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Abstract

The growing demand of development of appropriate and relevant wastewater treatment technology
is drastically increasing in rural and urban communities in many parts of the world including South
Africa. This is largely exacerbated by the escalation of water demand and decreasing potable water
availability. As a result, advanced research related to the development and optimization of water
treatment technologies is becoming an urgent necessity including research focusing on wastewater
recycling and reclamation. Meanwhile, horizontal roughing filter (HRF) technology is one such
physical water pre-treatment system that can effectively and efficiently treat wastewater and thus
reduce the reliance on potable water use. Therefore, this study aimed at modelling HRF in order
to investigate the option of domestic greywater reuse for delivering desired water quality for non-

potable applications.

The overall aim of the study was modelling the HRF in order to improve its performance and
several objectives were investigated in this study. The first one was the characterization of
biological and physico-chemical strength of greywater originated from kitchen, bath and laundry
sources. The second objective investigated the HRF performance/efficiency after treating various
domestic greywater pollutants. The third objective investigated the controlling factors affecting
the performance and optimization of the HRF during its operation. This was investigated based on
design of experiments (DOE) and response surface methodology (RSM). Based on the artificial
neural network (ANN), the first objective investigated the filter duration in a HRF using ANN
modelling for high level of contaminants in domestic greywater. Secondly, the ANN models
applicable to a HRF were investigated and used for the prediction of greywater quality variables
from the output stream of the HRF based on experimental data obtained from the operation of the
HRF equipment.

The first step in water treatment processes requires quality analysis in order to understand the
constituent of water pollutants. Therefore, the experimental analysis of biological and physico-
chemical contents in greywater sources was conducted in this study. The next aspect involved
treatment of mixed domestic greywater using a three compartment HRF unit which was fixed at a
low filtration rate of 0.3 m/h. The effect of operating parameters on the HRF performance was

studied factorial design and optimization. The factorial design application in HRF defines
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performance based on derivation of right factor settings for the effective operation of HRF. The
aspect of ANN was undertaken to investigate the applicability, effectiveness and predictive ability
of ANN within a HRF equipment. The use of ANN in HRF can serve as a monitoring tool in terms
of performance and also as an indicator of any quality deviation that might be occurring during the

filter operation.

The key findings were obtained on qualitative analysis of domestic greywater originating from a
peri-urban community for the quantification of biological and physico-chemical contaminants.
The significant quality difference was recorded in greywater sources and the kitchen greywater
source recorded the highest load of pollutants compared to the laundry and bathing sources at
p<0.05 significant level. Furthermore, the quality difference was evident in greywater sources in
terms of daily households’ social conditions, activities and practices. Also, the analysis of
microbes in domestic greywater recorded high values of Escherichia coli (E. coli) and total
coliform contamination which poses health related risks in domestic greywater reuse. Therefore,
further treatment of domestic greywater prior to reuse remained necessary. The effectiveness of
HRF was evident in removing biological and physico-chemical pollution load in domestic
greywater at 0.3 m/h filtration rate. An average of 90% turbidity removal was obtained with 86%
removal of conductivity and 84% of total solids and more than 50-70% removal of chemical
oxygen demand (COD) within the HRF system. The E. coli and total coliforms were totally
removed in the three compartment HRF. Based on DOE analysis, the significant factors identified
were flowrate, gravel media, filter bed height and filter length and most significant contributing
factor identified was filtration rate. Furthermore, the optimization of the HRF resulted in a high

efficiency of 76% for the removal of turbidity.

Results on ANN modelling for the prediction of turbidity of the effluent stream from the HRF
showed good learning abilities of the ANN and the optimal ANN structure obtained was 4-7-1
structure using the trainlm algorithm. The mean square error (MSE) value below 10% was obtained
after training and the R correlation coefficient >0.9 was obtained in training, testing, validation
and all data sets. For the prediction of COD, the optimal ANN architecture was 3-10-1 which was
obtained with trainlm training algorithm. A satisfactory mean absolute percentage error (MAPE),
low mean absolute error (MAE) and high R correlation coefficients close to 1 for the training and

testing sets were also recoded for this ANN model for the prediction of COD. The other objective
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was the investigation of filter duration in HRF using ANN and a 4-8-2 optimal structure was
obtained with the trainlm algorithm which outperformed other training algorithms for the
prediction of filter duration along with turbidity. Also, a high R correlation coefficient and low
MSE value was obtained for this optimal ANN model for the predicted filter duration. For this
model, satisfactory R correlation values for training, testing, validation and all data were close to
1.

Results on feedforward multi-input multi-output (MIMO) ANN showed good accuracy in
predicting multioutput parameters of domestic greywater effluent from the HRF. The optimal
ANN architecture obtained through a trial-and-error approach for MIMO ANN was 7-15-4. During
training, different structures of ANN were investigated through varying training functions, neurons
and combination of physico-chemical parameters and learning functions. For the optimal ANN
model, the MSE of 0.001 was finally obtained based on the training data set. Furthermore, the R
correlation values above 0.9 for training, testing, validation and all data sets were obtained. The
optimal ANN model also showed good prediction and satisfactory accuracy when a new set of

sample data was presented to the network.

Therefore, based on the objectives and findings of this study, the pollution load in domestic
greywater characteristics can contain a number of pollutants and can significantly vary with
greywater sources. It is also important to note that the HRF significantly showed effectiveness in
treating physical pollutants and large amounts of chemical and biological pollutants. From the
findings and based on the HRF, it was also noted that the chemical pollutants can be significantly
removed using a combination of physical and chemical treatment processes in order to remove
more pollutants. This was observed by a high removal of physical pollutants such as turbidity,
conductivity and solids while domestic greywater biodegradability ratio was lower than 0.5.
Furthermore, for the DOE/RSM techniques, it was also observed that the effective filter
performance of the HRF is a function of multi-design parameters such as filtration rate, filter
length, gravel media and bed height and multi factor optimization was useful in this research work.
Finally, the ANN showed effective characteristics and accuracy in the HRF equipment for the
prediction of multi-output variables of the effluent greywater from the HRF following mixed

domestic greywater pre-treatment.

viii



Definitions of keywords

Activation functions - is a mathematical equation responsible for the learning of the network by

transform/set the relationship between inputs to the corresponding outputs (Wang et al., 2020).

Artificial neural network - is a computational and mathematical technique which was motivated

and inspired by the studies of brain / nervous systems in biological organisms (Qiao et al., 2018).

Biological oxygen demand - measures the amount of oxygen used by microorganisms to degrade

organic matter present under aerobic settings (Morel and Diener, 2006).

Chemical oxygen demand - is described as the quantity of oxygen required to oxidize the organic

content in the greywater (Morel and Diener, 2006).

Electrical conductivity - is the indicator of the dissolved soluble salts often present in the greywater
(Rakesh et al., 2020; Morel and Diener, 2006).

Epoch-the number of training data cases processed (Shallue et al., 2019).

Error function - is the function that describes the deviation between the predicted and observed

outcomes which is minimized during artificial neural network training (Durstewitz et al., 2019).

Greywater - refers to the wastewater generated from household washing activities such as bathing,
laundry and dish washing; the definition excludes toilet water source (Ludwig, 2006; Jefferson et
al., 2004).

Learning rate - is the parameter that is responsible for scaling and controlling the magnitude of
weight changes (Ojha et al., 2017).

MATLAB Neural Network Toolbox - is a simulation software programme that is used to train and

evaluate a suitable neural network.

Neural network architecture - is the number of layers, nodes and connections in a particular

network (Wagarachchi and Karunananda, 2017).



Roughing filter (RF) - is a physical water pre-treatment technology that removes pollutants in

water based on transportation mechanism, mainly sedimentation (Wegelin, 1996).

Training algorithm - is a mathematical procedure that adjust the weights and bias of the network
in searching of the optimal artificial neural network by minimizing the error between the target

and network output (Talaee, 2014).

Turbidity - Turbidity is the measure of the transparency of water and microorganisms present in

water (De Roos, 2017).
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Chapter 1

Introduction

1.0  Background

Access to potable water remains a necessity to preserve, support and sustain life in many parts of
the world today, particularly in developing countries. However, the water challenges such as water
availability - a lack and access to fresh water, escalating levels of water drought, potable water
demand, lacking recycling and reuse strategies are becoming the biggest challenges facing the
world’s population (Singh, 2017; Voulvoulis, 2018). Such challenges are now becoming more
evident in most parts of the world especially in undeveloped and poorest countries (Misra, 2014).
Therefore, there is a growing need for viable and operational wastewater treatment techniques and
alternative solutions in order to achieve minimization of water scarcity and better reuse of

wastewater.

With insufficient potable water supply and limited water reuse technology of domestic wastewater
in South Africa, filtration technology can be useful in the context of social and economic benefits.
Filtration remains one of the simplest water treatment technology for removing contaminants in
surface water through the reduction of solid mass pollutants in water (Wegelin, 1996; Bakare et
al., 2017, Nkwonta et al., 2010). In water treatment, filtration remains one of the oldest, simplest,
useful technique for removing contaminants in surface water. In practice, there are various
filtration units that are applicable in water treatment. The most common include slow sand
filtration and roughing filtration based on the design and operational procedure and the application
in water treatment (Ives and Sholji, 1965; Wegelin, 1996).

In South Africa, the escalating water drought levels are being observed in most parts of the country
with most provinces recently declared drought disaster areas (Engvist and Ziervogel, 2019;
Oteng-Peprah et al., 2018; Hanjra and Qureshi, 2010; WWF-SA, 2016). To this end, wastewater
reuse and treatment technologies including water modelling techniques are advancing and
becoming preferred methods in response to water challenges in many countries (Bailey et al., 2020;
Sarkhosh et al., 2016). In water treatment, the roughing filters are used for pre-treatment purposes
prior to sand filtration (Jayalath and Padmasiri, 1996; Jayalath, 1994). During operation, the


https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6133124/#CR97

removal efficiency in roughing filters is strongly related on filter design, particulate, and water
quality parameters (Boller, 1993; Wegelin, 1986). Therefore, roughing filters are an alternative for
wastewater pre-treatment prior to reuse or recycling. The advantage of roughing filtration is its
ability to remove high percentage of physical pollutants and microbes in water including the

advantage to remove solid mass in a cost effective manner (Wegelin, 1996).

1.1  Research justification

In South Africa, the worst water drought was experienced in 1983 with the national average dam
level reaching 34% while the water stress is projected to increase by 2030 to about 32% due to
industrial and population growth. At the same time, the focus in wastewater technology and reuse
IS becoming an urgent matter as water scarcity and water drought levels are being observed and
remains a recurrent crisis in most parts of the nine provinces of South Africa since the year 2014
to date (WWF-SA, 2016; Masih et al., 2014; Orimoloye et al., 2019). A lack of freshwater supply
including water reuse and recycling scheme challenges is the overall demonstration of the level
and depth of water challenges. Domestic greywater has a great potential for reuse due to its
availability and various existing technologies can be very useful if water quality measures are well
monitored using water treatment quality modelling techniques. At the same time, many
researchers, scientists and government organizations have all undertaken the challenge and
currently make great efforts to come up with feasible alternatives to minimize potable water
challenges and demands. This includes water quality modeling techniques applicable in water

treatment systems.

This research intended to explore the possibility to optimize the performance of the HRF using
existing modelling techniques. This included modelling the HRF based on empirical and current
modelling techniques in order to predict greywater effluent quality from the HRF. Secondly, the
possibility to effectively and efficiently use a horizontal roughing filter that utilizes locally

available filter media for the prediction of filter efficiency using neural network.

1.1.1 Research contributions
Research on domestic wastewater reuse schemes including treatment options continues to grow in

South Africa, thus, it is anticipated that this work will add valuable contribution as the building



block for future work on domestic wastewater management. In this research, the main

contributions are the following:

1.2

Gaining the insight and exploration of the quality of domestic greywater originating from a
disadvantaged community and its potential for reuse based on its quality following the
application of HRF equipment.

Give insight on considerations of design and optimization techniques for the roughing filtration
equipment, particularly the HRF equipment based on empirical and ANN modelling

techniques for the estimation/monitoring of filter performance.

Aims and objectives

This research intends to optimize HRF equipment in order to improve its water treatment

performance by using selected and applicable modelling techniques. Research questions were:

In

Is it possible to optimize the performance of a horizontal roughing filter using existing
modelling techniques?
Is it possible to effectively and efficiently use a horizontal roughing filter that utilizes locally

available filter media and predict filter efficiency using neural networks?

order to achieve the central aims of this research study, the following objectives were

considered:

To characterize domestic greywater for qualitative assessment of various contaminants such

as physical, biological and chemical contaminants which are often present in domestic
greywater.
To investigate and quantify design variables that affect the performance/efficiency of a HRF

equipment using RSM.

To optimize the HRF performance using RSM based on the design variables of a HRF

equipment.
To study and estimate filter duration of a HRF based on domestic greywater with high pollution
load and to develop the ANN model for the prediction of filter duration.

To predict various pollutants of domestic greywater from the HRF equipment using ANN

technique following domestic greywater treatment in a HRF.



1.3 Thesis outline

The thesis is structured as follows:

Chapter 1 discusses the background of the study on water challenges and its significance on
potable water requirement including the significance of domestic greywater characteristics and
implications on qualitative assessment within the HRF equipment. Chapter 2 discusses existing
literature related to greywater quality, roughing filtration and available roughing filter models and
studies on design of experiments, principles and algorithms related to water treatment. Chapter
2 also covers aspects related to neural network algorithms and its potential application in modelling
roughing filters. Chapter 3 focuses on the methodological approaches followed in this study. The
chapter presents aspects related to the mathematical approach used to gain an understanding of the
operational aspect of the roughing filter and the methodological approach on the development of
ANN models for the prediction of various pollutants of domestic greywater effluent from the HRF
equipment. Chapters 4-6 outlines findings of this research, the detailed discussion of all findings
related to domestic greywater characteristics and HRF performance including the findings on
empirical and ANN modelling of the HRF system. Chapter 7 presents conclusions and
recommendations of the thesis through addressing the study objectives, the implications of
findings and significance of this research work. The structure of thesis with its main parts is

presented in the next Figure 1-1.



The structure of thesis for the modelling of HRF performance with its main components is

presented below having research background, previous and current research studies, research

approach techniques, research findings including conclusion and recommendations that are

formally organized as shown:

Chapter 1
Introduction

Chapter 2
Literature Review

Methodology on greywater

A 4

Chapter 3
Research methodology

Methodology on ANN models

Methodology on the

analysis and optimization of a HRF operation of HRF system
A 4
Chapters 4-6
Results and discussions
\ 4
Chapter 5
Chapter4 Results on the operation Chapter 6
Results on domestic of a HRF Results on ANN modelling
greywater characterization and optimization of a HRF
\ 4
Chapter 7

Conclusions and recommendations

Figure 1-1: The structure of thesis with its main components
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Chapter 2

Literature review

2.0  Background

This chapter discusses existing literature related to greywater characteristics and quality and its
potential reuse option for non-potable application purposes. The chapter also focuses on roughing
filtration and operational aspects of the roughing filtration and available literature on roughing
filters including studies on design of experiments, principles and algorithms related to water
treatment. Furthermore, it also covers aspects related to various water quality models and neural
network algorithms and its potential application in modelling roughing filters while focusing on
neural network algorithms and their application for developing roughing filter models. The
literature review also deals with the water quality models by giving background about various
modelling techniques, to identify knowledge gaps in the field related to the present study

conducted for modelling HRF equipment.

2.1  Greywater characteristics

Greywater is becoming one of the dominant factors in wastewater management and resources and
it accounts for approximately 60 - 70% of the total domestic wastewater by volume in larger parts
of the developed countries (Finley et al., 2009; Friedler, 2004). Non-sewered areas seem to account
for almost all water as greywater with the exception of only that used for potable purposes
according to Carden et al. (2006). In many countries including South Africa, there is still a
minimum or even a lack of formal greywater infrastructures and greywater is simply disposed of
onto the ground or as runoffs by inhabitants/households due to a lack of these established and
existing infrastructures to handle and recycle greywater for reuse purposes (Oh et al., 2018;
Muanda, 2009, Carden et al., 2006; Mashabela, 2015; Allen et al., 2010).

The variation in greywater quality and its chemistry due to pollution and nature of contaminants
often requires the development of scientific data monitoring techniques for the assessment of
greywater quality (Wurochekke et al., 2016; Boano et al., 2020; Ghawi, 2019). As a result, the
biological and physico-chemical pollutants are amongst the major and essential contaminants in

greywater that are often used to assess the quality of greywater (Oteng-Peprah et al., 2018;



Edokpayi et al., 2017). In greywater, the composition varies mainly as a function of greywater
application, greywater source, detergents and the nutrients level dissolved in greywater
(Herndndez-Leal et al., 2007; Eriksson et al., 2007). To better understand greywater quality, the
application of cluster analysis (CA), factor analysis (FA) and principal component analysis (PCA)
are often used for comprehensive and complex data matrix analysis and interpretations
(Boyacioglu et al., 2005).

Factor analysis is a statistical tool used to study correlations in multi-variables in raw data and to
relate underlying variables known as common factors. In many areas of research, factor analysis
has been used for surface water analysis and ground water quality assessment including
environmental research (Praus, 2005). A study by Shihab (1993) used principal component
analysis to investigate water quality in Saddam dam reservoir and in his findings it was discovered
that 90 percent of variation in water quality was attributed to three parameters which were algae,
electrical conductivity (EC) and total solids (TS). Boyacioglu et al. (2005) applied factor analysis
in assessment of surface water quality in western Turkey; two underlying factors in 19
stations/sites monitored for a total number of 45 water parameters were identified. Factor 1
explained 63% of the total variance and factor 2 explained 21% of the total variance. Factor 1 had
strong positive loadings on electrical conductivity, sulfate, sodium and total Kjeldahl nitrogen
(TKN). Factor 2 had strong positive loadings on biochemical oxygen demand (COD), biological
oxygen demand (BOD) and total coliforms. The two factors indicated inorganic contamination-

factor 1 and organic contamination-factor 2.

The wastewater recycling, reclamation or reuse can become a viable option in minimization of
water challenges (Chen et al., 2012). The recycled wastewater is mostly and often used for different
purposes and activities. These activities largely include irrigation, toilet flushing and industrial
cooling purposes including a number of other possible applications (Karpiscak et al., 1990). For
example, greywater has a great potential for reuse due to its unlimited abundance and its
availability contributes up to 70% of the total domestic wastewater (Li et al., 2009). Except the
exclusion of toilet wastewater, greywater is generally less polluted and often contains low levels
of pollutants than the combined household wastewater (Almeida et al., 1999). Therefore, greywater

can highly support and substitute potable water activities (NSW, 2008).



In terms of quality, greywater may contain a number of contaminants such as oils, grease, fats,
hair, soaps, cleansers, and lint and fabric softeners including other chemical pollutants (Mangio et
al., 2017). Greywater may also contain high levels of chemicals such as sodium, borax, chlorides
and sulfates. As a result, a general care and standard guidelines must be followed in greywater use
due to its high pH levels that may have harmful effects to some plants and even washing activities
(Ludwig, 2006). Therefore, reclaimed wastewater may be beneficial largely in agriculture. Also,
landscape irrigation, toilet flushing, industrial processes and replenishment of groundwater basin
(Jhansi and Mishra, 2013).

2.2 Water treatment technologies

Currently, there are various wastewater treatment technologies that have been developed that are
very useful for reuse purposes. These technologies can be applied for recycled or reclaimed
wastewater in order to ensure sufficient quality to satisfy most of the non-potable demand
standards (Tortajada and Nambiar, 2019; Asanoa, 2006). In water treatment, the various forms of
water treatment processes mainly include chemical, physical and biological treatment (Oteng-
Peprah et al., 2018; Hernandez-Leal et al., 2007; Laaffat et al., 2019). For instance, the physical
systems include sand filters and membranes and have good efficiency with minimum maintenance
costs (Pidou et al., 2007). Whereas, the chemical processes for greywater largely involve photo-
catalytic oxidation, ion exchange, coagulation and granular activated carbon (Li et al., 2009).
Again, some of the biological water treatment systems include membrane bioreactors, cyclic
activated sludge systems, conventional activated sludge processes, and integrated fixed film

activated sludge (Al-Jayyousi, 2003).

