN produced
good predictions for both the training and testing phases for Filter House 3, Filter House 4 A and

B, and Filter House 4 C. The same trend was observed for the RMSE error metric.

There is a slight difference when considering predictions using data from Filter House 1 and 2.
For the training phase, the MSE errors were 0.003 NTU? (RF), 0.007 NTU? (LSTM) and 0.001
NTU? (MLP-ANN) and the RMSE errors were 0.055 NTU (RF), 0.084 NTU (LSTM) and 0.032
NTU (MLP-ANN). The MSE and RMSE errors for the testing phase were slightly elevated, with
MSE errors of 0.170 NTU? (RF), 0.155 NTU? (LSTM) and 0.156 NTU? (MLP-ANN), and RMSE
errors of 0.413 NTU (RF), 0.394 NTU (LSTM) and 0.395 NTU (MLP-ANN). While these are still
within the acceptable range, it is well noting that there seems to be a greater dispersion of the data
points from the regression line for the testing phase for Filter House 1 and 2 when the datasets are
not treated for outliers. However, it can be concluded from the observations that outliers, in
general, do not seem to significantly affect the dispersion of the data points from the regression

line for the algorithms discussed.

The SVR algorithm produced different results. With regards to the MSE and RMSE error metrics,
the same trend as the other algorithms was observed for the training phase for all the filter houses.
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However, when considering the testing phase, the algorithm produced very high errors. For Filter
House 1 and 2, Filter House 3, Filter House 4 A and B and Filter House 4 C, the MSE errors were
1.469 NTU?, 12.577 NTU?, 7,746 NTU?, and 6.454 NTU?, and the RMSE errors were 1.212 NTU,
3.546 NTU, 2.783 NTU and 2.540 NTU, respectively. These values are very high, which means
that the SVR algorithm could not identify underlying contributions to the prediction of turbidity
in the testing phase when outliers were included in the datasets. Chuang et al. (2002) suggests that
SVR algorithms present the possibility of selecting outliers as support vectors. Kanamori et al.
(2014) explains this. Both the SVM and SVR algorithms consist of a feature C, which is the penalty
classifier and measures the degree of misclassifications (see Chapter 2). The penalty of
misclassifications is defined by a convex loss. A convex loss makes accessing the global optimum
solution easier, and the global optimum solution of an optimisation procedure is the optimum value
of the objective function compared to all other possible solutions. The unboundedness of this
convex loss causes the sensitivity of these algorithms to outliers in the training sample, hence

affecting the overall performance in predicting future cases.

With regards to the R? metric, all the algorithms observed poor performances. Apart from RF, all
the algorithms produced negative scores for both the training and testing phases, which means that
they performed worse than the mean value. The SVR algorithm observed the worst performance
with scores of -8.101 and -11746 for the training and testing phases, respectively, for Filter House
4 A and B.

The RF algorithm produced different results. For the training phase, the algorithm produced R?
scores of 0.110 (Filter House 1 and 2), 0.023 (Filter House 3), 0.011 (Filter House 4 A and B) and
0.238 (Filter House 4 C). This means that the algorithm was able to pick up some trends in the
datasets, even though it was very poorly modelled. For the testing phase, the algorithm produced
scores of -0.139 (Filter House 1 and 2), -2.776 (Filter House 3), and -3.489 (Filter House 4 A and
B), which are all negative scores. This means that while the algorithm was able to find a trend in
the training phase, when new unknown instances were introduced (the testing dataset), the
algorithm completely failed. The only difference in the predictions was observed for Filter House
4 C. Here the algorithm produced positive scores for both the training and testing phases, with
values of 0.238 and 0.006, respectively. The algorithm was able to identify a trend, though very
poorly. A proposed reason why RF can cater for outliers relative to the other algorithms is because
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the algorithm uses trees, which split the data into groups. This means that outliers only affect the

results of the leaf node they are in, and not the estimates of other leaf nodes (Elg, 2018; Diaz-
Uriarte & Alvarez de Andres, 2006).