2.3 Roughing filtration

The roughing filtration is more advantageous due to its ability to remove a wide range of physical
and chemical pollutants contained in water and the reduction of the solid mass and turbidity
removals ranging from 60 to 90% (Wegelin, 1996; Bakare et al., 2019). For instance, the roughing
filters are characterized by gravel media in range larger than 2 mm (Boyacioglu et al., 2005). Also,
the normal range of gravel media fractions in three compartment horizontal roughing filters range
from 25 mm down to 4 mm from the filter inlet-outlet water flow direction. In addition, these
filters include down flow, up-flow and horizontal roughing filters (Wegelin, 1996; Wegelin, 1986;

Zeng et al., 2020). A typical form of roughing filter normally consists of a series of graded gravel
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beds arranged in compartments. The first bed normally consists of the coarsest gravel fractions
and the finest gravel media fractions are in the last compartment with reference to the direction of
water flow (Patil et al., 2012). In the early 1800s, Baker (1948) reported the application of coarse
gravel filtration for water treatment and thereafter in Scotland for water pre-treatment. Therefore,
the roughing filters can significantly reduce high amounts of solids in water prior to the sand
filtration (Jayalath and Padmasiri, 1996).

2.4  Design variables in roughing filtration technology

The gravel media fractions, filtration rate, filter bed depth and filter length are the main parameters
that affect solid removal efficiency, especially the suspended solids (SS) in roughing filters
(Cleary, 2005). The filter removal efficiency is also strongly a function of the amount of
particulates, filter design and water quality parameters, the various types and concentration of
organics and suspended matter (Boller, 1993; Wegelin, 1986). In terms of design, the normal
filtration rate in horizontal roughing filters is in range of 0.3-1m/h (Nkwonta, 2010; Aulenbach,
1993). Furthermore, the HRF mainly has extended bed lengths than up-flow and down-flow filters
and has maximum solid capacity for the removal of solids. This results in minimized cleaning
frequencies at the expense of bigger space requirement. After all, roughing filtration performs
significantly well in removing physical and chemical contaminants in water using different graded
gravel media fractions (Clarke et al., 1996).

Lebcir (1992) conducted a study to identify some of the controlling factors on a laboratory scale
HRF. Based on this study, filtration rate proved to be significant in filter performance. Other
studies in roughing filtration suggest that the Reynolds number should be maintained below a value
of 10. This will result in laminar flow conditions which will in turn favor high removals within the
roughing filters. Furthermore, the effect of low filtration rate on filtration performance with
minimal Reynolds Number were confirmed by Ives and Sholji (1965), that is, low filtration rates
significantly improve filter efficiency. Using HRF, Mukhopadhay (2009), investigated neural
network and empirical modelling methods in order to estimate the performance of the HRF using
local pond water which had a concentration of SS in range from 40 to 150 mg/l. In this study, the
neural network model showed better prediction accuracy than empirical modelling techniques.



In water treatment, roughing filters have been widely applied especially in developing counties
and remains essential in wastewater treatment (Oteng-Peprah et al., 2018; Tepong-Tsindé et al.,
2015; Mtsweni et al., 2019). Firstly, the advantage of roughing filters is essentially related to their
ability to improve water quality by removing physical, chemical and biological pollutants in
wastewater (Affam and Adlan, 2013; Cleary, 2005). This includes good efficiency to remove
pathogens/microorganisms with minimal operational and maintenance costs (Wegelin, 1996). For
instance, the HRFs can significantly handle high turbid raw water and achieve good removals due
to their good design, extended filter lengths and high silt storage capacity (Maung, 2006). The
physical treatment processes in water mainly include coarse gravel, sand and membrane filtration
and chemical treatment processes include ion exchange, granular activated carbon, coagulation
and photo-catalytic oxidation (Tansel, 2008; Zhang et al., 2015).

The removal ability in roughing filters depends largely upon water characteristics, the type of
contaminants (organics and inorganics), suspended matter, viscosity and social and geographic
conditions (Clarke et al., 1996). For instance, the composition in greywater strongly correlates
with the source and nutrients dissolved in greywater (Wegelin 1986; Eriksson et al., 2007). Many
studies on greywater revealed that laundry and kitchen greywater have higher physical and organic
pollutants than mixed and bathroom greywater (Li et al., 2009). Compared to general wastewater,
the greywater from laundry and bath generally contains high levels of dissolved solids, high
turbidity, low nutrients and pathogens (Al-Jayyousi, 2003). Although, the application of roughing
filters can effectively remove the suspended matter, fine particles, turbidity and colloidal matter
including non-settleables and microorganisms, the reduction of surfactants, nutrients and organics
may further require an application of chemical processes (Li et al., 2009). Contrary, physical
treatment processes can provide limited removal efficiencies for chemical parameters in greywater
but are highly recommended for the removals of physical parameters in greywater (Pidou et al.,
2007; Ghrair et al., 2014). Specifically, they can provide significant high removals of turbidity, SS
and microorganisms (Ramon et al., 2004). In essence, the physical processes can be applied for
bathing and laundry greywater treatment while the kitchen source will require further treatment
processes due to the presence of high levels of the surfactants, nutrients and organics (Li et al.,
2009).
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The influent solids concentration strongly affect the filter efficiency where removal ability will be
greater with high influent concentrations. According to 1/3 and 2/3 filter theory, each layer
removes one-third of the particles while letting two-thirds to the next layer. In addition, the
filtration process continues at each layer and more particles are removed in the first layer due to
higher concentration of particles in the first layer (Wegelin, 1996). For instance, the removal of
turbidity can range between 60-90% and high removal of coliforms without any chemical addition.
Therefore, the higher the turbidity of the initial influent water, the higher the removal that can be
achieved (Wegelin, 1996). As a result, the pore sizes of the filtration media will progressively be
reduced with the continuation of particle deposition process (Ahsan, 1995). Therefore, the
understanding and knowledge of the solids characteristics in suspension is an important step
particularly for the prediction of removal efficiency of the particles in roughing filters (Lin et al.,
2006).

During water treatment, the monitoring of water quality, especially greywater, remains critical
particularly in minimization of public health risk, household water stress and negative impact on
the environment (Yerel, 2010; Ayeni et al., 2011). Therefore, water quality assessment is often
assessed by measuring the presence of the level of biological, chemical and physical pollution
loads in water (Hamzah et al., 2016). For example, water quality index (WQI) is one of the existing
water quality techniques dating back to the past decades and according to Zin et al. (2017), many
studies often applied WQI in river water, streams, and sites and in various water quality related
monitoring systems. The basis of this water quality technique is water parameters such as total
suspended solids (TSS), electrical conductivity (EC), biological oxygen demand (BOD), pH, total
dissolved solids (TDS), total coliforms and all other existing measurable water parameters
(Tavakol et al., 2017).

2.5  Water modelling techniques

2.5.1 Data driven models

Multivariate statistical analysis is one other common approach largely used in water quality data
analysis. In water quality modelling, many researchers recommend multivariate statistical
techniques because of its ability to analyze the relationship amongst variables using the
multivariate approach including its power to summarize the correlation in variables of the large

data by using relatively few variables (Mazlum et al., 1999; Yerel, 2010). Additionally, they are
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also useful in identification of components or underlying dimensions and the level of variance
within the data. In terms of use, the common applications of multivariate statistical techniques for
the analysis of water quality include PCA, FA, DA and multivariate analysis of variance
(MANOVA) (Gajbhiye et al., 2015; Tavakol et al., 2017; Nathan et al., 2017). For example, a
study using cluster CA and PCA was conducted by Couto et al. (2013) in Brazil, Tancredo Neves
International Airport (TNIA) using greywater effluent from the airport. In this study, greywater
effluent was successfully assessed including its reuse potential.

The multivariate statistical methods on water parameters are also useful in understanding the
underlying information including the impact of significant factors in water treatment (Boyacioglu,
et al., 2005). These include multiple linear regression (MLR), PCA and partial least squares (PLS)
analysis. In the past years, multivariate regression methods including FA techniques have been
widely applied in the analysis of water treatment and water quality monitoring, for instance,
Mazlum et al. (1999) investigated water quality in Porsuk Tributary-Sakarya river and a number
of factors such as nitrification, domestic and industrial waste discharge and seasonal effects were
identified as source of water quality variations based on PCA. Also, leong et al. (2015) studied the
comparison of principal component regression (PCR), hybrid models (HMs) and ANN for the
application in the prediction of phytoplankton abundance which was studied in Macau storage
reservoir. Based on the findings of this study, the ANN outperformed PCR and HMs. In India,
lyer et al. (2003) worked on a statistical model using PCA in Cochin coast and identified a
relationship of physical and chemical variables in coastal water. Wuttichaikitcharoen and Babel
(2014) also used PCA in a river basin in Thailand to study the suspended sediment yield content.
The predictors of sediment yield that were identified included rainfall distribution, channeling

network, basin size and steepness, and land use.

The traditional modelling involving varying one factor at a time/one-variable-at-a-time to achieve
optimal conditions has been extensively used over the years (Bowden et al., 2019; Murray et al.,
2016). However, this modelling procedure fails to capture and resolve the underlying relationship
between multi-variables because of the complexity and influence of these factors to the dependent
variables. This modelling approach is further described as laborious, time consuming and
expensive because of the requirement of a high number of experimental runs (Dejaegher and

Heyden, 2011). To overcome this challenge, DOEs and RSMs are normally used because of their
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effectiveness in studying the effect of multi-variables on dependent factors using minimum
number of experimental runs (Murray et al., 2016; Tye, 2004). The RSM is, therefore, a good
mathematical modelling technique to build regression models while assessing/evaluating the
effects of multiple variables which allows optimization conditions for obtaining desirable

responses (Ryad et al., 2010).

Recently, Murdani et al. (2018) investigated electrocoagulation performance using RSM with Box-
Behnken design in hospital wastewater through the electrocoagulation process. This was used in
order to ensure that water meets effluent standards before it was discharged. In this work, the
contact time, voltage and electrolytes concentration were used as independent parameters and
COD removal efficiency as the response variable. In the findings, a satisfactory quadratic model
was reported with 69.51% COD reduction and 18.36% minimum COD reduction with an R? value
of 0.9945. In Morocco, Karboubi et al. (2014) investigated the influence of water temperature, pH
and conductivity as indicators of pollution-COD and TSS using RSM-CCD for wastewater from
the treatment plant of the city of Settat. The study investigated the influence of independent
variables on the effectiveness of the treatment process. It was found that the performance of the

station was efficient and was able to reduce COD and TSS by 80% and 83%, respectively.

Ghanim (2014) applied RSM to optimize pollutants removal from textile wastewater using
electrocoagulation. A RSM with CCD was used in this study for the investigation of the effect of
operation time and current density on COD, TSS and turbidity as response variables which was
carried out under an ambient temperature of 25 °C and pH of 4.52. The optimum time and current
density for COD were found to be 56.54 min and 20 mA/cm? respectively. For TSS, the operation
time and current density were 53.13 min and 20 mA/cm?, respectively and 54.74 min and 20
mA/cm? for turbidity. The RSM thus showed that the operation time and current density had
significant effects on the removal of pollutants by electrocoagulation.

Luo et al. (2019) used RSM for zero valent iron powder and pH and reaction time dosage of zero
valent iron powder as input variables. The maximum removal efficiency of 99.66% was obtained
which occurred from 2772.23 ug/l uranium content with 0.6 g dose of zero valent iron powder and
reaction time of 52.5 min with a pH of 5. Subsequently, the removal efficiency of uranium obtained

under an optimized condition was 98.79%. Mohamed et al. (2019) applied RSM in a vertical
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multilayer ceramic filter system for laundry greywater treatment to investigate or evaluate
efficiency of this treatment system and to identify the physical and chemical characteristics of
greywater. The treatment system was optimized based on different hydraulic retention times
(HRT) and sample volumes. Results showed that both HRT and sample volumes were significant
factors for the treatment system. The optimal values for COD, phosphate and sodium reduction
were obtained at 2 hours HRT with 2 litre sample volumes. The study also showed the

effectiveness of a ceramic filter system in removing pollutants in the laundry greywater.

A study conducted by Manhokwe et al. (2019) investigated the effect of temperature and cultured
bacteria on the performance of a biological wastewater treatment system from a yeast producing
plant in Zimbabwe. The CCD was used in this study for experimental design and RSM for
optimization. The findings of the study showed that biological treatment was an effective process
for removing organic load and color effect in wastewater under optimized conditions. The
dependent variables were COD removal and color reduction and 13 experiments were conducted
using temperature and bacteria concentration as independent variables. In terms of findings, a COD
removal efficiency of 26% was obtained and 44% decolourization efficiency was recorded for
wastewater treatment under optimized conditions. The maximum COD reduction was obtained at
25°C and 16.37 g/L of bacterial culture with a desirability value of 0.634.

Mhaske et al. (2014) conducted a study on phytorid sewage treatment plant in India for the removal
of turbidity in sewage water. The Box-Behnken design was used for experimental design and RSM
to determine optimum conditions. The study used three 2 level factors which were dilution,
hydraulic loading and spatial length. The optimization of turbidity using RSM was evident in this
study for the efficient removal of turbidity in sewage water. Ibrahim et al. (2017) also used Box-
Behnken design and RSM for the optimization of a sequencing batch reactor for the aerobic
granular sludge (AGS) using domestic wastewater. The two-level factor setting of independent
factors were temperature and time (days) and response variables were COD and phosphorus
removal. In this research study, the simulation results showed that the RSM can be useful to predict

aerobic granular sludge parameters well under optimum conditions.

Taheriyoun et al. (2020) studied industrial wastewater treatment of Mobarekeh steel complex in

Iran using RSM. The study was intended to optimize coagulation - flocculation processes for COD
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removal of galvanized wastewater treatment plant. The input variables were pH, input turbidity
and concentrations of coagulant aid which were studied in five levels. The RSM was found
effective in modelling and optimizing of the coagulation-flocculation processes for the COD
removal. Based on the findings of the RSM, the optimum coagulant-ferric chloride obtained was
350 mg/l, 0.14 mg/l for the coagulant aid - polyelectrolyte, pH of 11 and 79 Nephelometric
Turbidity Units (NTU) for input turbidity.

ANN overview

Acrtificial neural network is a computational mathematical modelling technique that consists of a
number of processing elements that receive and map input information and deliver outputs based
on their defined algorithms and activation functions (Sildir et al., 2020). The structure of ANNs
simulate neural networks in animals and human beings which contains nearly 100 billion neurons
that are interconnected by thousands synapses to each other (Martins et al., 2019). Using learning
algorithms, the interconnected nodes can have the ability to solve problems just like a human brain,
recognize the hidden patterns and correlations in the given raw data and can even cluster and
classify it over some time through the learning process (Maren et al., 1990). The ANN is also a
powerful tool suitable to model complex problems in real-life applications to the extent of
modelling complex and non-linear problems that cannot be easily modelled using simple defined
empirical modelling (Rath et al., 2017; Pasini, 2015). In modelling, the ANNSs can also make good
generalization and reveal hidden relationships in the input data including being able to make
pattern recognition and powerful predictions (Hinton, 1992; Puskarczyk, 2019).

In 1943, the artificial neuron model (ANM) was firstly introduced by Warren McCulloch and
Walter Pits prior to the existence of commercial computers (Husbands and Holland, 2012).
McCulloch and Pitts began exploring how the small networks of artificial neurons could possibly
mimic brain-like processes and this was through modelling a simple neural network using
electrical circuits. In 1949, Donald Hebb further reinforced the idea of neurons through his work -
the Organisation of Behaviour which pointed out the concept that neural pathways are strengthened
each time they are used (Markram et al., 2011; Langille and Brown, 2018; Unar, 1999). Further
explorations led by Nathanial Rochester from IBM research laboratories resulted to the first effort
to simulate neural networks in the 1950s and this brought significant advancement in the

computers and neural research (Yin, 2018).
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Further work in 1956 by Dartmouth’s summer research project brought significant improvement
of artificial intelligence and neural networks (McCarthy et al., 1955; Aish et al., 2015). These
positive developments also improved applied intelligence while additional contributions by John
Von Neumann in later years suggested imitating simple neuron functions through the use of
telegraph relays or vacuum tubes. In the late 1950s, Frank Rosenblatt worked on the perceptron of
an electronic device which was constructed in line with biological principles and the perceptron
algorithm was invented in 1958 (Seising, 2018; Wang and Raj, 2017; Macukow, 2016). Following
neural network developments and contributions by many researchers or organizational structures
over the years, the single layer artificial neural network for the application in real world problems
was developed by Bernard Widrow and Marcian Hoff and since then ANNs have gained
significant interest (Baykal and Yildirim, 2013). This includes advancements and wide application
of ANNSs in numerous fields of research including various engineering fields (Abiodun et al.,
2019). ANNs are characterized by large degrees of freedom and therefore can be able to model

non-linear problems that are commonly found in real processes (Sun, 2005).

2.5.1.1 Single layer perceptron (SLP)

A SLP is one of the simplest basic and initial form of feedforward neural network that was
developed. Figure 2-1 shows the SLP structure and components with feedforward mechanism. In
terms of structure, the SLP has a single layer of weighted connection which is in between the inputs
and outputs. Also, the SLP ANN is only limited and capable to learn linear problems through
application of perceptron learning rule (PLR) or delta rule (Ebhota et al., 2018; Silva et al., 2018).
As shown in Figure 2-1, the perceptron algorithm includes the summation of the weighted input
values and bias which is followed by the application of a specific activation function and

generation of the output, y.

Biasz

hedd |

Activation
function > y

Inputs

%n

Xn
Weights

Figure 2-1: The single layer perceptron structure

16



The perceptron in Figure 2-1 consists of:

e aneuronand

e atransfer function

The training process in a perceptron requires calibration of weights which are assigned random
values during the beginning of training processes. In Figure 2-1,the inputs multiply the X; values

with weights W; and the weighted inputs are:

Z = WX = WX WX + WXz + ..+ WX, (21)
n

The output signal from the summing function, Z= H + ZW:'XE (2.2)
Where i=]

o X represents input to the neuron

o W represents weight

e nrepresents the number of inputs

e brepresents a bias term

e irepresents an interger from 1 upton

The output with activation function following summing function:

y=f(b+ waxr')

i=1 (23)

The learning process of the perceptron is through the algorithm which calibrates the weights based
on the error function. The error (E) is the difference between the desired output-Oq and the actual

output, Oa will be generated and the error equation is mathematically given by:
E=0d - Oa (2.4)

The ANNSs are also useful and capable to model even more complex relationships in data. Unlike
ANNSs, most of the existing empirical models require theoretical assumptions and guesses in
relation to underlying laws or functions governing the system from which raw data was produced

(Zhang et al., 1998). Contrary, the ANN often performs a learning process from a series of input-
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output data sets based on training data sets presented to the network which often has unknown a-
priori mathematical assumptions or trends. Furthermore, it maps subtle functional trends among
the training data irrespective of the degree of complexity in data, for instance when dealing with
hard to describe data (Zhang et al., 1998).

2.5.1.2 Feedforward artificial neural network (FFANN) structure

Figure 2-2 shows the common ANN design structure and three forms of layers, namely input,
hidden and output layers. Based on Figure 2-2, the ANN is composed of multiple layers and these
layers are central and useful for the learning process of the network. Each ANN layer consists of
interconnected processing elements known as neurons which form a structure of processing
information within the ANN. As shown in Figure 2-2, the ANN neurons or nodes are connected
by synapses and each neuron receives a number of connections with other neurons and this
constantly receives input signals. During this time, the strength of their connection to one another
is assigned a certain value in proportion to their strength of connection which could be minimum

or maximum (Turkson et al., 2016).

Figure 2-2: FFANN design architecture

Based on Figure 2-3, the ANN can have multiple hidden layers to ensure that the network
successfully handles any degree of complexity in the input data (Turkson et al., 2016). In the ANN,
the input data is stored in the input layer. The output layer is responsible for the prediction of the

output in ANN while the hidden layer(s) ensures that ANN is able to obtain an optimum solution
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even for complex structures in the data. The input layer/nodes take in information in meaningful
form which can be expressed numerically and the information is expressed and presented as
activation values where each node is assigned a number which could be either low or high. If the
threshold value is higher, the greater will be the activation and this is passed throughout the
network (Turkson et al., 2016).

As for training, each node makes its computation based upon the weighted sum of its inputs and
the activation values are presented from node to node based on the transfer functions and weight
values which could be high or low. The new calculated ANN values then becomes the new inputs
that feed the next ANN layer. The process continues throughout until the final output is obtained.
The iteration will proceed and a signal will be constantly received in case the summation of signals
exceeds a certain threshold (Alom et al., 2019). In Figure 2-3, the ANN can have different
architecture or structure, however, it is generally classified into two types of basic structures, the
feedforward and feedback structure (Zhang, 2000). The feedforward structure of the ANN takes
the form in Figure 2-3 and it contains the input, hidden and output layers and the signals of the
network can only flow/travel in one direction.

Input layer
g Hidden layer

Hidden layer

- ' ;/ Output layer

Figure 2-3: FFANN of multiple hidden layers

2.5.1.3 Multilayer perceptron and deep neural network
The three major types of deep learning include multilayer perceptron (MLP) ANN, recurrent ANN
and convolutional ANN (Abiodun et al., 2018; Abiodun et al., 2019). The feedforward ANN can

be extended to the concept of MLP which consists of input, hidden and output layers. Compared
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to the SLP network, MLP ANN is more useful to perform the learning process beyond the abilities
of SLP as it is capable to accurately learn both linear and non-linear problems or patterns based on
the single or multiple hidden layer (Mas and Flores, 2007; Hornik et al., 1989). The MLP ANN
with single hidden layer is normally termed shallow and the MLP ANN made up of input layer,
output layer and multiple hidden layers is termed deep neural network (DNN) and can perform
complex learning from the given data set (Wang et al., 2020). The MLP ANN is often used for
supervised learning problems such as machine translation technology and speech recognition
(Bermant et al., 2019). Moreover, the supervised MLP adjusts weights and biases of the network,
thus, reducing the error function using mathematical and iterative rules and procedures (Asady et
al., 2014). On the other hand, the deep ANNSs for instance are often used in image shapes or texture
features (Alom et al., 2019).

RNN (Figure 2-4) is a class of ANN in which a feedback network has a feedback path in that the
output obtained from a previous step is fed as the input to the current step while capturing the
information in relation to the correlation between current data and previous steps (Marhon et al.,
2013). Thus, it generates an output and then copies that output and loops or recycles it to the
network and in making decisions, therefore, the RNN considers the present and previous learning
information that it has received during the decision making process (Salehinejad et al., 2017).
Therefore, the RNN applies weights to the current and previous inputs and further modifies the
weights through a gradient descent algorithm and back propagation through time. The RNN has
the ability to memorize some parts of the inputs and can use them in the process of making good
and accurate predictions (Koudjonou and Rout, 2019). The most common neural network (NN)
structures in RNN are Elman recurrent neural network, Jordan recurrent neural network and
Hopfield recurrent neural network (Szkota et al., 2011; Ghanbari et al., 2014).
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Figure 2-4: EIman RNN structure (Jiang et al., 2015)

CNN (Figure 2-5) is a special form of deep learning artificial neural networks that contains
multiple layers of modelling input data or high dimensional input data (Lin et al., 2020). The CNN
is also multilayer perceptron neural networks which are made up of a special structure for mapping
image data classification and recognition in areas involving face recognition and object detections.
This includes high accuracy in recognition because of the good and robust training and

performance abilities (Lin et al., 2020).

Convolutional Layers

L Fully connected

Input Image

Figure 2-5: Architecture of deep convolutional neural network (Nguyen et al., 2016)

RBFNN is a form of ANN that was developed by Broomhead and Lowe in 1988 that contains
three layers, namely, the input, hidden and output layers (Safavi and Ahmadi, 2015). Unlike other
ANN types that can have several hidden layers, the RBFNN is simply limited to a single hidden
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layer (Erol et al., 2008). Within the hidden layer, a network signal corresponding to an input vector
and in proportion to this signal the network, produces a response. The RBFNN uses radial basis
functions as activation functions for the application to supervised learning problems such as
regression, time series prediction and classification (Wu et al., 2012). Figure 2-6 shows the

RBFNN structure which consists of input, hidden and output layers.

Inputs —

Figure 2-6: RBFNN structure

2.5.1.4 Supervised learning

Supervised learning allows optimization of performance in order to solve various real-world
problems using supervised learning techniques (Uddin et al., 2019; Fister et al., 2015). Supervised
learning is a learning technique of ANN where, during training, the ANN input vector is presented
to the network which then generates the output vector. The output is compared with the desired
output and an error signal is generated based on the difference between the output and actual target.
The weights get adjusted until the real output of the network matches the desired output (Yang and
Rai, 2019). Post training phase, the network should be able to model the new data and assign
outputs which were unseen during the training steps. The two types of supervised learning methods
are regression and classification. The regression method deals with fitting the data and reproducing
the actual output while classification deals with separating the data (Yahia et al., 2020; Ripley,
1994; Bock et al., 2019).
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2.5.1.5 Unsupervised learning

Unsupervised learning is a learning technique where there is no supervision on the model but
instead the model is allowed to work on its own to discover information (Rojas, 1996). The
unsupervised ANNs have no target outputs and the actual duty of the network is to group
information which has no particular order according to patterns, differences and similarities
without any form of prior training of the data (Lau et al., 2019). Its aim is uncovering hidden
structure within the data and therefore clustering and dimensionality reduction techniques are
important in unsupervised networks. Therefore, unsupervised learning can be useful to find
patterns in data including useful features for categorization of data based on real time learning (van
Engelen and Hoos, 2019).

2.5.1.6 Activation functions

Activation functions ensure that ANN learning in each neuron in the hidden layer occurs. In a
neuron, these mathematical functions are responsible for ANN learning by taking the input,
multiply it by weight vector, add the bias value, apply activation function and then returns the
outputs (Gramatikov, 2017). The purpose of the activation functions is to perform complex
computations and transfer network results to the output layer while introducing non-linearity in
ANN. The non-linearity properties of ANN in the activation function allows to increase the
network power to learn and model complex data structures (Nwankpa et al., 2018). The activation
function is a decision maker for ANN by calculating the net output of the network. In this regard,
there are several and various activation functions that are used in ANN modelling and are
commonly classified as binary step activation function, linear and non-linear activation function
(Nwankpa et al., 2018).

In binary step activation functions (Figure 2-7), the function generates binary output and is,
therefore, useful for binary classification problems. The function generates a value 1 when the
input passes the threshold limit value and produces a value 0 if the input fails to pass the threshold
(Sharma et al., 2020).

1, x>=0
£ — 5
o {u, x<0 }

23



Figure 2-7: Binary step activation function (Sharma et al., 2020)

Based on Figure 2-8, linear activation function is a straight line function whereby activation is
proportional to the input and the output of the functions will not be limited between any range

since the function takes a linear form ((Feng and Lu, 2019). The linear activation function takes:

fix)=aX (2.5)

For this linear activation function, the derivative will be a constant, thus, gradient does not depend
on x and therefore, modifications made by back propagation will be constant irrespective of the
changes in the input-delta x. This linear activation function can be of minimum use with complex

parameters which are often in real data that is given or fed to the ANN (Sharma et al., 2020).

23 — —y = 0 2 4 [ 8

»

Figure 2-8: The linear activation function (Feng and Lu, 2019; Sharma et al., 2020)
Figure 2-9 presents an exponential linear unit (ELU) activation function which is the common
activation function in convolutional neural networks that is often used due to its accuracy. ELU is

one of the ANN functions that speeds up the ANN training while alleviating the problem of a
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vanishing gradient. ELU can produce negative outputs as it takes negative values and has a non-

zero gradient for x < 0 (Sharma et al., 2020).
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Figure 2-9: ELU activation function (Sharma et al., 2020)

The rectifier linear unit (RELU) in Figure 2-10 is also one of the most used activation function in
ANN particularly in convolutional neural network or deep learning which takes a linear form, good
performance and speed (Nwankpa et al., 2018). For instance, the RELU activation function uses
only the maximum function and it is faster to compute than other activation functions, give sparsity
in the model and has non-saturation characteristics for large positive inputs (Nwankpa et al., 2018).
RELU has linear behavior, that is, it looks and acts like a liner activation function, however, in
case neurons’ weights become updated to the degree that the weighted sum of neuron’s input is
negative, neurons vanish and stop generating anything other than zero values. The derivative of
RELU could be either 0 or 1, it outputs 0 when x < 0 and certain x value when x > 0 thus the output
is linear if the input is positive (Apicella et al., 2021).

IO o
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Figure 2-10: RELU activation function (Apicella et al., 2021)
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Leaky rectified linear unit (Leaky RELU) in Figure 2-11 is regarded as an improved version of the
RELU function as it modifies the issue of dead neurons during the back propagation process. The
RELU function was defined as O for negative values of x. Unlike RELU, the Leaky RELU
activation function allows for small negative x value or non-zero constant gradients during the
back propagation step. It is also well known for its efficiency in dealing with complex classification
problems (Apicella et al., 2021).

—10.0 0.0 10.0

Figure 2-11: Leaky RELU activation function (Apicella et al., 2021)

Parametric rectified linear unit (PRELU) is the activation function similar to RELU with the
exception that the slope values of the negative part are learned from the data rather than predefined.
PRELU introduces an alpha parameter that modifies this parameter through gradient descent
during training and tends to perform better than RELU in many instances (Wang et al., 2020). The
gradient becomes an adaptable parameter during learning instead of predefining the gradient of the

function.

Sigmoid function is an activation function with the graphical shape in Figure 2-12. It introduces
non-linearity in the model by mapping the outputs in the range 0-1 which allows better fit of the
data and accurate predictions. By multiplying the neurons having the sigmoid activation function,
produces a non-linear output (Feng and Lu, 2019). It has an s-shaped or sigmoid curve otherwise

known as a logistic function. It is the ANN function of the form:
fx)= 1/{(14+e™) (2.7)
Where f (x) is the output and x is the input

As shown in Figure 2-12, the sigmoid function has good performance characteristics, for instance

the time to change from 0 to 1 proves to be less, thus making the sigmoid function a preferred
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function for classification and gives a smooth gradient, although it could give rise to a vanishing
gradient. The sigmoid is non-zero cantered, therefore, this affects optimization efficiency and it

also diminishes the gradient due to saturation effect.

1
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Figure 2-12: Graphical representation of sigmoid function (Feng and Lu, 2019)

Tanh activation is a non-linear activation function for ANN which scales the outputs in the range
between -1 and 1 (Figure 2-13). When weighted sum of the inputs are applied to tanh x, the values
are scaled in range between -1 and 1 and large negative and positive values will be scaled towards
-1 and 1, respectively (Feng and Lu, 2019). Tanh activation is given by:
fx)= (e (2.8)
(e* +e7¥)

Tanh function is more favorable for an application in ANN problems because it is continuous and
has differentiable characteristics at all the points. The slope does not quickly decrease like that of

the sigmoid function, therefore, its gradient does not vanish quickly.
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Figure 2-13: Graphical representation of tanh function (Feng and Lu, 2019)
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2.5.1.7 Gradient descent (GD) optimization and back propagation algorithm

Gradient Descent is one of most learning algorithm that is often used to perform optimization in
neural networks (Azar, 2013). The GD performs learning through minimizing the objective
function in the neural network model. This is done through GD back propagation which involves
computing the gradient of the objective function. In supervised learning, the objective function
will be the error function between the target value and the network output (Emmert-Streib et al.,
2020). The network subsequently updates parameters based on the computed gradients and the
gradient takes into account the model’s parameters and updates them to the opposite direction of
the gradient of the cost function. The training cycle is repeated until the minima point of the cost
function is attained (Lin and Sun, 2020).

In ANNSs, the common method that is used to train an ANN is the back propagation algorithm
which is often applied in training feedforward NNs for regression and classification problems. The
back propagation can either be backward or forward pass, where in forward pass the output is
evaluated based on the given input. In backward pass, the partial derivatives are propagated back
to the network (Luo et al., 2017; Ganatra et al., 2011). The function of the back propagation is to
optimize the weights which allows or improve the NN learning process in mapping given inputs
to the outputs (Xu et al., 2015). During the training phase, the back propagation continuously
adjusts the weights based on the existing/incurred training error for the output and the training

phase terminates when the error is minimized to the lowest degree.

The three variants of gradient descent include batch, stochastic and mini-batch gradient descent
(Ghatak,2019). Each has its own specific characteristics in terms of performance and optimization
procedure. In the instance where stochastic gradient descent was used in Figure 2-14, the training
sample or data would be passed through the NN and the weights of each layer would be updated
with the calculated gradient. The network, therefore, updates the weights of the network after

calculating the error function of every training sample data.

Incase Figure 2-14 was optimized based on batch gradient, the batch gradient descent calculates
the loss function for each example and subsequently updates the weights of all training examples
at the end of each epoch. The weights are updated once after all training samples have been

presented to the NN. If mini-batch gradient was used in Figure 2-14, the training data would be
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divided into multiple batches and each batch will consist of a number of training samples. For the
ANN structure with six neurons for the input-output layer with one hidden layer, back propagation

algorithm and output error in neural network is computed as follows:

Figure 2-14: Back propagation algorithm and output error in a neural network

For the neural network in Figure 2-14, trained using gradient descent, the back propagation error

can be computed using a cost function and sigmoid activation function:

1
I 2.9

Error with respect to the network output, S is:

N
E=Y%(0;,-6;)° (2.10)

i=1

Oi in equation (2.10) is the target value in the output layer for i equals to 1 and the output layer

gradient is:
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Substituting equation 2.21 in 2.20
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2.5.1.8 ANN application in various water systems
The ANN has been widely applied in the various fields of water, hydrology, wastewater/water

quality, water resources engineering domestic water and wastewater treatment plants (WWTPs)
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(Mi et al., 2004). Its application has produced efficient and useful results and accurate estimates
in various water bodies including environmental studies (Mi et al., 2004; Chu et al., 2013). For
instance, the feedforward ANN has also been applied along with traditional water modelling
techniques for instance modelling various water units for the estimation of efficacy of those water
units (O’Reilly et al., 2018). This include prediction of reservoirs, streams and ground water
quality (Abdolmaleki et al., 2013).

Rafiee and Jahangiri-Rad (2015) used ANN to predict the Chlorophyll-a (Chl-a) concentration in
water of Aras dam reservoir in Iran. In this study, the ANN results showed high accuracy in
predicting Chl-a concentration with satisfactory MSE and correlation coefficient values including
good agreement between ANN output and actual data. The predicted output proved to be beyond
the acceptable standard thus indicating the possibility of eutrophication mainly in the fall season.
Also, the correlation coefficient between measured data and predicted values was 0.7 and a root

mean square error (RMSE) value below 0.2 for all developed models was obtained.

Another ANN application was conducted by Huo et al. (2013) involving the investigation of a
correlation between water quality indicators and eutrophication in Lake of Southwest in China.
The study was carried out through the application of ANN back propagation algorithm and using
water quality indicators such as total phosphorus (TP), dissolved oxygen (DO), chlorophyll-a (Chl-
a) and secchi disk depth (SD) in lake Fuxian and the output/eutrophication indicators used for this
study were DO, Chl-a, total nitrogen (TN) and SD. In this study, the ANN yielded robustness, as

a useful and informative tool for the effective water quality monitoring and management.

Nwobi-Okoye and Igboanugo (2013) focused on modelling water levels at Kainji dam in Nigeria
using ANN. This was through the collection of daily water level data for the development of five
ANN models and Autoregressive Integrated Moving Average (ARIMA) model with the aim to fit
the 10 year water level data. The ANN prediction accuracy models were found to correlate
positively with an increasing number on model inputs. The best model with relative error of
0.039% was reported with ARIMA followed by 0.062% with ANN which was developed based
on four modelling inputs whereas the single input ANN model reported least performance than the
rest of the models. Based on the findings of this study, the ANN showed better performance than

the ARIMA model due to its prediction efficiency and simplicity.
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Kheradpisheh et al. (2015) conducted a study to assess ground water quality for 13 wells of Yazd
regional water company in Iran using ANN. For evaluation of the influence of key inputs, the
chlorine, EC, SO4, and NOs parameters were estimated and compared with measured parameters
and input training parameters were physico-chemical parameters, evaporation, water level and
temperature. The results of the study using ANN with back propagation proved to be accurate in
predicting qualitative variables of groundwater (chlorine, EC, SO4) while results showed less
accuracy with modelling including NOs. Therefore ANN proved to be a fast and cost-effective

technique for water management practices mainly in emergency occasions.

Solaimany-Aminabad et al. (2013) studied water quality of Sanandaj waste treatment plant (WTP)
in Iran using ANN with a feedforward back propagation non-linear autoregressive neural network.
A successful and useful model was developed and produced for the prediction of the influent water
quality. The models proved their effectiveness for the use and for analyzing non-linear behaviour
of the influent water quality of Sanadaj WTP. Using ANN, Tumer and Edebali (2015) investigated
the performance of feedforward ANN using back propagation based on TSS of Konya waste water
treatment plant (WWTP). The ANN structures were developed using MATLAB software and by
varying training parameters of ANN such as hidden layers, neurons including training algorithms
while measuring the ANN performance using MSE and R correlation coefficients. The ANN was
useful and capable in predicting the plant performance and proved to be a valuable tool for plant

personnel and decision makers.

Tirkmeler and Pala (2017) studied an advanced biological WWTP using ANN for the prediction
of effluent (BOD) based on BOD, COD, SS, TN, TP and flowrate input parameters. Satisfactory
results with ANNs were obtained for the prediction of BOD in WWTP with good values of
performance parameters MAPE, high sum of square error (SSE), absolute fraction of variance
(R?), root mean square (RMS) and percentage coefficient of variation. Using brewery wastewater
(BWW), Hassen and Asmare (2019) applied ANN to predict the COD, pH and TN by building
different structures of ANN ranging from MIMO, single-input single-output (SISO) and multi-
input single-output (MISO). The ANN models were developed taking into account various training
parameters and MIMO was the best ANN model for pH and TN and SISO was the best ANN
model for COD.
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Nasr et al. (2012) applied ANN studying a WWTP in Egypt to predict COD, BOD and TSS.
Results showed high correlation between measured and predicted output values above 0.9 and
acceptable generalization trends and therefore, it was concluded that ANN could be an effective
tool to simulate the performance of WWTPs. Furthermore, Rene and Saidutta (2008) focused on
the petrochemical industry wastewater from the effluent treatment plant by applying ANN to
predict BOD and COD concentrations. The ANN was trained with TSS, TDS, phenol
concentration, ammoniacal nitrogen, total organic carbon and Kjeldahl’s nitrogen and twelve ANN
models were proposed. In this research, prediction results recorded satisfactory statistical
significance based on performance parameters and less percentage average relative error for testing

was also evident.

ANNs are becoming widely applicable and have gained interest amongst researchers over
traditional modelling techniques due to the fact that they offer improved performance, applicability
and reliability characteristics (Turkmenler and Pala, 2017). Unlike ANNSs, most of the traditional
modelling tools have limitations to account for chemistry, meteorology, physics and hydraulic
factors while ANNSs prove to have good modelling characteristics (Liu et al., 2019). The ANNs
handle well with uncertain and non-linear problems and are self-organizing, self-teaching and can
deal with multi-complex variables without imposing restrictions on the number of input vectors as
they have better and effective computational power than other modelling techniques (Luan and
Zhu, 2011). Moreover, the ANNs relative to traditional predictive modelling techniques has the

ability to detect trends/extract patterns and meanings from complex and imprecise data.

Nidhisha and Kuruvila (2019) modelled river BOD and COD concentrations using ANN and factor
analysis. The training was through a trial and error method by varying non-linear training
algorithms, neurons in hidden layers and the number of epochs. Results showed better performance
of feedforward ANN with back propagation when combined with factor analysis which is a data
reduction tool. Also, Hamada et al. (2018) applied ANN and multiple linear regression (MLR) for
the prediction of WWTP BOD, COD and TSS in the Gaza Strip. In this work, five ANN models
were developed for predicting water quality efficiency and results were compared with MLR and
RBF neural networks and model performances were evaluated using quantitative error metric.

Results showed higher performance with ANN than conventional modelling method.
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In India, Abba et al. (2017) used multi linear regression, ANN and adaptive neuro-fuzzy inference
system (ANFIS) to predict DO concentration for downstream river water in Agra City. The input
variables at the upstream, middle and downstream were DO, pH, BOD, and water temperature.
The significant results were obtained with ANN and ANFIS for the prediction of DO concentration
and ANN model performance outperformed ANFIS and MLR models. In another study, Mas and
Ahlfeld (2007) also compared the performance of binary logistic regression, ordinary least squares
and ANNSs in predicting surface water faecal coliform (FC) concentrations in mixed land-use
watershed suing temperature, precipitation data, streamflow and conductivity as input vectors.
From the data analysis, the ANNs were able to correctly classify 69% and 85% of FC
concentrations in class A and B water quality standards, respectively, compared to the results that
were observed for regression models. The good performance of ANN models was also evident
when only meteorological input variables were used and ANN models correctly classified 72%

and 81% of the cases for class A and B water quality standards, respectively.

The comparison of the performance of ANN and RSM studies were carried out by Khayet et al.
(2011) for the prediction and optimization of a reverse osmosis (RO) desalination process. In this
study, the central composite design (CCD) was used for RSM upon the performance of RO. The
modelling variables were sodium chloride, feed temperature, feed flowrate and operating pressure.
For data analysis, the analysis of variance (ANOVA) was used to access the significant
performance of ANN and RSM model abilities through plotting the generalization graphs. Both
models generally showed good performance and similar trends, however, the best and optimal
conditions were obtained by ANN representing global optimal solution for the RO pilot plant that
was tested.