When outliers were included in the analysis, the networks performed worse with respect to the R?
metric. This was also reported by (Satapathy et al., 2015). As was done in this study (Section 5.2),
the researchers proceeded to remove the outliers. However, since outliers can arise from a variety
of reasons, removal requires careful consideration (Z. Chen et al., 2021; Li et al., 2021; Nourani
& Behfar, 2021). Nonetheless, The RF algorithm had the best performance. Because of this, it was
used to plot the time-series regressions presented in Figure 5.4.
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(b) Filter House 3
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(c) Filter House 4 A and B
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(d) Filter House 4 C
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Figure 5.4: Time-series of actual vs predicted turbidity for both the training and testing phases

using the RF algorithm for (a) Filter Houses 1 and 2 (b) Filter House 3 (c) Filter House 4 A and
B and (d) Filter House 4 C

Figure 5.4 suggests that there were very poor correlations between observed and simulated values
for the testing phase. The algorithm seems to have overestimated some of the values. It is difficult
to study the training phase due to the high peaks present in the datasets. These are clearly outliers,
and these outliers have drastically affected the prediction of the training phase, even though they
did not result in negative scores as seen in the testing phase. This could be because the algorithm
was optimised using the training datasets.
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With regards to Filter House 4 C, the only filter house which produced a positive R? score in the
testing phase (0.006), the algorithm seems to have tried to not overestimate the values in the testing
phase, at least relative to the other filter houses. In the training phase of Filter House 4 C, there are
several high peaks that are scattered throughout the dataset. This variability could be the reason
for the improved prediction of Filter House 4 C relative to the other filter houses. Algorithms, as
stated in Section 5.2, seem to perform better the more variability they see in the training phase.
But in the training phase of Filter House 1 and 2, there are also several peaks present. These,
however, are clustered at one point in the dataset (approximately from observation 400 to 700) and
are not spread throughout the dataset, resulting in less variability. This is also the case for Filter
House 3 and Filter House 4 A and B. Both filter houses have one high peak at the beginning of the

time-series, but the series remains constant thereafter.

It can be concluded from the results that generally, the RF algorithm performs better than the other
algorithms when outliers are included in the datasets. SVR had the worst performance. Overall,

algorithms produce poor R? scores when they are not treated for outliers.

5.4 Case test results

In this section, the results of two sensitivity tests are discussed. These were done to see how the
algorithm results could be improved and how some factors intrinsic to machine learning affect

algorithm performance. The cases are described in Table 5.4.

Table 5.4: Description of each case

Case ID Case Description

Test for the influence of overfitting in the LSTM
and MLP-ANN algorithm by creating 2 scenarios.

A
Scenario 1 consists of early stopping and scenario
2 does not.

. Create new regressions with larger synthetic

datasets.
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5.4.1 Case A

In Case A, the influence of overfitting on LSTM and MLP-ANN (the neural networks) is
discussed. As stated, overfitting occurs when the algorithm corresponds too closely to the training
dataset that it fails to predict additional data or future instances. It is difficult to discern whether
an algorithm is overfitting during the training phase. For the neural networks, the early stopping
function in Python can sometimes help remove the influence of overfitting by stopping the training
when the loss function (in this study, the MSE metric) remains constant over several iterations (in
this study, after 3 iterations). RF and SVR do not have this function and because of that, they were
not included in the analysis. The only way to remove overfitting in these algorithms is to finetune

the hyperparameters. This is a trial-and-error method (See Chapter 4).

Two scenarios were developed. Scenario 1 are predictions with early stopping, and Scenario 2 are
predictions without early stopping. Table 5.5 shows the results of the neural networks. Note, the
regressions were compiled on datasets where possible outliers were removed (datasets from
Section 5.2).

Table 5.5: Performance of the machine learning techniques when two scenarios are considered.

Scenario 1 are predictions with early stopping, and Scenario 2 are predictions without early

stopping

Filter House Scenario Phase Algorithm R? MSE RMSE
o MLP-ANN 0.345 0.001 0.032
Training
) LSTM 0.280 0.001 0.032
Scenario 1
) MLP-ANN 0.272 0.025 0.157
Testing
LSTM 0.284 0.027 0.165
Filter House 1 and 2
o MLP-ANN 0.356 0.001 0.032
Training
) LSTM 0.321 0.001 0.032
Scenario 2
) MLP-ANN 0.202 0.025 0.157
Testing
LSTM 0.272 0.026 0.161
) ) o MLP-ANN 0.775 0.004 0.063
Filter House 3 Scenario 1 | Training
LSTM 0.770 0.002 0.045
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Filter House Scenario Phase Algorithm R? MSE RMSE
) MLP-ANN 0.651 0.012 0.110
Testing
LSTM 0.674 0.011 0.105
o MLP-ANN 0.778 0.000 0.000
Training
) LSTM 0.773 0.010 0.099
Scenario 2
) MLP-ANN 0.632 0.011 0.107
Testing
LSTM 0.650 0.013 0.114
o MLP-ANN 0.754 0.002 0.045
Training
) LSTM 0.752 0.001 0.032
Scenario 1 i
Testing | MLP-ANN 0.631 0.010 0.100
Filter House 4 A and LSTM 0.643 0.018 0.134
B o MLP-ANN 0.759 0.006 0.075
Training
) LSTM 0.761 0.004 0.063
Scenario 2
) MLP-ANN 0.611 0.010 0.100
Testing
LSTM 0.637 0.017 0.130
o MLP-ANN 0.749 0.009 0.096
Training
) LSTM 0.737 0.010 0.100
Scenario 1
] MLP-ANN 0.498 0.014 0.118
Testing
) LSTM 0.501 0.015 0.122
Filter House 4 C
o MLP-ANN 0.756 0.011 0.105
Training
) LSTM 0.746 0.004 0.063
Scenario 2
] MLP-ANN 0.450 0.019 0.138
Testing
LSTM 0.491 0.023 0.152