Another study on ANN and RSM was conducted by Behin and Farhadian (2016) to predict
decolourization efficiency of the reactive red 33 using the O3/UV process in a bubble column
reactor. In this study, the ANN and 3-level CCD factors were time, superficial gas velocity, initial
concentration of dye and pH. The comparison of the RSM and ANN results showed that ANN
was good in fitting the data and showed good capability of better predicting the decolourization
efficiency of the reactive red 33 well within the range of training than the RSM model. Similarly,
Hamid et al. (2018) used ANN and RSM for the prediction of the capability of oxidized cellulose
nanowhisker (CNW) adsorbents for remediation of copper investigated under optimal operating
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conditions. The adsorption experiments were carried out using wastewater effluent spiked with Cu
(11) where the response variable was Cu (I1) removal from wastewater effluent. The findings from
this study revealed that CNW adsorbents showed good capability in remaining spiked Cu (11) of

wastewater effluent.

Al-Araimi et al. (2019) also used two modelling strategies, namely ANN and RSM for the
assessment of optimum dosage of chlorine for the municipal water disinfection in Muscal city of
Oman. The ANN was primarily used to forecast the residual chlorine in urban water at any specific
given location and therefore, ANN variables were pH, inlet concentration of chlorine and the initial
temperature. The RSM and DOE was employed in the study for initial optimization of chlorine
disinfection, total organic carbon (TOC) and BOD based on pH, chlorine dosage and time factors.

Results showed significant performance of ANN in predicting residual chlorine.

Abdolmaleki et al. (2013) used ANN in drinking water to predict heavy metal copper concentration
in Chahnimeh1l reservoir in Iran using electrical conductivity (EC), total dissolved solids (TDS),
temperature and pH. The training algorithm was the Levenberg-Marquardt training algorithm and
good performance for ANN was obtained with seven neurons with low MSE, high R correlation
values for training, testing, validation and all data. Another study by Farah et al. (2019) also applied
ANN to predict daily water consumption in France for two cases, district metered area and end
user case. In this work, the ANN training was carried out using historical data values at daily time
and hourly time intervals including variation between hourly time and type of days. The findings
showed that the ANN was capable to predict water consumption and peak values for both daily
time and hourly time intervals and a MSE of 0.07 was achieved for the district metered area and

0.059 at the end user case.

In Poland, focasting for daily water consumption was investigated by Piasecki et al. (2018) using
ANN and Multiple Linear Regression (MLR) based on humidity focasting and three antecedent
data of water consumption. Their effects on water consumption was assessed through using
correlation coefficients. In this study, only humidity had a significant effect on water consumption
while other variables such as temperature, rainfall and wind speed were not considered for

focasting models. Also, the ANN outperformed the MLR model while MAPE difference was
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largely limited. This study showed that these focasting approaches that were applied in this study

can also be applied in various parts of water and wastewater systems.

Liang (2013) conducted a study for the prediction of urban annual water consumption in Tianjin
using back propagation ANN. The ANN vectors were industrial water recycling rate, urban
population, daily water consumption, city gross domestic product (GDP), industrial output value,
industrial water recycling rate and income levels. The neurons in hidden layers that were
investigated were 10, 15 and 20. Good results were obtained using ANN with the back propagation
algorithm. The best efficiency was obtained with 10 hidden neurons with low average deviation
and a high R? value of 0.9587. A study by Shah et al. (2018) used RNN and feedforward neural
network to predict daily water demand for central Indiana. The models were formulated for two
different time intervals, namely, daily and monthly time intervals and the input features were
temperature, rainfall, snow depth, median income, number of customers, day of the year and
holidays. Based on this study, a good performance was obtained with RNNs which showed high
accuracy and low average error in prediction of 1.69% and 2.29%. Therefore, ANNSs proved useful

for effecting operational decisions for daily and monthly time intervals.

Suh and Ham (2016) conducted a study on water demand for a residential building in Korea using
back propagation neural network (BPNN). The training data to estimate water demand was
obtained from other sources including climate variables, residential buildings, types and geometric
variables. Results showed that the proposed BPNN was able to successfully predict water demand
estimated outputs as water demand and water use for residential buildings in Korea is a massive
issue. Therefore, the proposed BPNN model in this study was useful in decision making and for

water management policy in Korea.

2.5.2 First-principles models

Over the years various water models have been developed and extensively applied in various water
bodies to model water quality in surface water, discharge streams, river streams and potable water
quality monitoring (Wang et al., 2004; Wang et al., 2013; Wang et al., 2009). With this
understanding, the application of water quality models as the monitoring strategies of various
pollutant contaminants is useful for better control of negative effects in water quality and an

ecological environment (Altenburger et al., 2019). This includes the use as decision support tools
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in water systems and analysis of risk factors (Bello et al., 2019). In effect, water quality models
have a long history since their inception in 1925 where Streeter and Phelps built the first major
water quality model which was used for simulating BOD and dissolved oxygen (DO) in a river
system in the United States of America (USA) (Wang et al., 2013; Huang et al., 2017). Currently,
more than 100 water quality models for surface water have been developed including numerous
models that are based on various theories and computing techniques (Wang et al., 2013;
Manivanan, 2017).

The water quality models are generally classified based on a number of characteristic features such
as model complexity, the number of water quality parameters, the simulation method used and the
type of water quality parameter or indicator (Yuceer, 2016). To this end, some of the water quality
models that have been widely applied include AQUATOX model, QUASAR model, QUAL 2E
model, water quality analysis simulation program (WASP model), WASP 7 model, CE-QUAL-
RIV1 model, CE-QUAL-W2 model, soil water assessment tool (SWAT model) and simulated
catchment model (SIMCAT model), MIKE11 model (Wang et al., 2013; Olowe and Kumarasamy,
2018).

2.5.2.1 QUASAR model

The QUASAR model is described as a water quality and flow model for the river networks which
were developed based on the Bedford Ouse model by Whitehead (Whitehead et al., 1997). The
model uses one dimensional (1D) ordinary equation principles to access the impact of pollutants
in the river water systems (Whitehead et al.,1979; Whitehead et al.,1981). The model uses the
concepts of mass balance in relation to flow based on stochastic and dynamic simulation principles.
The QUASAR model was previously used effectively based on the Monte-Carlo framework to

assess the distribution of water quality for high river streams (Whitehead and Young, 1979).

In river systems, the model was initially used within real-time focasting with collating telemetered
data including producing focasts at abstraction sites. Due to its effectiveness, other researchers
have applied water quality modelling to study mass balance in river systems with major pollutant
problems (Warn and Brew, 1980; Warn and Matthews, 1984). Other researchers have applied river

water quality modelling to study heavy metal pollution and the movement of nitrates and algae
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content within the river systems (Whitehead and Williams, 1984; Whitehead and Hornberger,
1984).

The advantage for the application of QUASAR model is that a number of inputs can be investigated
or assessed including tributaries, ground waters, inflows, runoffs, effluents and storm water as well
as chemical and biological process assessment along the river system. The QUASAR model also
consists of an easier formulation based on ordinary differential equations and therefore it consists
of easier calibration and model evaluation. Furthermore, this water model seems to be suitable for

modelling large river water systems and therefore requires sufficient data (Cox, 2003).

2.5.2.2 Water quality analysis simulation program (WASP) model

The WASP model is one of the commonly used water models that was developed by United States
Environmental Protection Agency (USEPA) (Ambrose et al., 2009; Mbuh et al., 2019). The model
is useful to interpret and predict the presence of pollutants in surface water processes. Currently,
WASP has been used in various aquatic systems, rivers, estuaries, coastal waters, ponds, lakes and
reservoirs (Mateus et al., 2018). In essence, WASP is a dynamic model that can be used for
modelling one to three dimensional structures. The model has two independent components,
DYNHYD - a hydrodynamic procedure involving an exercise equation and a continuous equation
and the WASP standalone computer program which consists of 7 versions, namely, WASP to
WASP 7 (Hao et al., 2012).

WASP 7 can be applied as a one dimensional (1D), two dimensional (2D) and three dimensional
(3D) models in water quality assessment based on analysis of water systems and pollution types
(Mateus et al., 2018; Zieminska-stolarska and Skrzypski, 2012; Wang et al., 2013). With this model
system, DYNHYD and WASP could be used independently or in a combined form. Also, the
model is derived based on the principles of mass conservation and requires input data to account
for balances in the system that is being modelled (Olowe and Kumarasamy, 2018). WASP is also
well capable to address processes occurring in water columns and simulation of organic chemicals,
for instance, nutrients-eutrophication, BOD, dissolved oxygen dynamics, coliform bacteria, toxic
chemical amounts and synthetic organic compounds (Wool et al., 2020). Larico et al. (2019) used

the WASP model to assess eutrophication in El Pane reservoir in Peruvian Andes. Results of the
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study were used to analyze national water quality standards (NWQS) using physical, chemical and

biological water quality variables.

Other researchers have used WASP to examine eutrophication and phosphorus loading in rivers
and water supply reservoirs as eutrophication affects taste, odour and water quality (Lung and
Larson, 1995; Jin et al., 1998; Mark and Owens, 2009). Zhang and Rao (2012) used the WASP 7
model in Lake Winnipeg to examine eutrophication while taking into account the average value of
phytoplankton biomass as well as phytoplanketon components. Although the WASP model has
been widely used and proven useful as a water quality model for the application in water resource
management, its limitations include the ability to handle some variables and processes. Other
limitations include the inability to readily be operated on batch mode, separation of eutrophication

and toxicant fate modules and large external hydrodynamic files (Ghadai et al., 2020).

2.5.2.3 CE-QUAL-RIV1 model

The CE-QUAL-RIV1 model is a dynamic flow and 1D water quality model applicable for rivers
or streams. It was developed by US Army Engineers Waterways Experiment Station (WES) dating
back in 1991 (Sharma and Kansal, 2012; Ambrose et al., 2009). The model consists of
hydrodynamic code-RIV1H and water quality code-RIV1Q and RIV1H which was applied to the
case of a water column to calculate river hydraulics based on geometric characteristics and
boundary conditions (Olowe and Kumarasamy, 2018). Following the RIVV1H, the output was used
by the water quality model for simulation. In addition, RIV1H solved St. Venant equations using
a four-point implicit method to predict flows, depths, velocities and hydraulic parameters
(Zieminska-stolarska and Skrzypski, 2012). In the main, RIV1Q uses two-point fourth order,
accurate finite difference to solve the mass balance concept equation that was developed by Holly
and Prassmann (1977) to solve the mass balance concepts based on river geometry, water flow

characteristics and concentration including meteorological data.

In Korea, Hwang et al. (2013) used the CE-QUAL-RIV1 model to assess Seonakdong River water
quality while varying influent and effluent flowrates for the predictions of long-term water quality.
The steady state was found inadequate based on modelling and the variation in water flowrates
and water quality during the operation of water gate. From this study findings, recommendations

included an optimum plan for evaluating and restoring water quality including period and duration
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in relation to gate operation. Also, in a study conducted by Batick (2011), the CE-QUAL-RIV1
model was applied in river modelling using water parameters and peaking hydropower dam which
consisted of irregular flowrates varying between 16 to 240 m®/s. The model was able to predict
well water parameters such as temperature including predicting stages and low-flow stage.

2.5.2.4 CE-QUAL-W2 model

The CE-QUAL-W2 model is a 2D hydrodynamic water quality model that was developed by the
US Army Corps of Engineers (ASACE) (Zhu et al., 2017). The model is useful in modelling
surface water bodies, river basins, estuaries, lakes and eutrophication processes including
predicting the fate and transport of pollutants in water bodies and other water quality variables
such as DO, nutrients, organic matter, algae, pH, dissolved solids and SS (Martin et al., 1999).
Also, the CE-QUAL-W2 model assumption is a lateral homogeneity method, therefore, it is best
suited for long and deep narrow water bodies (Cole and Buchak, 1995). In modelling, various
researchers have used the CE-QUAL-W2 model in numerous water quality bodies such as rivers,
lakes, estuaries and reservoirs including water quality investigations and as a management tool for

evaluating water quality in point and non-point pollution sources (Gao and Li, 2014).

The model has also been applied by Zhu et al. (2017) in Xiaxi river in China to simulate mercury
transport and cycling in water. The results showed that the model was capable to predict mercury
concentrations in Xiaxi river. In Korea, Kim and Kim (2006) applied the CE-QUAL-W2 model in
deep reservoir by accounting temporal distribution and spatial distribution of water temperature in
a reservoir in Soyang including movements of density currents. The water motion and thermal
stratification were both simulated by 2D CE-QUAL-W2 and the model was successful in
simulating all characteristics of the stratification regime and the formation of the turbid

intermediate layer in the reservoir.

In Canada, Lindenschmidt et al. (2019) effectively used the CE-QUAL-W2 model to study the
effect of dam out flow on temperature, nutrients and DO. The model focused on analyzing six
scenarios of water extraction by looking 5 m elevation above the reservoir surface at the dam and
other elevations which was increased by 10 m incremental values to 55 m elevation. The
measurements were water temperature, algae production, biological and physico-chemical

parameters. Other researchers have used CE-QUAL-W2 in modelling dam flow control and other
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impacts on water quality on rivers and multi-reservoirs while other studies have investigated the
effect of water dams and flow regulation in relation to downstream nutrient loads and outflow
temperature for the downstream and reservoir scenarios (Chang et al., 2015; Lindenschmidt, et al.,
2019).

2.5.2.5 Soil water assessment tool (SWAT) model

The soil water assessment tool (SWAT) model was developed by United States Department of
Agriculture (USDA) and Agricultural - based Research Service (ARS) (Neitsch et al., 2002). The
model is useful to quantify the effect of land management and practices in watersheds environment
(Arnold et al., 1998; Arnold and Fohrer, 2005; Santhi et al., 2006). The model is able to deal or
address problems related to surface runoffs, water quality systems, quantification of water and
water resources, soil erosion, river systems and ecosystems including studying the effects of
climate change and land use (Abbaspour et al., 2019). It is also a strong function of quality
parameters and characteristics such as topographic characteristics, vegetation, soil properties,
weather, and type of water system (Dai et al., 2017). The model operates on the basis of a daily
time step and produces simulations based on dividing watershed into a number of sub basins in
series configurations which are also subdivided into hydrologic response units (Arnold et al.,
2012). In spite the robustness of the SWAT model in water modelling with readily available data,
the non-spatial feature of the hydrological response units makes the model suitable for simplicity
application while the model accounts no pollutant routing in a sub-watershed. As a result, the
model formulas remain empirical and has limitations to account for erosion and sediment transport

and snow melt modelling (Cox, 2003).

A number of studies on the SWAT model has been reported in the literature on water quality
assessments, quantitative water analysis, climate change and water resources assessment (Torabi
Haghighi et al., 2019; Li and DeL.iberty, 2020; Kumar et al., 2017; Kwarteng et al., 2020; Johnston
and Kummu, 2011; Rossi et al., 2009). This includes SWAT model application to study sediment
and nutrients, concentrations of pollutants and loads (Hallouz et al., 2018; Krysanova and Arnorld,
2008). Liew and Garbrecht (2003) also investigated the ability of the SWAT model to predict
streamflow under varying climate conditions from three nested sub water sheds in little Washita

river in Southwestern Oklahoma. The model was calibrated based on wet climate conditions and
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results showed that the model was capable of predicting streamflow variables for dry climate

conditions, likewise, with average and wet climate conditions.

In West-central lowa, Jha et al. (2007) reported accurate and satisfactory results on SWAT model
application on streamflow in Raccoon River. In South Africa, Govender and Everson (2005)
applied the SWAT model to model streamflow from two small experimental catchments to
examine the capability of the SWAT model to simulate hydrological processes in daily time steps.
The streamflow results were significant and the SWAT model performed well under different
climate conditions, although the model showed limitation to simulate growth of the Mexican
weeping pine (Govender and Everson, 2005). Winchell et al. (2018) reported positive results with
the SWAT model for the prediction of annual maximum pesticide concentration exposure in
flowing water schemes based on high vulnerability watersheds. The model was applied in 27

watersheds using the approach of uncalibrated parameterization.

2.5.2.6 SIMCAT model

The SIMCAT model was developed by United Kingdom (UK) environment which has been
largely used in UK as a water quality modelling tool and as a decision making tool for river water
quality management and planning (Mclintyre et al., 2003). The SIMCAT model is a 1D steady state
water quality model which predicts river water characteristics and is regarded as a cost-effective
and a simple water quality model that requires relatively less amount of data for operation (Kannel
et al., 2011). The SIMCAT model is a stochastic model that uses the Monte Carlo simulation
technique and can be used to assess the effect of pollutants that are discharged in water bodies
(Warn, 2007; Olowe and Kumarasamy, 2018).

The SIMCAT model takes into account solutes that are conserved in water, non-conserved
substances and dissolved oxygen and the model is best suitable for modelling water bodies that
are independent of sediment interactions (Kannel et al., 2011; Cox, 2003). This model offers no
allowance for temporal variability and variation in reaeration rate with flow. Other limiting factors
include the fact that the SIMCAT model accounts for no photosynthesis, respiration and sediment
oxygen demand (Cox, 2003; Ranjith et al., 2019). Hankin et al. (2016) applied the SIMCAT water
quality model for catchment scale sensitivity and uncertainty to predict nitrate and soluble reactive

phosphorus contents in four monitoring regimes. The four regimes had different spatial and
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temporal sampling occurrences. The modelling results showed overall positive improvement of
the SIMCAT model. In North England, Crabtree et al. (2006) used the SIMCAT model to predict
water quality impacts in the district national park. Results showed that the content on effluent
discharge was more than necessary and could allow major targets to meet required standards

including control of other sources of pollution.

2.5.2.7 AQUATOX and QUAL 2E models

The AQUATOX model is a simulation model for the aquatic ecosystem that was developed by
United States Environmental Protection Agency (USEPA). The model is widely applied in aquatic
systems to predict the effects and fate of various environmental pollutants on the ecosystem based
on nutrients, organic chemicals, sediments, flow and temperature in the aquatic ecosystem (Park
et al., 2008). The model is also useful for the comparison of perturbed and control simulations
including photosynthetic limitations. It also allows the use to compute results in graphical and
tabular form, sensitivity and uncertainty analysis based on nominal range (Park and Clough, 2004).
Researchers have applied the model in river streams, estuaries, lakes and ponds including artificial
streams and the model can well explain the causal and effect correlations given the aquatic life
water quality and ecological environment (Park et al., 2008). AQUATOX has limitations to solve
hydraulic equations including modelling toxic organic pollutants but cannot model organometals
(Anagnostou et al., 2017).

The QUAL 2E model was developed by USEPA for predicting pollutants in stretching river
streams and well mixed water lakes (Cox, 2003; Brown and Barnwell, 1987; Ning et al., 2001,
Pelletier et al., 2006). The model can effectively operate as either a dynamic model or steady state
model and can simulate up to a limited number of water quality parameters (Parveen and Singh,
2016), for instance simulation of pollutant loadings, flow and stream temperature including
chemical and biological pollutants. This model has limitations to address transient stream flow,
storm water flow instances, non-point source pollution including dimensional limitations. The
model limits only 20 computational elements per reach and the reaches should not be more than
25 (Olowe and Kumarasamy, 2018; Shanahan et al., 1998).

Paliwal et al. (2006) applied the QUAL 2E model to simulate BOD and dissolved oxygen (DO)

content in Yamuna River. The findings were well within acceptable literature studies on river water
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modelling. Ning et al. (2001) investigated the impact of water resources and redistribution
including water quality management and practices in Kao-Ping River. Findings showed that there
was a need to address pollution in the up-stream area both in wet and dry seasons. The findings
also showed good capability of QUALZ2E in predicting BOD, DO, total phosphate-phosphorus and

ammonia-nitrogen content.

2.6 Summary

Based on literature review, extensive research on scientific water issues, treatment technologies
and water management techniques is becoming central over the years for adequate water supply
and availability. It is also evident from the previous studies that water quality and treatment
standards remain the major priority in any useful water treatment technology. As a result, a large
number of studies has focused on water quality monitoring including water quality modeling such
as first principles modelling for the analysis and control of water quality and water treatment
processes. As shown in the previous studies, the significant contribution of water quality studies

cannot be underestimated particularly in water treatment processes.

To this date, numerous water quality studies on water quality modelling involving data driven
models, wastewater reclamation or reuse and wastewater reuse application and management are
also emerging in many countries. These studies are largely aimed to explore and address water
challenges facing a large number of communities around the globe. The application of empirical
modelling studies have long history in the field of water treatment. However, studies on data driven
models for the prediction of water quality are becoming important for the monitoring and control
of water treatment processes. These modelling techniques remain necessary due to their robustness
and prediction power in modelling high dimensional water data with non-linear trends. In this
study, the ANN was selected for the application in HRF for the prediction of multi-parameters of
domestic greywater effluent. In this study, the ANN was considered due to its flexibility and

predictive power in modelling water quality within the HRF based on mixed domestic greywater.
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Chapter 3

Methodology

3.0 Background

This chapter presents the methodological approach used in this study while investigating different
aspects of this research which is presented in four main sections. Part of the methods focused on
investigating greywater quality details for a better qualitative understanding of domestic greywater
which is presented in the section on characterization of greywater. Other parts of the methods deal
with detailed concepts of HRF operation and performance for domestic greywater treatment which
is presented in the section on controlling factors of a HRF system. The section that followed
focused on the methodological approach in identifying significant variables affecting the efficacy
of HRF including optimization techniques applicable in HRF equipment. The final details focused
on methods on the proposed ANN model structures which were developed for the prediction of
various parameters in HRF including different forms of ANNs for single and multi-output

parameters for the HRF equipment.

3.1 Methodology on characterization of greywater

Study area

The study was conducted in a low income peri-urban settlement located in Umlazi which is in the
southern part of Durban. The place is densely populated and lacks sanitation facilities with high
volumes of domestic water runoffs around the area. A total number of seventy five households
with 240 inhabitants consisting 48% adult women, 35% adult men and 17% under the age of 18
were randomly identified and selected to conduct the study. The sampling of domestic greywater
generated from laundry, bathing and kitchen sources through washing activities in households

were carried out and analyzed for all types of pollutants.

Greywater sampling

The analysis of greywater samples was carried out and assessed independently for physical and
chemical characteristics. The greywater sample sets were collected from the seventy five
households over a period of 4 weeks during weekdays including grab samples which were
collected once a day from each of the three sources within two hours from generation and this was
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conducted mainly in the afternoon using sterilized sampling bottles. The samples were sealed and
placed in an ice cooler box in order to control the thermal effect and the influence of the
surrounding on greywater samples. The collection of greywater sources including kitchen
greywater was from the kitchen sink while shower greywater was directly from the shower and
laundry greywater was collected from the washing stations. The samples were immediately
analyzed or stored in a cooler with a temperature below 4 °C where samples could not be

immediately analyzed.

Physico-chemical analysis

The collected greywater samples were analyzed for conductivity, COD, BOD, pH and total solids
and these analyses were carried out using Standard Methods for the Examination of Water and
Wastewater (APHA, 2012). The conductivity and pH parameters were determined in situ through
an Orion Star A215 and turbidity through a turbidimeter-TB300 IR Orbeco-Hellige. The
calibration was carried out following instructions and procedures outlined for Orion Star A215
benchtop pH-conductivity meters. Three point buffers were used and the pH electrode was
prepared according to the meter instructions provided in the electrode use guide. For conductivity,
the conductivity standards were used for calibration and the conductivity cell was prepared
following the calibration procedure for the conductivity cell. The accuracy for temperature was in
order of £ 0.1°C, 0.5% reading + 1 digit for conductivity and = 0.002 for pH. The BOD parameter
was determined using the 5-day procedure incubation at 20°C with OxiTop manometric equipment
while COD was determined using the open reflux method (APHA, 2012). The total solids content
was quantified through a gravimetric analysis procedure which was carried out in the laboratory

environment.

The analysis of E. coli and total coliforms

The microbes in domestic greywater were analyzed based on enumeration method by Petrifilm
method (Cirolini et al., 2013). The microbe analysis was carried out for all collected greywater
samples and 1.0 ml volume aliquot of each sample was plated onto a single 3M Petrifilm Rapid E
and all samples were duplicated for E. coli and coliform count plate. The plates were incubated at
32-36 °C for atotal of 48 hours to allow for the micro bacterial growth in the samples. The analysis
was carried out and the plates were enumerated for E. coli and total coliforms. The E. coli content

in a water sample was indicated by blue-green coloured colonies with and without the presence of
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gas bubbles. The total coliform count content was identified through red coloured colonies with

gas.

Data analysis

The statistical analysis and comparisons of the characteristics of greywater were performed using
univariate analysis of variance (ANOVA) tests followed by post-hoc Scheffe tests (Brownlee,
1966). Therefore, the univariate ANOVA test was carried out in this study for the statistical
comparison of means for all greywater sources. In addition, the post-hoc Scheffe test was used as
an additional exploration of the differences among means of greywater sources as it was needed
to provide specific information on means that were significantly different from each other.
Therefore post-hoc tests are a critical step in the univariate ANOVA test as they allow for the
determination of which means are significantly different from the others and therefore, it was used
to determine if there exists significant differences in the quality of greywater from the identified
sources within households using the Statistical Package for the Social Sciences (SPSS) 22.0

software package.

3.2 Methodology on the operation of the HRF equipment

3.2.1 Methods on the operation of the HRF equipment for the treatment of domestic
greywater

Greywater source

This investigation was carried out to evaluate the performance of the HRF equipment for the
treatment of greywater from a peri-urban community located in Durban. The greywater sources
from the laundry, bathing and kitchen were collected in random order from 30 households within
the community to carry out experimental runs using the HRF unit. Over 500 litres of greywater

were collected and supplied to the HRF in each occasion for the entire duration of the study.

Experimental set-up and procedures

The experimental work was carried out in a pilot scale HRF equipment (Mtsweni, 2016). The pilot
scale HRF was constructed using design principles in Wegelin (1996) and Galvis et al. (1998) and
Table3.1presents the summary of the HRF design guidelines including specifications, principles
and concept adopted for the design of a HRF equipment. In terms of material of construction, a
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polyethylene plastic material with metal frames was used in the HRF. The HRF was partitioned

into three adjustable compartments as indicated in Table 3.1.

Table 3.1: Summary of the design guidelines for the HRF (Mtsweni, 2016)

Design parameter Recommended literature  Actual design
value parameters
Gravel media Compartment 1 (mm) 20-120 15-12.2
Compartment 2 (mm) 12-80 12.2-9.5
Compartment 3 (mm) 8-4® 8-6.7
Gravel type (granite. quartz, local) @ Quartzite
Filter depth (m) 02_03(”) 0.3
Area of the filter (m?) 1
Hydraulic velocity 0.3-1.50 0.3
m/hr)
Uniformity coefficient <20)
Filter length (m) Compartment 1 (m) 15
Compartment 2 (m) 1
Compartment 3 (m) 0.5
Filter width (m) 1-2.30 1

Dwegelin (1996); Galvis et al. (1998)

Each filter compartment was partitioned using perforated plates which separate gravel media
fractions contained in each compartment while allowing the minimum flow of greywater across
the entire filtration system. The filter lengths from the first to the last compartments were 1.5, 1
and 0.5 m respectively. Each filter bed compartment was packed with washed gravel media
fractions of different sizes. Firstly, the gravel size in the first compartment was 12.2 to 15 mm
while the second compartment was packed with gravel sizes of 9.5 to 12.2 mm and the last
compartment with gravel sizes of 6.7 to 8 mm. The media fractions were classified through
crushing and grain size distribution. The inflow of greywater across the compartments followed
the direction of decreasing pattern of filter media sizes from the first to the last compartment of

the filter as the three compartments were in series arrangement. The filter was equipped with a
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feed pump, the feed water tank and adjustable influent flow control device with a pre-calibrated

valve forming a loop with the HRF equipment.

Figure 3-1 shows the design components of the HRF equipment that was used in this study and

the design was based on the aspects of availability, cost and reliability.

Figure 3-1: The configuration of the three compartment HRF equipment set up (Mtsweni, 2016).

Filter operation

To conduct experiments, the pilot HRF system was operated for 12 weeks and sampling was
conducted twice a week and all analyses were carried out immediately after the sampling. The
filtration rates in the HRF during the operation were fixed in order to allow for the stabilization in
the filter prior to sampling steps. The values and the range of filtration rates for the HRF are
presented in Table 3.1 above. The sampling points were located from the inlets and outlets of the
HRF system which were carried out in order to analyze the influent and effluent characteristics of
the greywater following treatment within the HRF. The HRF was operated at a low filtration rate

of 0.3 m/h which is highly recommended for achieving good removal efficiency (Boller, 1993).

Analytical methods

The influent greywater samples were characterized for conductivity, COD, total solids, and
turbidity for the evaluation of the removal efficiencies of the HRF equipment. The analysis was
carried out using Standard Methods for the Examination of Water and Wastewater according to
APHA (2012).
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Turbidity

Turbidity is one of the important physical parameters in the analysis of water quality and its
presence depends on the quantity of suspended insoluble matter in the greywater. High turbidity
amounts in water correlates with poor water quality. Therefore, the removal of turbidity is often
necessary for good water quality. In this study, the influent and effluent turbidity of greywater

from HRF was measured using a calibrated TB300 IR Orbeco Hellige turbidimeter.

COD parameter

COD is one of the chemical parameters that was measured for the analysis of greywater quality
for both the influent and effluent greywater. In water, the COD is described as the quantity of
oxygen required to oxidize the organic content in the greywater. The value of COD normally
exceeds that of BOD due to the presence of larger amounts of substances that can be oxidized
through chemical processes than biological processes. The quantification of COD is therefore
important for the assessment of the potential pollution strength of greywater sample. In this study,
the COD measurement procedure was through the open reflux procedure based on Standard
Methods for the Examination of Water and Wastewater (APHA, 2012).

Conductivity

The conductivity parameter in greywater is an indicator of the dissolved soluble salts often present
in the greywater. High conductivity in greywater is often associated with the presence of high
proportions of soluble salts. In this study, conductivity of both the influent and effluent greywater

samples were measured using a calibrated Orion Star A215 conductivity meter.

Total solids

The total solid parameter indicates all the colloidal, suspended, and dissolved solids present in the
greywater. In this study, the total solids was measured for the influent and effluent greywater
samples. The total solids were determined through evaporating greywater samples and allowing
them to dry in crucible vessels in an oven at 103 to 105 °C followed by weighing the residue in

order to determine the total solids present in the greywater sample.
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The E. coli and total coliforms
The amounts of E. coli and total coliforms in domestic greywater was estimated using the

enumeration method analysis outlined in section 3.1.

3.2.2 Methods on investigation of the controlling and design variables of the HRF

equipment

Sampling

The study used was mixed greywater which was collected to run experiments in HRF in order to
analyze the combined effect for the selected design factors on filter performance. The greywater
was obtained from low income community households from all washing sources and washing
stations within the study area. The greywater sources collected were mixed and charged in the feed

water tank in order to carry out all experimental runs with this mixed greywater.

Design of experiments

In this study, the operating parameters of the HRF were studied with the aim to investigate their
effect on the HRF performance. The investigation was carried out using DOE as it allows the
analysis of complex relationships amongst the factors and also allows the effect of a factor to be
investigated at several levels of other factors. The one factor-at-a-time experimental method is not
useful to study and capture the relationships existing amongst the factors. Therefore, factorial
design was conducted in this study to investigate factors affecting the performance of the HRF
equipment by varying the design variables of the HRF in Table 3.1. Experiments were conducted

in random order to investigate the effect of factors on the response-turbidity.

Design factors

The HRF design variables for carrying out DOE were filtration rate (X1), filter bed height (X2),
filter length (X3), gravel media (X4) and inlet perforated baffle plate (Xs), all which were used as
design factors. The design variables and their selection criteria was mainly informed by literature
relating and linking the dependence of filter performance with some of these design variables
(Wegelin, 1996, 1986, Galvis, 1998). The filtration rate strongly correlates with filter capacity and
removal efficiency and all design variables have a strong effect in the removal efficiency. The
design matrix was developed based on a 2° full factorial design with high and low level values for
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each factor. Table 3.2 presents the DOE factors and levels for this experimental work and high and
low level values for each design factor were coded by +1 and -1 values as shown in Table 3.2. The
factors considered for HRF were derived from experimental design and through knowledge of the
process on the operation of the filter.

Table 3.2: Factors and levels for experimental design

Factor Label Low level (-) High level (+)
Mean gravel size (mm) A 7 14
Filter bed height (m) B 0.3 0.6
Filter length (m) C 1 2
Filtration rate (m/hr) D 0.3 0.6

Perforated inlet baffle screens
(mm)

Statistical analysis

The analysis of variance (ANOVA) test was conducted to investigate the significance of factors
and their interactions on the response variable. The probability value (p-value) analysis was used
to determine significant effects and the interactions existing in this study. Also, the factor
significant effect was measured for p-value less than 5% where 95% confidence level was
considered. Moreover, the relative importance of the main effects and interactions were further
investigated using standardized main effects through Pareto charts and half-normal probability

plots.

Accuracy

In this work, the accuracy and goodness of fit criteria was investigated and assessed using R?
values such as coefficient of determination (R?) and adjusted R-squared (adj-R?). The acceptable
goodness of fit values should be high and range from 0.9 to 1 for all coefficients, (Moalla et al.,
2018) while validation was carried out for generalization ability for the prediction/estimation of

the response variable.
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DOE software

The factorial design analysis and results of the experimental design were all analyzed using
Minitab 14 statistical software. This statistical tool is useful to evaluate and carryout analysis such
as graphical and statistical plots after the data analysis such as standardize main effects plots,
Pareto charts, normal and half-normal probability plots, descriptive statistics including other useful

DOE statistical measures.

3.2.3 Methods on the optimization of the HRF equipment using RSM

For the optimization of the HRF equipment, filter length, filtration rate, the filter bed height and
gravel media fractions were used. During experimental design, these design variables were
identified to have a significant effect and therefore, were considered for use in the optimization of
the HRF.

Sampling and greywater quality

This study was carried out using mixed domestic greywater which was collected from the informal
settlement households. In this aspect, mixed greywater from all different sources was collected to
carryout experimental runs. Greywater quality strongly depends on the number of social
conditions, the pollution load and management including duration left unused which significantly
affects its quality. To control variability in greywater quality, the collected amount of greywater
with constant quality in terms of pollutants was used throughout experimental runs for overall

representation of constant greywater quality.

Accuracy

The statistical testing of the significance of the RSM parameters in this work was assessed through
the ANOVA test. Other statistical parameters such as the coefficient of determination (R?) and
adjusted coefficient of determination (adj R?) were also measured to assess the significance of the
parameters and the goodness of fit computation of the ANOVA test. The significance or lack of

fit was also assessed through the F-test and probability value (p-value).

Software
The Design Expert 10.02 software package was used to carry out optimization of filter efficiency

of the HRF based on the dependent variable and independent variables and their factor settings.
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The surface response plots, contour plots and ANOVA for the filtered non- linear mathematical

model for the optimization of the response variable were also produced.

3.3  Methodology on ANN modelling and optimization

3.3.1 ANN methods for the prediction of turbidity

The study was conducted at Umlazi, an informal settlement that was identified as the study area.
Experimental work was conducted in the study in order to generate ANN training data for a period
of 12 months and a total number of 1001 data cases. The ANN model for the prediction of turbidity,
based on domestic greywater quality, was generated for this work. In terms of social status, the
study area lacks social facilities and this limits efficiency of domestic greywater reuse. Above that,
the study area is without proper potable and reuse water facilities while greywater is largely in
abundance and produced through different forms of washing activities.

Experimental work

The input and output training data for the development of ANN for the prediction of turbidity was
generated through conducting experiments in a three compartment HRF (Figure 3-1). The HRF
system was operated for the treatment of greywater while recording physico-chemical parameters
for the influent-effluent streams of mixed greywater using a low filtration rate of 0.3 m/h with a
total length of 3 m. The mean gravel size was 9 mm for the mean compartment and the size ranging
between 14-7 mm for coarse and small fractions with perforated baffle screens of 3 mm. The
selection and design criteria of the study was based on the available greywater literature and
previous studies on operation of roughing filtration systems related to wastewater treatment (Morel
and Diener, 2006).

Data normalization

The data normalization was performed for all input variables for the training of the ANN model.
All ANN architectures were developed based on this normalization of training data which is a
useful technique for multi input variables. The normalization is a good modelling approach in this
study due to inequalities and different units existing in the input data. All inputs were normalized
based on equation 3.1 which takes into account individual data points, minimum and maximum

values for the training data. The training data was normalized in range between 0-1 to ensure
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training efficiency in the neural network. Mathematically, the normalization equation was given

by:

X = Xmi
x; = L Jmin_ 3.1)

Xmax — Xmin

Based on equation 3.1, X represents input. The minimum and maximum data points are represented

by Xmin and Xmax, respectively.

ANN software and ANN training Parameters

Prior to ANN training, the ANN data was preprocessed in Microsoft excel in order to carryout
descriptive statistics and training data cleaning. Thereafter, the modelling was carried out using
MATLAB software R2015a which is the robust ANN modelling tool. The feedforward NN with
back propagation was used to train the neural network for the prediction of turbidity. For the ANN
training, the inputs were temperature, electrical conductivity, pH and turbidity and the output was
the effluent turbidity. Figure 3-2 shows the ANN structure and proposed training parameters for
the prediction of turbidity.
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Figure 3-2: ANN structure and proposed training parameters for the prediction of turbidity

Table 3.3 shows the ANN average variables that were used for the development of the ANN model
for the predicted turbidity. The ANN was trained with electrical conductivity (EC), temperature,
pH and turbidity with the following range of values: EC ranged from 300 to 1200 uS/cm, the pH
was from 8-12, turbidity ranged from 210-350 NTU and greywater temperature ranged from 25-
29 °C. For turbidity, the effluent value of turbidity was observed ranging between 24.1-30.9 NTU.

Also, the measuring instrument for turbidity was a calibrated TB 300 IR Turbidity meter and a
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multiline Orion Star A215 conductivity meter. Lastly, the measuring instrument for temperature

and pH was Fisher Model 805 meter.

Table 3.3: The mean values of ANN inputs for the prediction of turbidity

Inputs Output
Temperature pH Turbidity EC Turbidity
C) (NTU) (uS/cm) (NTU)
Mean 26.5 10 279 510 275
ulle 25 8 210 300 24.1
Max 29 12 350 1200 30.9
= 2.9 15 89 160 16

Development of ANN and model accuracy

Several ANN models were developed for the prediction of turbidity in greywater from the HRF.
The ANN models were developed based on the back propagation algorithm and the proposed ANN
model was a three layered ANN back propagation structure. The study used empirical rules as well
as trial and error techniques to optimize the connection weights of ANN. During training, the
number of ANN models with different neurons in the hidden layer, transfer functions and training
algorithms on MATLAB were developed. The neurons in the hidden layer ranging between 5-9
neurons were investigated including different transfer functions and algorithms available in
MATLAB.

In building the model, the ANN data was randomly divided into training, testing and validation
sets with 70% training, 15% testing and 15% validation. During training the maximum iterations
were set at 1000 and the target error was 0.1%. The early stopping procedure was used in this study
to ensure avoidance of overfitting of the designed ANN during the training process. Table 3.4
shows different types of training algorithms for MATLAB and learning functions that were used

in this study.
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Table 3.4: Different types of training algorithm and learning functions for MATLAB for ANN

training for the prediction of turbidity

Training Functions  Definition: Training function Learning functions
trainbfg BFGS quasi-Newton back propagation Tansig-Purelin
Logsig-purelin
trainbr Bayesian regularization Tansig-Purelin
Logsig-purelin
traincgb Powell -Beale conjugate gradient back Tansig-Purelin
propagation Logsig-purelin
traincgf Fletcher-Powell conjugate gradient back Tansig-Purelin
propagation Logsi-purelin
traincgp Polak-Ribiere conjugate gradient back Tansig-Purelin
propagation Logsig-purelin
traingd Gradient descent back propagation Tansig-Purelin
Logsig-purelin
traingda Gradient descent with adaptive Ir back Tansig-Purelin
propagation Logsig-purelin
traingdx Gradient descent with momentum and adaptive | Tansig-Purelin
Ir back propagation Logsig-purelin
trainlm Levenberg-Marquardt back propagation Tansig-Purelin
Logsig-purelin
trainoss One step secant back propagation Tansig-Purelin
Logsig-purelin
trainr Random order incremental training with learning | Tansig-Purelin
functions Logsig-purelin
trainrp Resilient back propagation Tansig-Purelin
Logsig-purelin
trainscg Scaled conjugate gradient back propagation Tansig-Purelin
Logsig-purelin

ANN performance and accuracy

The statistical parameters were used to check the accuracy of the developed ANN model. The
performance measures that were used to compare accuracy of the best ANN were MSE, and R
correlation coefficient for the training, testing, validation and all data sets. The best or optimally
trained ANN model amongst the numerous developed models that displayed low errors and
goodness of fit between predicted and observed data was selected as the best ANN model. The
training was finally terminated when the performance criteria was met using coefficient of
determination and MSE values based on the comparison of the performance parameters during

ANN training steps.
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3.3.2 Methods on ANN for the prediction of COD of domestic greywater from the outlet

stream of a HRF unit

Study area

The area selected to conduct the study was a low income informal settlement found in a certain
area of Umlazi Township with high dense population. The area generates domestic greywater in
high volumes through various forms of daily washing activities from household activities. The
area remains without basic and formal greywater handling schemes and due to social and economic
status in households, the variation in greywater quality exists. Therefore, greywater sampling was

performed in this area and experimental analysis was done in the laboratory environment.