Table 5.5 shows that with regards to the MSE and RMSE metrics, all the algorithms observed good
performances for both the training and testing phases for all the filter houses, as the values were
very close to zero. There is no trend to differentiate the performance of the algorithms between the

two scenarios using these metrics.

With regards to the R? metric, the algorithms performed better in the training phase for Scenario 2

for all the filter houses. The best performances were obtained in Filter House 3, where the scores
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were 0.778 (MLP-ANN) and 0.773 (LSTM). From this, it can be concluded that when early
stopping is omitted, the algorithms observe the best training. For the testing phase, both algorithms
performed better in Scenario 1 for all the filter houses. The best scores were once again obtained
from Filter House 3, which were 0.651 (MLP-ANN) and 0.674 (LSTM). From this, it can be
concluded that when early stopping is included in the analysis, the algorithms can predict the

testing dataset better.

The easiest way to confirm overfitting is when the training error is significantly lower than the

testing error. This means that if there is a greater gap between the training error and testing error,

the algorithm is overfitting. In this study, equation 5.1 was used to calculate the relative percentage

error between the training phase and the testing phase for each scenario (Kat & Els, 2012):
testing error — training error

relative percentage error = x 100
P g training error (5.1)

The higher the relative percentage error, the bigger the difference between the training and testing
errors. This, however, is not a suitable method to use when trying to correct algorithms for
overfitting, because this method assumes that the training error is perfect (that the training error is
the one the algorithm should attain (the real/expected error)). However, for comparative analysis,
it can provide some insight into the differences between the established scenarios. The R? averages
of each algorithm for both the training and testing phases (Table 5.6) were used to calculate the

relative errors (Table 5.7).

Table 5.6: The averages of the R2 metric across all 4 filter houses for the MLP-ANN and LSTM

algorithms for Scenario 1 and 2, for both the training and testing phases

Phase Scenario Algorithm R?

MLP-ANN 0.656

1
LSTM 0.635

Training

MLP-ANN 0.662

2
LSTM 0.650
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Phase Scenario Algorithm R?

MLP-ANN 0.513

1
LSTM 0.519

Testing

MLP-ANN 0.473

2
LSTM 0.513

Table 5.7: Relative errors of the MLP-ANN and LSTM algorithm between the training and testing

errors for both scenarios

Algorithm Scenario Relative error
1 21.8%
MLP-ANN
2 28.5%
1 18.3%
LSTM
2 21.1%

Table 5.7 shows that the relative errors of the algorithms increase from Scenario 1 (with 21.8% for
the MLP-ANN and 18.3% for the LSTM) to Scenario 2 with (28.5% for the MLP-ANN and 21.1%
for the LSTM). This suggests that when early stopping was included in the analysis (Scenario 1),
there was a smaller gap between the training error and the testing error, as compared to when early
stopping was excluded (Scenario 2). From this, it can be concluded that without early stopping,
the neural networks tend to overfit the data and overfitting does reduce the capabilities of the neural
networks to forecast.

5.4.2 Case B

In Case B, the influence of data augmentation on algorithm predictions is discussed. Data
augmentation is a technique in which new synthetic data is created from the original data to
increase the overall size of the dataset. This is done on the training dataset and not on the testing
dataset, as the testing dataset estimates how the algorithm works on real-world data. The

augmented dataset exists to improve the training of the algorithm.
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Augmentation was done on datasets that excluded outliers (datasets from Section 5.2). The

augmentation process was random. Figure 5.5 shows the best obtained average results.

Averages
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RMSE C
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Figure 5.5: Algorithm error averages for predictions on datasets that excluded outliers (Scenario
1 datasets) that were augmented; (a) R?, (b) MSE, (c) RMSE.

Figure 5.5 (a) shows the averages of the R? metric. When the datasets were augmented, the overall
performances of all the machine learning algorithms greatly digressed. The average training scores
were -2.601 (MLP-ANN), 0.138 (LSTM), 0.211 (RF) and -3.247 (SVR). MLP-ANN and SVR
produced negative R? scores, which means the algorithms’ training performed worse than the mean
value. LSTM and RF had poor positive scores, which means that while they were able to detect a
trend, the trend was poorly modelled. While generally, LSTM is the hardest of the algorithms to
train, it performed better than the MLP-ANN and SVR, suggesting that when more data is used,
the algorithm can learn better. The testing phase also produced poor results, with average testing
scores of -6.221 (MLP-ANN), -5.765 (LSTM), -5.950 (RF) and -6.236 (SVR). As expected, SVR

had the worst performance.

Figure 5.5 (b) and (c) show the averages of the MSE and RMSE metrics, respectively. All the
algorithms produced very high errors, which means they could not identify the underlying
contributions to the prediction of turbidity. The RF algorithm produced the least errors. For the
MSE metric, the average errors were 0.559 NTU? and 0.877 NTU? for the training and testing
phases, respectively. For the RMSE metric, the average errors were 0.745 NTU and 0.936 NTU
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for the training and testing phases, respectively. Data augmentation seems to affect the dispersion

of the data points from the regression line.

Since the R? scores produced were similar to those produced in Section 5.3, the augmentation
procedure may have re-introduced outliers into the datasets. As such, the augmented datasets were
re-treated for outliers using (4.1) and (4.2). Figure 5.6 shows the average results for the training
and testing phases. These were the best-obtained average results.

Averages
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Figure 5.6: Algorithm error averages for predictions on datasets that excluded outliers (Scenario 1
datasets) that were augmented, which were further treated for outliers; (a) R?, (b) MSE, (c) RMSE.

Figure 5.6 (a) shows that with regards to the R? metric, the models performed slightly better when
the datasets were further treated for outliers. Like the results in Section 5.2, RF produced the
highest average training score of 0.265 and LSTM produced the highest average testing score of
0.234. LSTM produced the lowest average training score of 0.191 and SVR produced the lowest
average testing score of 0.060. While there is an improvement, the algorithms underperformed
when compared to the results produced in Section 5.2. This means that data augmentation did not
help to improve the predictions. Since overall, both the training and testing scores are low, it can
be concluded that the algorithms were underfitting the data. Data augmentation introduces variety
in the training dataset which reduces overfitting (Iwana & Uchida, 2021; Su et al., 2021; Jiang et
al., 2021). However, sometimes the data augmentation process can result in underfitting (Sikka,
2020).

Figure 5.6 (b) shows the averages of the MSE metric. Except for SVR, the algorithms observed
good performances as all the errors were very close to zero. RF produced the least errors, with an
average training error of 0.058 NTU? and an average testing error of 0.074 NTU?. This means that

data augmentation does not greatly influence the dispersion of the data points when the augmented
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data are re-treated for outliers. As shown in Figure 5.2 (b), if the augmented data is not treated for
outliers, it greatly affects the dispersion of the data points. SVR observed the worst performance,
with an average training error of 0.787 NTU? and an average testing error of 1.036 NTU?, making
it the only exception to the analysis.

Figure 5.6 (c) shows the averages of the RMSE metric. Except for RF, the algorithms observed
slightly poor performances, with SVR producing the highest average errors of 0.886 NTU (training
phase) and 1.013 NTU (testing phase). RF observed a good performance with an average training
error of 0.237 NTU and an average testing error of 0.268 NTU. This is expected for any
discrepancies introduced by the augmentation process will only affect the prediction of a single
leaf node and not the whole algorithm.

Generally, the study found that when the data is augmented, the algorithms observed poorer

performances than when the data is kept in its original form.
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Chapter 6: Conclusions and recommendations

This chapter will present the conclusion to the study as well as recommendations for any future

work on possible ways the performance of the machine learning algorithms could be improved.

6.1 Conclusions

The study made use of data obtained from Rand Water measuring turbidity (NTU). Four machine
learning techniques were developed using existing code libraries in Python. Several scenarios were
tested to assess how the algorithms handle different situations and to compare their performances

on such data.

Scenario 1 looked at predictions when datasets were treated for outliers. All the algorithms
observed commendable performances with respect to the MSE and RMSE metrics, which were
very low. This means that they could capture trends in the observed turbidity levels. The LSTM
algorithm observed the best performance with respect to the R? metric, producing an average
testing score of 0.522. This means that 52.2% of the data points fit the model. A consensus grades
this level of correlation as moderate. SVR observed the worst performance with an average testing
score of 0.503.