HRF equipment

The HRF was operated for the treatment of greywater under a constant filtration rate of 0.5 m/h
for a period of 1 year. A three compartment filter 3 m length, 1 m height and 1 m width was used
in this study with coarse gravel size (12.2-15 mm), medium size (12.2-9.5 mm) and small gravel
fractions (8-6.7 mm) which were all charged into the filter. The ANN training data was obtained
through the sampling in the HRF equipment.

ANN parameters

The ANN input parameters that were used for the development of ANN for the prediction of COD
were solids, pH and turbidity and the output layer consisted of COD as the output variable. The
ANN set up and parameters were chosen to configure the ANN based on the literature and HRF
theory. Figure 3-3 presents ANN parameters that were used to train the network including the
proposed ANN structure for the prediction of COD.
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Figure 3-3: ANN architecture and proposed training inputs for COD prediction
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Data normalization

The data normalization was also carried out for the input-output to ensure that all variables are
scaled in the required range for ANN training. The ANN training data was standardized in order
to increase the learning efficiency of ANN. The standardization also removes biasness in neural
networks due to a variable scale existing within the experimental data. In this work, the training
data was standardized as some of the parameters had larger effects compared to other parameters.
The standardization procedure in training data was carried out based on equation 3.1 for the
prediction of COD.

MATLAB script for network training

In this study, the network was trained using MATLAB script which was generated and customized
for the training of the network. The input and target data sets were imported into MATLAB
Workspace for the processing of the ANN training steps using MATLAB command window. The
MATLAB script takes into account the adjustment of all training parameters such as transfer
functions, training algorithms and the number of neurons in the hidden layer through trail-and-
error. The activation functions such as purelin, logsig and tansig were used in training the neural
network (Hagan et al., 1996). The MSE was chosen as the network performance criteria and the
network was trained and the MSE was adjusted until a low error between the network and target

outputs was satisfactory.

The feedforward neural network with back propagation algorithm was used during training of
ANN. A number of multi-layer ANNs with different transfer functions and training algorithms in
the hidden layer were investigated for the prediction of COD and turbidity using the iterative
method. The linear transfer function in the output layer was used for all ANN models that were
developed through training. In this study, all ANN MATLAB training algorithms were
investigated in order to obtain the best training algorithm based on Table 3.4. The ANN data was
divided into three subsets, training, testing and validation. In training the ANN, 700 data cases

were used for training, 150 cases for testing and also 150 cases for validation.
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ANN accuracy

At the end of the ANN training process, the MSE and R? values were recorded after each ANN
training step. The training of the network was performed through the trail-error method for
different training parameters and the best ANN architecture was selected based on the minimum
MSE and maximum coefficient of determination (R?) values in the training, validation, testing and
all data sets. Therefore, the best model was selected based on outlined satisfactory performance

criteria.

3.3.3 ANN methods on prediction of filter duration in a HRF equipment

ANN parameters

The training variables and experimental data summary for the development of feedforward ANN
is presented in Table 3.5.The ANN training parameters were turbidity, electrical conductivity,
filtration rate and pH for the prediction of filter duration and turbidity. The training parameters
were obtained by means of experimental runs in a HRF equipment and were quantified through
different types of measuring instruments in the laboratory. Table 3.5 also summarizes the mean,
upper and lower values of the collected data in unstandardized form.

Table 3.5: Summary of input-output variables for the development of ANN

ANN Inputs ANN Outputs
Flowrate pH Turbidity EC Filter duration  Turbidity
m/h - NTU pS/cm days NTU
Mean 0.6 8.5 220 696 20 39
Min 0.3 7.5 120 300 15 18
Max 0.9 11.4 320 1095 25 60

Sampling and ANN training data

The ANN training data was generated through experiments conducted in the laboratory using the
HRF and the data generated was used for training the neural network for the prediction of filter
duration. To carryout experimental work, domestic greywater from the kitchen source was
collected from the low income community and was placed in the feed water tank connected to the
filter. In the input layer, the total dissolved solids, conductivity, turbidity, pH and output values of

turbidity were analyzed in the filter compartments to the last compartment. The output layer
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consisted of conductivity, turbidity and pH as dependent variables for the proposed ANN. All
ANN variables were analyzed using measuring devices and experimental analyses in the
laboratory space according to the standard method and guidelines on APHA (2012). Figure 3-4
shows the ANN structure and proposed training parameters for the prediction of filter duration and

turbidity.
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Figure 3-4: ANN structure and proposed training parameters for the prediction of filter duration

and turbidity

Conductivity
In this work, electrical conductivity in greywater samples were measured through a use of a

calibrated Orion Star A215 conductivity meter. The conductivity was also used as input during

ANN training.

Turbidity
The analytical instrument used for measuring turbidity in greywater was a calibrated TB300 IR
Orbeco Hellige turbidity meter. The turbidity of greywater was also selected for training the ANN.

pH
The other network parameter was pH of greywater which was also used as the input parameter for
training the ANN. The pH of greywater was estimated through a calibrated Fisher Model 805

meter.

Flowrate

The inflow of greywater across the filter bed should be maintained constant and the filter was
equipped with feed pump which is useful to direct greywater into the HRF bed. The adjustable
influent flow control device with a pre-calibrated valve was used for flow regulation. In this study,

the flowrate was used amongst the inputs for ANN training.
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ANN model set up

The raw data was pre-processed and analyzed on Microsoft excel and MATLAB R2015a software
package for ANN tools to assess the data variability, outliers, missing data points and data
distribution. The training data was also assessed through descriptive statistics prior to ANN
training. For good convergence in neural network training, the variability in input data was
eliminated through standardizing the training data in the input and output layer in range of 0-1
using equation 3.1. In this study, the feedforward neural network with back propagation algorithm
was chosen as the network structure for modelling HRF. The ANN training involved the iteration
of neural network architecture, the number of hidden neurons, training functions, learning
function, performance function and output transfer function. Therefore, an iterative procedure was
adopted for this study for each proposed neural network modelling for the prediction of filter

duration.

Measuring network accuracy and validation

The network performance at the end of the training phase was measured based on the minimum
value of MSE and R correlation coefficient values for all data sets. The optimal ANN model is
desired to have a low MSE value and maximum correlation coefficient values in training, testing,
validation and all data regression. There were 637 data cases in this study and 70% was assigned
for training, 15% for testing and the reminder for validation. In this work, the trained ANN was

validated using the validation data set which was set at 15% of the total experimental data.

3.34 Methods on ANN for the prediction of multi-output parameters of domestic

greywater from the outlet stream of the HRF equipment

ANN training data and parameters

In this work, the aim to predict selected physico-chemical variables of greywater in the outlet
stream of the HRF. The sampling of greywater from mixed sources was carried out in the study
area and experimental runs and analyses were conducted in the laboratory. The ANN training data
consisted physico-chemical parameters which were obtained through experimental runs conducted
in HRF. In the input layer, there were seven input variables and these were solids, temperature,

turbidity, flowrate, conductivity, pH and COD. The multi-output variables that were
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simultaneously predicted using feedforward ANN were pH, COD, solids and turbidity. Table 3.6

summarizes the input-output parameters that were used for training the ANN in this study.

Table 3.6: ANN parameters for the prediction of multioutput variables of greywater effluent

stream from the HRF unit

Parameter | Flowrate | pH Solids Turbidity | EC Temperature | COD pH Turbidity | COD Solids
m/h (mgfl) NTU puS/em | (°C) (mg/1) NTU mg/l mg/l
Mean 0.6 9 1400 280 600 27 1700 10 40 600 350
Min 0.3 8 900 200 400 23 900 7 30 350 200
Max 1 12.5 1900 450 2000 29 2300 12 120 700 500

Figure 3-5 below presents the feedforward NN structure and the input parameters proposed for

ANN training parameters for the prediction of pH, COD, solids and turbidity for the effluent

greywater stream from the HRF equipment.
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Figure 3-5: ANN architecture and proposed training parameters for the prediction of multi-output

variables
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ANN software and data normalization

The ANN models were developed using MATLAB R2015a software which is suitable programme
consisting of a tool box for modelling applications including implementing ANNs. A MATLAB
script was developed using automatic neural network function. The ANN data for MATLAB
workspace was normalized using equation 3.2 for efficient training of the ANN modelling. The

normalization of the training data was carried out using the following general equation:

Zy = (3.2)

From equation 3.2, Z;j represents the normalized X using |, the mean value of the data and o, the

standard deviation of the data.

ANN training: MATLAB script

The MATLAB script developed for ANN was used for training which took in to account the
properties of ANN. The script was used as the basis of training the network and was continuously
adjusted until the MSE value was minimized to the satisfactory level. Through an iterative
approach, the adjustments on the number of hidden neurons in the hidden layer, the number of
neurons and 13 training algorithms on MATLAB neural network toolbox were tested. Other
training parameters that were adjusted included learning rate and epochs while other ANN training
parameters contained in MATLAB were kept constant.

ANN training procedure: training steps and training parameters
Step 1: Training with COD and pH as input parameters

In MATLAB script, a trial-and-error technique was used to develop a three layered feedforward
NN for the prediction of four main multi-output parameters of domestic greywater from the outlet
stream of a HRF using the feedforward ANN. Initially, the training was carried out using COD

and pH as input vectors for the prediction of multioutput parameters as shown in Figure 3-6.
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Figure 3-6: Training of ANN with COD and pH input parameters

Step 2: Training with temperature, solids, turbidity, flowrate and conductivity

The next ANN models were trained using a new set of input vectors including flowrate,
conductivity, temperature, turbidity and solids. The four multi-output parameters in the output
layer remained pH, COD, solids and turbidity (Figure 3-7).
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Figure 3-7: Training of ANN with physical parameters for the prediction of multioutput vectors

Step 3: Training with step 1 and 2 training parameters
Figure 3-8 shows the next training attempt to develop the optimal ANN using the combination of

physical and chemical parameters as input vectors for the prediction of multi output parameters.
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Figure 3-8: Training of ANN with physico-chemical parameters for the prediction of multioutput
variables
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ANN Accuracy

The best fitting neural network was evaluated for the performance and correlation between
predicted data and measured data. Therefore, the accuracy of each developed ANN model was
examined using statistical parameters such as R correlation coefficient for the training, testing,

validation and all data sets and MSE values.

66



Chapter 4

Results on domestic greywater characterization

4.0 Introduction

This section presents published findings on domestic greywater characteristics for a qualitative
assessment of household greywater from kitchen, laundry and bath sources. The greywater sources
were investigated and analyzed in order to understand quality composition. The greywater was
analyzed for biological and physico-chemical parameters using greywater quality analysis
methods that was discussed in the previous section. Figure 4-1 shows experimental results of
greywater quality analysis in terms of turbidity for the three investigated greywater sources.
Amongst the three greywater sources, the kitchen source ultimately recorded the highest level of
turbidity of 252 NTU and low turbidity values were recorded for the laundry and bathing greywater
sources. This can be largely related to a high number of pollutants and different types of pollutants
in greywater which are often found in Kitchen greywater sources used to carry out washing
activities (Couto et al., 2013; Edwin et al., 2014).

Moreover, the laundry greywater source was evidently less turbid and simply recorded 170 NTU
compared to the kitchen greywater source. Of all these greywater sources, the quality differences
could be attributed to low pollution load and probably the absence of food particles, fats and other
forms of wastes. Furthermore, the lowest turbidity is desirable and is associated with good water
quality (Edwin et al., 2014). It was also observed from the plot in Figure 4-1 that the lowest
turbidity of 120 NTU was obtained in bathing greywater source and can be highly useful for reuse
with application of the right treatment system (Hernandez, 2010). For these greywater sources, the
ANOVA test was carried out and showed significant difference amongst greywater sources at 5%

significant level.
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Figure 4-1: Experimental results on the comparison of turbidity values in bathing, kitchen and

laundry greywater sources

Electrical conductivity is one of the parameters of greywater which measures the salinity of all
dissolved matter contained in greywater. The electrical conductivity in greywater could generally
range between 14 and 3000 uS/cm (Oteng-Peprah et al., 2018). In this regard, the findings of
Figure 4-2 summarizes conductivity values of the three greywater sources. For these greywater
sources the laundry source recorded the highest conductivity value of 680 uS/cm compared to
kitchen and bathing greywater sources which reported relatively low values of conductivity of 320
and 156 pS/cm, respectively. In this study, significant quality differences observed in conductivity
could be effectively due to the characteristics of detergents in terms of quality or any solute
contents dissolving in greywater. These findings are in agreement with Kotut et al. (2011) study
on greywater pollutants, conductivity and high and low conductivity trends of laundry and both
bathing and kitchen greywater sources, respectively. The ANOVA test which was undertaken to
analyze existing differences within greywater sources and a significant difference amongst the

three greywater sources at 0.05 statistical significance level was evident.
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Figure 4-2: Experimental results on the comparison of conductivity values in bathing, kitchen and

laundry greywater sources

Figure 4-3 presents experimental results on the comparison of pH level in bathing, kitchen and
laundry greywater sources. The pH could be within the range of 5-12. As observed in the plot, the
average pH within the three greywater sources showed basic characteristics and recorded a mean
value of 8.35. Furthermore, the highest pH amongst the greywater sources was recorded in laundry
greywater with an average value of 9.58. This can be attributed to the quality impact and the
presence of detergents that could be alkaline in nature. The deposition of high concentration of
alkaline detergents in greywater likely affected the pH level in greywater as can be observed in the
study by Morel and Diener (2006). For the analysis of pH, a low value of pH of 6.25 was exhibited
by kitchen greywater which could be attributed to the interaction on greywater source, chemical
quality and low alkaline materials.

To this end, a low/high pH value could significantly have an effect on the acidity level of
greywater. As observed in the plot, the bathing greywater source recorded a slightly lower pH of
9.24 than laundry greywater. In agreement with previous findings, the laundry greywater source
will generally display high pH due to the presence of alkaline detergents (Oteng-Peprah et al.,
2018). For the statistical analysis of pH amongst the three sources, an ANOVA test was conducted
for the comparison of means; a significant level at 5% for the three greywater sources was

consequently confirmed on the findings of conductivity.
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Figure 4-4 depicts results on the comparison on greywater quality in terms of total solids for the
analysis of the three greywater sources. Amongst the three greywater sources, the kitchen
greywater source recorded the highest value of total solids of 3589 mg/l compared to laundry and
bath greywater sources. Based on the plot, the lowest concentration of total solids were obtained
in bathing greywater with a value of 504 mg/I followed by laundry greywater source with a value
of 736 mg/l. It is important to note that high concentrations of total solids in greywater is directly
associated with the nature of washing activities in kitchen sinks, hand basin and dishwashers
including detergents, fats and food matter/particles. As a result and compared to other greywater
sources, the kitchen greywater will tend to have high total solids due to high levels of
contamination/solids contained in it (Oteng-Peprah et al., 2018). For the total solids, the statistical
analysis of ANOVA test was carried out within the three greywater sources using 5% significant
level and the ANOVA test confirmed significant difference on total solids within the three

greywater sources.
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The graphical plot in Figure 4-5 compares mean variation of BOD findings in kitchen, bathing and
laundry greywater sources. In greywater, the analysis of BOD is useful and provides the insight
on the amount of oxygen used by microorganisms to degrade organic matter present under aerobic
settings (Morel and Diener, 2006). Based on the plot, a BOD value of 604.5 mg/l was obtained in
greywater sources originating from kitchen which was far above laundry and bathing greywater
sources. The observed trend in BOD could be attributed to a higher level of organic matter present
in kitchen greywater than the other two greywater sources (Morel and Diener, 2006). The BOD
content in laundry greywater was 413.75 mg/l and the smallest value of BOD obtained in greywater
originating from the bath was 185.25 mg/Il. The low biodegradability ratio for the three greywater
sources was obtained ranging from 0.13 to 0.29, therefore indicating non-biodegradability of most
of the organic matter in greywater sources. The statistical analysis of an independent ANOVA test
of means was conducted in order to investigate the significant difference observed in greywater
sources. The statistical test showed the existence of significant difference in greywater sources at

a p-value below 0.05.

71



1000 -

wm
o
o

L)
=1
o

Biochemical oxygen demand (mg/1)
g
LE]

EITCHEN LAUNDRY BATH

Grevwater
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Figure 4-6 presents COD results after characterization of various parameters in kitchen, laundry
and bathing greywater sources. The quantitative analysis of COD in greywater is a useful indicator
of the amount of oxygen content required to oxidize pollutants present in greywater due to the
presence of organic and inorganic substances. Based on COD results, the dominance of COD
content in kitchen and laundry greywater was evident with an average COD value of 2074.5 and
1628 mgl/l, respectively. In this study, the factor of high COD value obtained in greywater
originating from kitchen could be a function of the organics and physical pollutants present in
kitchen greywater. As shown in Figure 4-6, the less polluted sample with the lowest value of COD
was observed in greywater source originating from the bath with an average COD of 1426.37 mg/I.
Also, the trend in average COD observed in bathing greywater could be attributed to a low level
of contamination. The significant difference in greywater sources was confirmed by an ANOVA

test which was obtained at a 0.05 significant level.

72



4000

Chemical oxygen demand (mg/l)
g
(=]

N _ -

1000 4

EITCHEN ' LAUNDRY ' BATH
Greywater
Figure 4-6: Experimental results on the comparison of COD values in bathing, kitchen and laundry

greywater sources

The pollutants such as total coliforms and E. coli can cause significant effects in human health
particularly in human beings in contact with contaminated domestic greywater (Shi et al., 2018).
Figure 4-7 presents the characteristics of greywater influent in terms of microorganisms, the E.
coli and total coliforms as biological indicator parameters of greywater quality. The existence of
biological pollutants were detected in greywater samples following the analysis of 30 samples of
greywater. In this analysis, the E. coli ranged between 0-39 CFU/mI with an average value of 6.6
CFU/ml while the total coliforms ranged between 0-19 CFU/ml with a mean value of 4.5 CFU/ml.
Also, the E. coli in greywater was detected greywater samples including total coliforms, thus
indicating the level of contamination in greywater samples, particularly, the presence of

pathogenic bacteria/microbes.
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coliforms in domestic greywater
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Chapter 5

Results on the operation of a HRF equipment

5.1  The performance of a HRF equipment for the treatment of domestic greywater

This section discusses published findings on domestic greywater characteristics and its qualitative
assessment which was investigated through the application of HRF technology as it is used as a
treatment unit for domestic greywater. The performance of the HRF system was investigated using
physico-chemical parameters and microbiological parameters following domestic greywater
treatment. The removal efficiency based on different influent and effluent measured parameters
was evaluated and the parameters were turbidity, conductivity, COD, solids, E. coli and total
coliforms. Figure 5-1 presents the findings on the influent-effluent turbidity profiles obtained after
domestic greywater treatment. The HRF was able to remove large amount of turbidity by removing
large suspended particles and other contaminants present in the water. As shown in the plot, the
HRF was significantly effective in removing turbidity in the effluent stream from high turbidity

concentrations in the influent stream.