All the algorithms produced good R? scores when using data from Filter House 3. The worst
performances were observed when using data from Filter Houses 1 and 2. This was largely because
the variation that the algorithms learned from the training phase was different from the variation
present in the testing dataset, resulting in poor predictions. Variation in this case refers to the

number of irregular peaks present in the dataset.

Scenario 2 looked at predictions when the datasets were not treated for outliers. All the algorithms
observed very poor performances with respect to the R? metric as would be expected given the
sensitivity of this metric. Except for RF, all the algorithms produced negative scores in both the
training and testing phases. This means they did worse than the mean value. RF produced positive
scores for the training phase for all the filter houses. For the testing phase, the algorithm produced
negative scores except for Filter House 4 C in which the algorithm produced a positive score. For
Filter House 4 C, the training and testing phases scores were 0.238 and 0.006, respectively. This

means that the algorithm was able to pick up a trend, although it was very poorly modelled. RF
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observed the best performance (relative to the other algorithms) when possible outliers were not

omitted and SVR observed the worst performance.

With respect to the MSE and RMSE metrics, except for SVR, the algorithms observed good
performances in both the training and testing phases for Filter House 3, Filter House 4 A and B
and Filter House 4 C. For Filter House 1 and 2, the training phase errors were also good, however
the testing phase errors were slightly elevated. This means that outliers do seem to affect the
dispersion of the datasets from the regression line. However, since the errors were still in the

acceptable range (<0.5), the influence is insignificant.

With the SVR algorithm, the same trend as the other algorithms was observed for the training
phase for all the filter houses. The testing phase produced very poor errors, with Filter House 3
producing the highest MSE (12.577 NTU?) and RMSE (3.546 NTU) errors. This means that when

outliers were included in the analysis, SVR could not detect the trends in the prediction of turbidity.

The RF predictions were used to investigate the structure of the dataset of each filter house. The
best performances were observed using data from Filter House 4 C in both the training (0.238) and
testing (0.006) phases. This filter house observed the greatest variability in the training phase. This
resulted in the best training which produced the best scores when predicting future observations.
However, this is with respect to the other algorithms, as generally, the R? scores produced by the

RF algorithm are poor.

The influence of outliers on the neural networks was also tested. The early stopping function of
Python was employed to filter out overfitting. The study found that when early stopping is not
used, the networks do overfit, and that overfitting poorly influences the performance of the

algorithms.

The influence of data augmentation was also tested. The study found that when the data is
augmented, the machine learning algorithms produce poorer predictions. The predictions were
slightly better when the augmented datasets were treated for outliers, but they were still poor.

Overall, data augmentation negatively affected the machine learning algorithm’s predictions.

The study was a univariate analysis, which means that it involved only one variable (turbidity).
This was limited as a result of the data that was available for study. To improve the quality of the

predictions, more variables can be included, resulting in a multivariate analysis. More variables
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can reveal additional underlying contributions to the level of turbidity predicted. Another
limitation confronted by the study was the size of the datasets. Using more data can result in better

training, which in turn can produce better results. This can form part of any future work.

The study reveals several important factors. The first is that the LSTM algorithm is best suited for
predictive analysis when the datasets are treated for outliers and the RF algorithm is best suited for
when the datasets are not treated for outliers. Secondly, data from water treatment facilities hold
potential for successful predictive analysis, if utilised correctly. Thirdly, the study has shown that
machine learning is a fast and an inexpensive tool that can be used for the maintenance and
monitoring of water treatment plants. As shown in literature, machine learning can reduce the cost
of running a treatment plant and highlight the most vulnerable aspects, including the most

important chemicals that contribute to the utility’s WQI.

6.2 Recommendations

e Future work should include exploring more machine learning algorithms. Examples of
algorithms that will be suited for this study include convolutional neural networks (CNN)
LSTM, bidirectional LTSM, and XGBoost. These have potential to extract effective
features from the data, improve algorithm performance on sequence classifications on the

input data, as well as achieve faster performances, to name a few.

e Additional water quality data should be collected (pH, electrical conductivity, nitrate
concentration etc). This should slightly increase the volume or/and dimensionality of the

complete dataset, as these qualities can help machine learning algorithms perform better.

e The degrees of freedom of the grid search function should be expanded to find the
maximum optimal combination of hyperparameters for both the RF and SVR, as well as
any additional algorithms. This was not accomplished in the study due to time constraints

and computing power.
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