Moreover, the average reduction of turbidity in HRF was relatively high with a mean value of 90%
from the influent turbidity ranging from a value of 156 to 420 NTU. The effluent quality in terms
of turbidity was highly improved up to the range of 14 to 53 NTU. In this work, the statistical
matched pair t-test was conducted to investigate and analyze the significant difference on average
mean on turbidity and the difference was significant at 5% significant level. The good removal of
turbidity obtained in a HRF could be largely attributed to the effective filtration process and

increased filter retention with low filtration within the HRF unit (Wegelin, 1996).
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Figure 5-1: Greywater influent and effluent treatment results in terms of turbidity profile over time

within a HRF equipment operated at a fixed filtration rate of 0.3 m/hr

The removal of chemical pollutants in HRF is an important step for improving quality of greywater
in any water treatment process. Figure 5-2 shows the comparison of COD removal for the influent
and effluent streams of greywater after performing the treatment in a HRF which was investigated
at a filtration rate of 0.3 m/hr. As shown in the plot, the reduction of COD in the effluent stream
of domestic greywater from the HRF was evidently recorded. The trend also shows high COD
contents in the influent domestic greywater samples ranging from 1020-2640 mg/l. This relates to
chemical quality of greywater with the presence of chemical matter in domestic greywater. The
lowest COD values were obtained in the effluent stream greywater after the occurrence of filtration
process in a HRF system. Also, the COD obtained in the outlet stream was lower than the influent
stream with COD content in range between 304 and 806 mg/l and the average COD reduction of
50-70% was subsequently attained and this was confirmed by t-test and the significant difference

on COD was obtained at a p-value below 0.05.
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Figure 5-2: Greywater influent and effluent treatment results in terms of COD profile over time

within the HRF equipment operated at a fixed filtration rate of 0.3 m/hr

A significant removal efficiency on conductivity of 86% was obtained in a HRF. Figure 5-3 shows
the conductivity trends of the influent and effluent streams after domestic greywater treatment in
HRF. As an indicator of total dissolved matter, the conductivity patterns in Figure 5-3 showed that
the reduction on conductivity was obtained in the effluent stream following domestic greywater
treatment. The conductivity in the range between 95-420uS/cm was obtained with the reduction
of conductivity in the effluent stream while the conductivity in the inlet stream showed a much
higher range between 1055 and 2591uS/cm. The statistical t-test on conductivity was analyzed and
the significant difference was confirmed at 0.05 significant level. For this water quality parameter,
the significant reduction on conductivity within the HRF could correlate with effectiveness of the

filtration mechanism and dissolved matter in greywater.
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Figure 5-3: Greywater influent and effluent treatment results in terms of conductivity profile over

time within a HRF equipment operated at a fixed filtration rate of 0.3 m/hr

Figure 5-4 shows graphical comparison on reduction of total solids of domestic greywater from
the HRF. The plot shows high total solids in the influent stream prior to the actual treatment in
HRF and the significant reduction of total solids in the effluent stream was evident after the
treatment in HRF was effected. The reduction for total solids after treatment was between 95-350
mg/l compared to the influent which ranged between 1055 to 1847 mg/l. Also, the effectiveness
of the HRF was evident with high percentage reduction of total solids in the effluent stream of up
to 84%. The statistical test for the analysis of total solids based on matched pair t-test was applied
in order to analyze the observed mean difference in total solids within the roughing filtration
equipment. As a result, a significant reduction of total solids within the HRF was obtained at a
probability level of 5%. In agreement with the removal/operation mechanism of matter in HRFs,
the reduction of total solids following water treatment is essential for meeting effluent quality

standards and this can be attributed to good filtering capacity and settling activity (Wegelin, 1996).
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Figure 5-4: Greywater influent and effluent treatment results in terms of total solids over time

within a HRF equipment operated at a fixed filtration rate of 0.3 m/hr

Figure 5-5 shows the E. coli profile for the influent and effluent mixed greywater samples. The
removal of E. coli ranged between 10 and 87% within the HRF for the 30 samples of greywater
that were analyzed for the presence of E. coli. Although the HRF showed significant capability of
reducing E. coli in greywater samples, the greywater quality can be highly improved in terms of
removal efficiency with further water treatment steps and suitable water treatment processes of
greywater in order to ensure that water meets greywater reuse standards. In water, the complete
removal of microorganisms including E. coli is extremely important in terms of health and good
water quality standards (Oteng-Peprah et al., 2018). Meanwhile, the presence of E. coli is

undesirable in water as it is associated with faecal pollution content in water.
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Figure 5-5: The HRF performance in terms of E. coli removal in domestic greywater samples

Figure 5-6 presents the total coliforms in the HRF equipment and the effectiveness of the HRF
equipment was highly evident. The removal of total coliforms obtained in HRF was significantly
high as shown in Figure5-6 and in terms of performance, the observed absence of total coliforms
in the effluent stream typically confirms the effectiveness and the capability of roughing filtration
to deal with microorganism pollutants (Dastanaie et al., 2007; Gross et al., 2007). The amount of
total coliforms in greywater is an indirect indicator of the presence of faecal content in greywater
and it remains highly useful in terms of assessment of health and hygiene risk related to greywater
reuse. Based on the findings of the study, the HRF performance in terms of removal of some of
the parameters including turbidity, conductivity, pH and microbes was in accordance with
greywater reuse standards for irrigation and toilet flushing as outlined by Rodda et al. (2010b).
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5.2 Investigation of the controlling and design variables of the HRF equipment
This section focuses on the findings of the design of experiments, principles and algorithms related
to filter performance in the HRF. The controlling factors with design matrix for all design factors
of the study are shown below with the total number of runs and the response variable which is the
average turbidity from the HRF following filtration runs. The influential effect of these factors on
response turbidity was studied with a total of 32 experimental runs that were conducted.

Table 5.1: Factorial design matrix for turbidity removal (%)

Standard Factorial design variables

order A B C D E

1 -1 -1 1 1 1
2 1 1 1 1 -1
3 -1 -1 1 1 -1
4 1 -1 -1 -1 -1
5 1 -1 -1 1 1
6 1 -1 1 -1 -1
7 -1 1 1 1 1
8 1 1 -1 -1 1
9 1 1 -1 -1 -1
10 1 1 1 1 1
11 1 1 -1 1 -1
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12 1 -1 1 1 -1

13 1 1 1 -1 -1
14 1 -1 -1 -1 1
15 1 -1 -1 1 1
16 1 -1 1 1 1
17 -1 -1 -1 -1 -1
18 1 1 -1 1 1
19 1 1 -1 1 -1
20 1 -1 1 -1 -1
21 1 1 1 -1 1
22 1 1 1 1 -1
23 1 -1 -1 -1 1
24 1 -1 -1 1 -1
25 1 1 -1 -1 1
26 -1 1 -1 1 1
27 1 1 1 -1 1
28 -1 -1 1 -1 1
29 1 -1 -1 1 -1
30 1 1 -1 -1 -1
31 1 1 1 -1 -1
32 1 -1 1 -1 1

Table 5.2 presents results on significant controlling factors of the HRF that were investigated using
two level factorial DOE. In this study five factors with 31 degrees of freedom were studied. Results
show the relationship between independent factors and response variables and examines
significant factors, the linear, 2-way and quadratic interactions within this study through analysis
of ANOVA. The analysis of ANOVA was also used for the evaluation at 95% confidence limits.
Other useful statistical parameters for computation of ANOVA such as the adjusted sum of

squares, adjusted mean square including F-test statistics are presented along with p-values.

The significant factors considered for the removal of turbidity at low and high levels were gravel
media, filtering bed, filter length and filtration rate. Factor E was not significant at a 0.05
probability level. Also, the regression assumptions were met based on an adequacy check criteria
which was assessed by R? and adjusted R2 with large values observed (Phanphet et al., 2018).
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Table 5.2: Experimental results of the ANOVA test for the removal of turbidity (%)

Source DF Adj SS Adj MS F-Value P-Value
Model 15 11407,7 760,51 1106,20 0,000
Linear 5 7296,7 1459,33 2122,66 0,000
A 1 1092,8 1092,78 1589,50 0,000
B 1 504,0 504,03 733,14 0,000
C 1 1582,0 1582,03 2301,14 0,000
D 1 4117,8 4117,78 5989,50 0,000
E 1 0,0 0,03 0,05 0,834
2-Way Interactions 10 41111 411,11 597,97 0,000
A*B 1 195,0 195,03 283,68 0,000
A*C 1 472,8 472,78 687,68 0,000
A*D 1 1845,3 1845,28 2684,05 0,000
A*E 1 15 1,53 2,23 0,155
B*C 1 1237,5 1237,53 1800,05 0,000
B*D 1 87,8 87,78 127,68 0,000
B*E 1 148,8 148,78 216,41 0,000
Cc*D 1 0,8 0,78 1,14 0,302
C*E 1 69,0 69,03 100,41 0,000
D*E 1 52,5 52,53 76,41 0,000
Error 16 11,0 0,69

Total 31 11418,7

R-sq(R?) = 99.90; R-sq (Adj) =99.81; R-sq(Pred) =99.61

Figure 5-7 presents a Pareto chart of effects which shows five main effects A, B, C, D and E
including 2-factor interactions. The t-value obtained was 2.12 on the Pareto chart of standardized
effects as shown in Figure 5-7. The plot shows that the main effect A, B, C and D had significant
effects on the removal of turbidity at 5% significance level while effect E was insignificant. The
significant 2-factor interactions at 5% significance level were AD, BC, AC, AB, BE, BD, CE and

DE while AE and CD were not significant at p-value of 5%.
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Figure 5-7: The Pareto chart of the standardized effects, response is % removal at a significant

level of 5%

Figure 5-8 depicts the half normal probability plot of standardized effect for the removal of
turbidity which is useful to evaluate the magnitude and the significance of the effects. The results
of the studied effects and interactions could be significant or insignificant as shown in Figure 5-8.
The four statistical significant factors at 0.05 level were A, B, C and D and compared to other
factors, the largest effect was due to filtration rate as shown in the plot. The significant 2-way
interactions at 0.05 statistical significance level were AD, BC, AC, AB, BE, BD, CE and DE.

Amongst the significant interactions, the largest 2-way interaction was due to AD.
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Figure 5-8: Half normal plot of standardized effects, response is % removal at p-value of 0.05
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Figure 5-9 represents the histogram of residuals that show the distribution of residuals of all
observations. This plot is useful to evaluate the characteristics of residuals and the concept of
normality of residuals in the experimental data. Figure 5-9 essentially shows a bell shaped curve
which suggests that the errors did not show any deviations from the symmetric bell-shape but
characteristics of normal distribution and mean zero were evident. This suggest that the

experimental data clearly met the normality assumptions.
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Figure 5-9: The histogram plot of residuals indicating the distribution of residuals of observations

A graphical plot showing residuals against fitted values was produced in order to evaluate
randomness and constant variance assumptions (Figure 5-10). The graph is a scatter plot of the
standardized residuals against the fitted value. The plot is a good indicator of the randomness of
the residuals and the spread of residual values with fitted values. Based on Figure 5-10, it can be
observed that a random pattern of residuals on both sides of the zero line existed and were valid.
The plot further shows no recognizable pattern in the residuals therefore suggesting validity of

constant variance assumptions.
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Figure 5-10: A scatter plot of the standardized residuals with fitted values

Figure 5-11 shows the normal probability plot of residuals that were constructed for validation of
the assumption of normality in data. The normal plot is a useful graphical technique to evaluate
the normality of the data through plotting normal probability of residuals. The difference between
predicted and observed values will be the residuals. As shown in Figure 5-11, the normality plot
showed that the residuals were reasonably aligned with the straight line which suggest that the

experimental data came from the normal population.
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Figure 5-11: The normal probability plot between predicted and observed values (residuals)
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Figure 5-12 presents another useful graphical plot of positive and negative residuals plotted against
observation order with the aim to examine the assumption that residuals are fully independent from
one another. From the graphical plot, it can be observed that the residuals had no obvious trends
displayed on the residuals but maintained a random order on either side of the zero line. This

verifies the assumption that the residuals versus order were independent from one another.
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Figure 5-12: The plot of positive and negative residuals with the number of observation order

5.3  The optimization of a HRF equipment using DOE/RSM

This section deals with the mathematical approach used to gain an understanding of the operational
aspect of the roughing filter and the approach used for the operation of the horizontal roughing
filter. The central composite design set up is presented in Table 5.3 with the number of runs,
experimental factors for the predicted and experimental results of the response variable. In this
study, each factor was coded into three levels in design matrix as -1, 0 and +1 and the dependent
variable was effluent turbidity from the HRF equipment. Based on the RSM, the repeated runs at
the central point, the factor settings and response values were carried out through experimental
work as outlined in Table 5.3
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Table 5.3: The design matrix and experimental factors of RSM with error predictions

Std Run A B C D Predicted Experimental Error
Order efficiency efficiency (%)
28 1 0 0 0 0 76.2 75.4 1.06
11 2 -1 1 -1 1 72.4 72.6 0.27
3 3 -1 1 -1 -1 73.3 73.3 0.00
4 4 1 1 -1 -1 73.9 74.0 0.14
18 5 2 0 0 0 71.9 72.0 0.14
31 6 0 0 0 0 76.2 76.6 0.52
6 7 1 -1 1 -1 75.0 75.0 0.00
26 8 0 0 0 0 76.2 76.6 0.52
5 9 -1 -1 1 -1 75.9 76.0 0.13
16 10 1 1 1 1 2.7 73.0 0.41
10 11 1 -1 -1 1 70.5 70.4 0.14
21 12 0 0 -2 0 72.0 72.0 0.00
23 13 0 0 0 -2 75.9 76.0 0.13
27 14 0 0 0 0 76.2 75.8 0.53
25 15 0 0 0 0 76.2 76.8 0.78
30 16 0 0 0 0 76.2 76.9 0.91
9 17 -1 -1 -1 1 74.1 74.3 0.27
29 18 0 0 0 0 76.2 75.5 0.93
12 19 1 1 -1 1 70.1 70.0 0.14
8 20 1 1 1 -1 75.2 75.0 0.27
24 21 0 0 0 2 72.1 72.0 0.14
17 22 -2 0 0 0 75.2 75.0 0.27
20 23 0 2 0 0 735 73.5 0.00
7 24 -1 1 1 -1 4.7 75.0 0.40
22 25 0 0 2 0 75.1 75.0 0.13
15 26 -1 1 1 1 75.1 75.0 0.13
14 27 1 -1 1 1 72.1 72.0 0.14
13 28 -1 -1 1 1 75.9 76.0 0.13
19 29 0 -2 0 0 75.0 75.0 0.00
1 30 -1 -1 -1 -1 75.5 75.4 0.13
2 31 1 -1 -1 -1 4.7 74.7 0.00

The RSM allowed investigation and determination of the relationship between variables and
assessment of response variable as a function of independent variables. All experiments were
analyzed as per the CCD experimental design matrix with recorded experimental and observed
turbidity removal. Experiments were conducted in triplicates using all design points. The model
performance related to the accuracy, reliability, the correlation between the observed and predicted

data and error variances were extracted using diagnostic plots.
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After considering and assessing significant variable terms, the predicted response (y) for the HRF
efficiency could be mathematically expressed with the following second order polynomial coded

equation 5.1:

Efficiency = 76.23 - 0.8125%A - 0.3708xB + 0.7625xC - 0.9625xD + 0.3563xAB - 0.0312xAC -
0.7187xAD + 0.2438xBC + 0.1063xBD + 0.3188xCD - 0.6749xA? - 0.4874xB2 - 0.6749xC? -
0.5499xD? (5.1)

Table 5.4 presents ANOVA results for the fitted quadratic polynomial for the removal of turbidity.
The fitted polynomial was found to be significant at 95% confidence level by the F-test static and
with all p-values of regression < 0.05. In addition, the accuracy in terms of the lack of fit at a
significant level of 5% was found insignificant as shown in Table 5.4. A measure of the model’s
overall performance using R? coefficient of determination was obtained to be 0.9727 which is
much higher and close to a value of 1. Furthermore, it was observed that R? adjusted coefficient
of determination was 0.9488 and the R? predicted coefficient of determination recorded was 0.9477
which is in agreement with the adjusted coefficient of determination as shown in Table 5.4. All
terms of the model can be observed to be statistical significant and the significance of each
term/coefficient was obtained through F-value and p-value. The turbidity removal showed a strong
dependency as a function of the independent variables with significant level below 5% and

quadratic terms were significant at p < 0.05.

Table 5.4: The ANOVA test results of fitted quadratic response surface model for the HRF

Source Sum of Squares df  Mean Square F-value p-value

Model 100.12 14 7.15 40.74 0.0001
A-Gravel 1584 1 15.84 90.26 0.0001
B-Bed height 330 1 3.30 18.80 0.0005
C-Length 1395 1 13.95 79.50 0.0001
D-Flowrate 2223 1 22.23 126.67 0.0001
AB 203 1 2.03 11.57 0.0037
AC 0.0156 1 0.0156 0.0890 0.7693
AD 827 1 8.27 47.09 0.0001
BC 0.9506 1 0.9506 5.42 0.0334
BD 0.1806 1 0.1806 1.03 0.3255
CD 163 1 1.63 9.26 0.0077
A? 13.02 1 13.02 74.19 0.0001
B2 6.79 1 6.79 38.69 0.0001
C2 13.02 1 13.02 74.19 0.0001
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D? 865 1 8.65 49.25 0.0001

Residual 2.81 16 0.1755

Lack of Fit 0.3542 10 0.0354 0.0866 0.9995
Pure Error 2.45 6 0.4090

Cor. Total 102.93 30

R-Squared: 0.9727; R-Squared Adj.: 0.9488; R-Squared Pred.: 0.9477; Adeg.
Std.Dev.: 0.4190; Mean: 74.38; C.V.%: 0.5633; Precision: 20.8718

Figure 5-13 presents the profile for the quadratic response surface in a form of a graphical plot
representing the effect of gravel media size and flowrate in the optimization of turbidity removal.
The response surface plot presented a surface with a maximum removal efficiency. The removal
increased within the HRF as the flowrate and gravel approached decreasing trends. The high
removal of turbidity was 77% with low gravel media sizes and low filtration rate. Wegelin (1996)
reported higher filter performance in roughing filters with low filtration rates and gravel media
fractions. A decreasing trend or low efficiency of turbidity removal with the effect of gravel and
flowrate was observed in this study with the application of coarse gravel media size and increased
filtration rate. Therefore, low filtration rate and gravel media size favored high effective removal
of turbidity within the HRF.

Efficiency (%)
q
N

D: Flowrate

Figure 5-13: Response surface and contour plot for the interaction effect of gravel media and
filtration rate for the turbidity removal (%)
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Figure 5-14 presents surface response plot following the assessment of flowrate and filter length
on turbidity removal within the HRF equipment. The removal of turbidity was strongly affected
by both filtration rate and filter length. The increased turbidity removal was observed with the
increasing filter length and reduced filtration rate from maximum to minimum value. Based on
Figure 5-14, it was clearly observed that effectiveness or removal efficiency decreased
significantly within the HRF with the reduction of filter length and increased filtration rate. These
conditions can be attributed to the fact that extended filter length and the minimum flowrate favors
increased filtration time removal within the HRF and these findings are in agreement with previous

studies on roughing filtration (Wegelin, 1996).

Efficiency (%)

C: Length
D: Flowrate

Figure 5-14: Response surface and contour plot for the interaction effect of filter length and
filtration rate for the turbidity removal (%)

The response surface graphical plot investigating the effect of two variables, filtration rate and bed
height on the removal of turbidity is presented in Figure 5-15. This graphical plot demonstrate the
effect of filtration rate and bed height on HRF for the removal turbidity. Based on Figure 5-15, it
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was observed that turbidity removal showed growth with low filtration rate over a certain value of
filter bed height after which, decreasing trend was observed. Both factors had negative effects on
the response variable and a low value of removal of turbidity was evident when filtration rate and

bed height were increased. Therefore, the bed height and flowrate had a significant impact on
turbidity removal in HRF (Lin et al., 2006).
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D: Flowrate

11 - B: Bed height

Figure 5-15: Response surface and contour plot for the interaction effect of filtration rate and filter
bed height for the turbidity removal (%)

Figure 5-16 describes the effect of filtration length and bed height on the removal of turbidity in
the HRF; the filtration length showed a positive effect on the removal turbidity as shown in the
plot. The bed height showed a negative effect on the removal of turbidity and for increased length
of the filter, an increased removal of turbidity was observed with a reduced filter bed height based
on Figure 5-16. A removal of turbidity could be achieved with reduced filter length and bed height
above mid-range height. A decline in the removal of 70% was observed when filter bed height was
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maximized while using a shorter filtration length. Therefore, it is evident that the improvement in
turbidity removal can be achieved under the right factor settings within the HRF. As can be

observed, the filter length and filter bed height significantly affects the filter removal (Lin et al.,
2006; Cleary, 2005).
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74
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71

Efficiency (%)

70

gt ' C: Length

Figure 5-16: Response surface and contour plot for the interaction effect of filter bed height and
filter length for the turbidity removal (%)

Figure 5-17 presents the response surface plot of gravel media size and filter bed height for the
removal of turbidity. Based on Figure 5-17, the negative interaction effect of bed height and gravel
media size was evident for the removal of turbidity. The ascending trend in the removal of turbidity
was observed with the decrease in gravel media size and bed height. The gravel and bed height
parameters are important parameters and have an effect on filter performance. These parameters

are correlated with filtering capacity and the effectiveness of the sedimentation process within the
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HRF. Also, the increased efficiency in HRF with reduced filtering media was further evident in
some previous studies (Lin et al., 2006; Wegelin, 1996). In this graphical plot, the lower removals

occurred with increased filter bed height and gravel media size within the filter equipment.

77
76
75
74
73

72

Efficiency (%)

71

70

-0.5
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Figure 5-17: Response surface and contour plot for the interaction effect of filter bed height and
gravel media for the turbidity removal (%)

Figure 5-18 presents results of the response surface plot representing the effect of gravel media
and filter length on turbidity removal. As shown, the turbidity removal showed an increasing trend
with increasing filter length and with the reduction of gravel media size. The removal of 76% was
obtained with a combination of low gravel media size and increased/maximum filter length
settings. The removal was reduced to 73% with coarse gravel media size and reduced filter length
settings. Therefore, it can be observed that the interaction between gravel media size and filter
length had an interaction effect and significant impact in influencing the removal of turbidity. The

higher performance was evident in HRF with reduced gravel media and increased filter length
(Cleary, 2005).
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Figure 5-18: Response surface and contour plot for the interaction effect of gravel media and filter

length for the turbidity removal (%)

Figure 5-19 show the normal plot of residuals with externally standardized residuals between the
actual and predicted response values. This graphical plot is useful to observe the standard
deviations patterns in data between the actual and predicted response values. As shown in the plots,
the normal distribution trend was observed as data points were reasonably in a straight line plot
which confirms the assumption of normally distribution of errors. The same trend was observed
with actual and experimental values as the data points were found distributed on a straight line,
therefore showing satisfactory correlation and good match between experimental and actual

response values.
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Normal Plot of Residuals Predicted vs. Actual
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Figure 5-19: The normal plot of residuals and the plot of predicted versus actual values for turbidity

removal (%)

Figure 5-20 present the standardized residuals against predicted and run number for the
optimization of HRF equipment. As observed, it was evident that all data points were randomly
distributed and no particular trend was observed in the data suggesting non constant variance
assumptions in this RSM modelling. From the plots, the distribution of externally standardized

residuals was evidently observed to fall in the range between -3 and 3.
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Figure 5-20: The graphical representation of externally standardized residuals versus predicted and

run number
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The optimization steps were carried out for turbidity removal with all input variables considered
for optimization. The optimal conditions that support maximizing removal efficiency in the filter
as a desirable outcome were investigated with all input variables considered for optimization. The
numerical optimization was carried out as the aim was to maximize removal efficiency. The lower
and upper limits for gravel media, filter bed height, filter length and filtration rate as constraints
were optimized for gravel media fractions (8 mm), a minimum flowrate (0.365 m/h) and filter bed
with depth of 0.39 m for a removal efficiency exceeding 76%. A low experimental error in
experimental data with a coefficient of determination higher than 0.9 was evident for the optimized

removal efficiency within the filter equipment.
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Chapter 6

Results on ANN modelling and optimization

6.1  The prediction of turbidity from the HRF system

This section covers aspects related to neural network algorithms and its potential application in
modelling the roughing filter for the prediction of turbidity of domestic greywater from the HRF
unit. In this study, an ANN supervised learning was used for the prediction of turbidity after pre-
treatment of greywater in the HRF. Table 6.1 shows ANN training results with performance
parameters such as mean square error, the number of neurons in the hidden layer, training function
and R-correlation coefficient values, all of which were used to construct the neural network.
Results on ANN training with back propagation algorithm for the prediction of turbidity from the
HRF are summarized in Table 6.1. The ANN model structures show different types of hidden layer
properties and learning functions and network performance values/parameters obtained after the

training phase.

Amongst various training algorithms investigated using MATLAB R2015a, the most significant
training results were obtained with trainlm, trainbr and trainscg training functions with hidden
neurons in hidden layers ranging from 5 to 9. Based on the significant training function, the
accuracy of prediction was evaluated using MSE and the correlation coefficient using training
data. As shown in Table 6.1, the correlation coefficient values were significantly higher than 0.9
although some of the ANN models showed low performance in terms of MSE values and

correlation coefficient values.

A low value of MSE and high correlation coefficient values for train, test, validation and all data
was obtained for a well-trained and best ANN model which indicates good fitting characteristics
between ANN outputs and target data. The best ANN model with trainlm obtained was 4-7-1 with
Logsig-Purelin transfer functions in the hidden-output layer, respectively and the MSE value of
0.0010 was obtained. The ANN trainlm model outperformed trainbr with 4-6-1 structure and MSE
of 0.0046 including trainscg with 4-5-1 structure and the MSE of 0.0051. Other training functions

also showed insignificant performance compared to trainlm algorithm.
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Table 6.1: ANN results on different architectures of ANN training for the prediction of turbidity

Training Learning functions No of hidden neurons Performance
Functions 5 6 7 8 9
Performance (MSE) (R)

Tansig-Purelin 0.00930 0.0248 0.0173 0.0141 0.0111 >0.999
Trainbfg

Logsig-purelin 0.0110 0.0107 0.0115 0.0098 0.0097 >0.999

Tansig-Purelin 0.00572 0.0046 0.0052 0.0060 0.0057 >0.999
trainbr

Logsig-purelin 0.00605 0.0055 0.0052 0.0061 0.0055 >0.999

Tansig-Purelin 0.0375 0.0141 0.0146 0.0143 0.0141 >0.999
traincgb

Logsig-purelin 0.0250 0.0140 0.0104 0.0110 0.0100 >0.999

Tansig-Purelin 0.0357 0.0282 0.0257 0.0228 0.0188 >0.999
traincgf

Logsi-purelin 0.0183 0.0182 0.0144 0.0107 0.0098 >0.999

Tansig-Purelin 0.0171 0.0342 0.0152 0.0148 0.0145 >0.999
traincgp

Logsig-purelin 0.0287 0.0169 0.0147 0.0128 0.0118 >0.999

Tansig-Purelin 0.0848 0.0790 0.0788 0.0680 0.0681 >0.999
traingd

Logsig-purelin 0.0897 0.0895 0.0785 0.0744 0.0740 >0.988

Tansig-Purelin 0.1320 0.3390 0.1630 0.1500 0.1210 <0.988
traingda

Logsig-purelin 0.2240 0.1390 0.1230 0.1130 0.1200 <0.988

Tansig-Purelin 0.0909 0.1230 0.0788 0.0718 0.0604 <0.988
traingdx

Logsig-purelin 0.0842 0.0747 0.0547 0.0500 0.0688 <0.988

Tansig-Purelin 0.0091 0.0056 0.0088 0.0068 0.0080 >0.999
trainlm

Logsig-purelin 0.0094 0.0077 0.0010 0.0072 0.0049 >0.999

Tansig-Purelin 0.0316 0.0146 0.0267 0.0187 0.0186 <0.988
trainoss

Logsig-purelin 0.0174 0.0167 0.0162 0.0132 0.0126 <0.988

Tansig-Purelin 0.0116 0.0173 0.0168 0.0185 0.0180 <0.988
trainr

Logsig-purelin 0.0560 0.0282 0.0164 0.0153 0.0152 <0.988

Tansig-Purelin 0.0205 0.0120 0.0304 0.0205 0.0171 >0.988
trainrp

Logsig-purelin 0.0237 0.0141 0.0135 0.0124 0.0101 >0.988

Tansig-Purelin 0.0051 0.0199 0.0110 0.0124 0.0121 >0.999
trainscg

Logsig-purelin 0.0151 0.0133 0.0165 0.0111 0.0112 >0.999
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Table 6.2 summarizes the performance of the three ANN training functions based on MSE and
gradient descent with momentum weight and bias learning functions (learngdm). The trainim
recorded highest training accuracy, lower MSE and lower training iterations than trainbr and
trainscg and the decreasing pattern in training iterations in the direction of high performing training
functions was also observed. For the trainscg: 4-5-1 model, 241 training iterations were recorded
followed by trainbr: 4-6-1 model which recorded 126 iterations. The best ANN for trainlm with 4-
7-1 structure recorded 86 iterations which was the least amongst the training algorithms in Table
6.2. Thus, the best ANN model showed good performance including accelerated training speed

than the other training algorithms in Table 6.2.

Table 6.2: ANN results with three network training functions for the prediction of turbidity

trainlm trainbr trainscg
Neurons Train Adapt. Train Adapt. Train Adapt.
function Learning function Learning function Learning
Learngdm Learngdm Learngdm
5 Logsig 0.0094 Logsig 0.0060 Logsig 0.0151
Tansig 0.0091 Tansig 0.0057 Tansig 0.0051
6 Logsig 0.0077 Logsig 0.0055 Logsig 0.0133
Tansig 0.0056 Tansig 0.0046 Tansig 0.0199
7 Logsig 0.0010 Logsig 0.0052 Logsig 0.0165
Tansig 0.0088 Tansig 0.0052 Tansig 0.0110
8 Logsig 0.0072 Logsig 0.0061 Logsig 0.0111
Tansig 0.0068 Tansig 0.0060 Tansig 0.0124
9 Logsig 0.0049 Logsig 0.0055 Logsig 0.0112
Tansig 0.0080 Tansig 0.0057 Tansig 0.0121

To investigate the training accuracy of the ANN models, results on regression plots and training
state of the designed ANN models were examined. The graphical representation of the regression
plots and training state plots for trainlm, trainbr and trainscg are presented in Figures 6-1 to 6-8.
Figure 6-1 shows the performance of trainlm in terms of regression plots at the end of neural
network training for the prediction of turbidity. Based on the plot, the regressions are for the
training, testing, validation and all data sets which are all represented in linear regression format.
The plots show the extent the estimated outputs match the actual ANN targets with the ideal plot.
The targets and corresponding predicted outputs can be observed scattered around solid lines coded
in green, red, blue and grey which all represent best fit linear regression lines between output and
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targets. In general, the final regression plots at the end of ANN training obtained showed good
accuracy as data cases are distributed around the 45° diagonal line as shown in the regression plot,
although few data points deviated from the targets. The high correlation coefficients for training,
test, validation and all data were obtained which ideally confirmed the relationship between the
model outputs compared to the actual target values therefore confirming the good fit for ANN
performance based on trainlm algorithm.
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Figure 6-1: ANN performance on regression outputs for best fit model with trainlm for the

prediction of turbidity
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The effect of training state parameters were also examined for trainlm, trainbr and trainscg by
taking into account the momentum parameter, gradient and validation check with respect to the
number of epochs as shown in Figure 6-2. The summary of the ANN training state results are
directly presented and discussed for trainlm, trainbr and trainscg at the end of the neural network
training phase. The end or termination of the training phase is mainly a function of the magnitude
of gradient, the number of validation checks and momentum factor which controls the training
speed of ANN. Based on Figure 6-2, the final gradient, momentum factor and validation check
simply converged to 1e-05, 0.015291 and 6, respectively at epoch value of 8. From Figure 6-2, the
ANN training was finally terminated as the momentum factor and gradient were gradually reduced

while validation performance reached its maximum limit value.

Gradient = 0.015291, at epoch 8
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Figure 6-2: ANN performance in terms of gradient parameter, momentum factor and validation

checks with trainlm algorithm
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The regression plot for trainbr following the neural network training phase is presented in Figure

6-3 in the form of regressions. The three regression graphs represent the ANN data for training,

testing and all data for the prediction of turbidity. The plots show the relationship between the

network outputs and the corresponding targets at the end of the ANN training steps. As shown in

Figure 6-3, the regression plots essentially show the good overall accuracy of trainbr in fitting the

ANN target and output data. The best fit linear regression lines between outputs and targets were

also evident and the data points matched very well with the target-output line for training, testing

and all data with correlation coefficients values all greater than 0.998. Based on Figure 6-3, the

network showed satisfactory performance in predicting turbidity for the given ANN inputs.

Training: R=0.99886

31t

8 O Data
S

o

+

-

[})

o

©

[hg

*

=

]

1

-

=

Q.

-

=

o

All: R=0.99882
31¢f ) )

‘: O Data
S

o

+

-

[})

(=2

o

[hig

*

=

|

1

-

=

o

-

=

o

26 28 30
Target

Output ~= 0.99*Target + 0.15

31

Test: R=0.99855

Data
Fit

Figure 6-3: ANN performance on regression outputs for best fit model with trainbr

The ANN training results showing the training state of ANN with trainbr algorithm is presented in

Figure 6-4. The graphical plot shows the training state with ANN training parameters which are
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useful for the network validation. These include gradient, momentum parameter and validation
checks plotted against the number of epochs. During the training phase, the gradient and
momentum parameters were adjusted by the network as they were approaching minimum values
as shown in Figure 6-4. The final gradient parameter obtained was 0.0081711 and momentum
factor subsequently reached a value of 0.5 and both were recorded at an epoch value of 14 by the
network. As it can be observed in Figure 6-4, the validation checks gradually increased and reached

a value of 6 and the ANN training finally ceased.

Gradient = 0.0081711, at epoch 14

£ 10° ' ' '
D
L o B
51072 s
m -4 ] ] - J__- ] ] ]
10 Mu = 0.5, at epoch 14
1[]5 T T T T T T
3 i} -
E 10°~ .

1072
Validation Checks = 6, at epoch 14

_ 10 . .
m
| v ¢ ¢ ’
L S T -
0 2 4 8 8 10 12 14
14 Epochs

Figure 6-4: ANN performance in terms of gradient parameter, momentum factor and validation

checks for the trainbr algorithm

Figure 6-5 summarizes the regression plots for trainscg at the end of the ANN training phase. The
ANN linear regression plots for the network outputs versus targets for all training subsets are
evident. The four linear regression plots for training, validation, testing an all data in terms of
correlation coefficient values and the degree of linearity between the outputs and targets were well
within a satisfactory range after ANN training. Each graphical plot showed good performance in
terms of distribution around the best linear regression plot and only a few deviations were observed

in data cases with respect to the 45° diagonal line relative to the targets. It is evident that the ANN
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training showed good fit and good linear relationship between outputs and corresponding targets
with large correlation coefficients in training, test, validation and all data sets. Based on Figure 6-
5, the correlation coefficient values exceeding 0.996 were obtained with the trainscg algorithm
which this confirms the predictive ability of the developed ANN model for the prediction of
turbidity.
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Figure 6-5: ANN performance on regression output for best fit model with trainscg algorithm
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The ANN performance with trainscg algorithm is presented in Figure 6-6. The graphical plot
shows the training state results which are useful indicators in monitoring the training progress of
ANN. The ANN training vectors were gradient and validation checks which are plotted and
presented along with the number of epochs. The training progress values of gradient and validation
check at epoch 60 were 0.070115 and 6 respectively when the trainscg was examined. The ANN
eventually reached a maximum training phase as the validation performance increased to a

maximum value while the gradient value gradually decreased reaching the minimum limit of
0.070115.
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Figure 6-6: The ANN training state in terms of validation checks and gradient parameter with
trainscg
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The optimal ANN model with trainlm was subsequently used to carry out the prediction of
turbidity from the HRF based on the new sample of data with only 61 data cases consisting of
experimental input vectors. The experimental data cases and predicted ANN outputs can be
observed in Figure 6-7. The graphical plot result typically shows the comparison pattern between
sampling data cases and network outputs. A good agreement and satisfactory performance from
the plot using trainlm was achieved. Figure 6-7 confirms a good match between the outputs and
target data and this was observed with most of the errors obtained near zero between predicted and
target data and the low average error below 1% was finally obtained.
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Figure 6-7: The graphical plot showing the comparison pattern between sampling data cases and

network outputs
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The sensitivity analysis on the performance of the neural network in prediction of turbidity was
investigated. The effect of variables in the model was investigated and estimated by studying the
percentage of contribution of the variable effect on the value of R-correlation coefficient values
and through the value of estimated MSE. Figure 6-8 depicts results on sensitivity analysis with
trainlm for the prediction of turbidity. The ANN input variables were temperature, turbidity, pH
and conductivity and the most significant variables with trainlm were turbidity and conductivity.
The highest percentage contribution was evident for turbidity and correlation coefficient value of

approximately 0.97.
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Figure 6-8: Results on sensitivity analysis with trainlm for the prediction of turbidity

6.2  The prediction of COD from the effluent stream of a HRF equipment

This section presents findings of ANN application in modelling HRF equipment for the prediction
of COD of domestic greywater effluent from the HRF unit. The network is feedforward with back
propagation connection for the supervised learning. This architecture was trained with three inputs
which were turbidity, solids and pH. The proposed network architecture has one input layer,
hidden layer and the output layer. The ANN training results reflect testing which was developed
with different training functions and algorithms, the number of neurons and values of performance

index through iteration process steps based on experimental data.

Different types of ANN models for COD prediction were developed while varying MATLAB

R2015a training functions and parameters with the summary of the best ANN models presented in
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Table 6.3. The ANN results obtained from the models were compared in terms of MSE, MAE,
MAPE and correlation coefficient values. The optimal ANN model was obtained with the trainlm
algorithm based on its satisfactory performance as the minimum MSE and lower MAE and MAPE
containing 10 neurons in the hidden layer. As shown in Table 6.3, all other ANN models with
trainbr were outperformed by the trainlm training algorithm. The trained ANN model with trainlm
algorithm achieved higher prediction accuracy with lower values of MSE, MAE and MAPE

performance parameters.

Table 6.3: ANN results on different structures of NN training for the prediction of COD

- ANN model trainim ANN model trainbr
g Train Train Test Train Test
% function | R R MSE MAE MAPE R R MSE MAE MAPE
Logsig | 0.9941 | 0.9939 | 0.00208 | 0.0382 | 5.0589 0.9961 0.9949 0.00307 | 0.0383 | 4.7044
2 Tansig 0.9978 | 0.9967 | 0.0072 0.0697 | 9.7851 0.9982 0.9979 0.00204 | 0.0381 | 4.5281
Logsig 0.9981 | 0.9966 | 0.00367 0.0481 | 7.6185 0.9959 0.9956 0.00205 | 0.0373 | 4.7044
3 Tansig 0.9984 | 0.9961 | 0.00206 | 0.0377 | 3.1207 0.9968 0.9965 0.00211 | 0.0254 | 0.4965
Logsig 0.9980 | 0.9981 | 0.00211 0.0339 | 3.3974 0.9979 0.9972 0.00105 | 0.0247 | 0.4240
4 Tansig 0.9969 | 0.9985 | 0.00209 | 0.0386 | 4.6069 0.9983 0.9982 0.00291 | 0.0260 | 0.8384
Logsig 0.9978 | 0.9982 | 0.00150 | 0.0326 | 2.2296 0.9984 0.9983 0.00211 | 0.0249 | 0.4288
> Tansig | 0.9982 | 0.9988 | 0.00211 | 0.0383 | 4.6702 0.9984 0.9984 0.00155 | 0.0251 | 0.5014
Logsig | 0.9980 | 0.9984 | 0.00170 | 0.0350 | 3.2102 0.9986 0.9983 0.00191 | 0.0245 | 0.6032
6 Tansig | 0.9979 | 0.9984 | 0.00122 | 0.0289 | 3.6314 0.9986 0.9985 0.00121 | 0.0252 | 0.5597
Logsig | 0.9984 | 0.9983 | 0.00110 | 0.0257 | 0.5869 0.9989 0.9988 0.00192 | 0.2581 | 0.5280
! Tansig | 0.9984 | 0.9982 | 0.00130 | 0.0285 | 1.1093 0.9984 0.9981 0.00190 | 0.2480 | 0.5280
Logsig | 0.9995 | 0.9989 | 0.00172 | 0.0357 | 3.5423 0.9981 0.9980 0.00193 | 0.0255 | 0.5939
8 Tansig | 0.9988 | 0.9987 | 0.00110 | 0.0226 | 0.4987 0.9988 0.9987 0.00151 | 0.0257 | 0.5548
9 Logsig | 0.9995 | 0.9994 | 0.00142 | 0.0241 | 0.4992 0.9990 0.9991 0.00111 | 0.0251 | 0.3593
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Tansig | 0.9996 | 0.9992 | 0.00150 | 0.0282 | 0.7147 0.9992 0.9991 0.00112 | 0.0250 | 0.5514

Logsig | 0.9998 | 0.9989 | 0.00111 | 0.0264 | 0.7262 0.9995 0.9993 0.00101 | 0.0247 | 0.2883

10

0.9992 0.00141 | 0.0249 | 0.4481

Tansig | 0.9998 | 0.9995 | 0.00099 | 0.0240 | 0.1686 0.9995

In order to examine the detailed overall performance of the ANN models and the underlying trends
in ANN with the trainlm training algorithm, the MSE, MAE and MAPE were directly analyzed.
Figure 6-9 shows MSE, neurons and training functions following ANN training with the trainlm
training algorithm. A low MSE value which is the average squared difference between the network
outputs and targets was observed to vary with the number of neurons ranging from 0.0072 to 0.001.
The low value of MSE was 0.001 and the optimum number of neurons in hidden layers was 10
based on the Tansig activation function. During ANN training, the performance parameters
including average MAE and MAPE were used in order to evaluate the model accuracy. Compared
to the trainbr training algorithm, the trainlm recorded a lower value of MAE and MAPE of 0.0240

and 0.1686, respectively.

0.008
0.007
0.006
0.005
%)
0.004
=
0.003
0.002 \-—Q--\ PO
2 NG9
inaiihaiiin
0
20 oo bBo  Bof bo bof bo Bo) B0 bo) WO bo| o 8o BO  bof bo  bo
B £ W 2 & 2 W £ w ¢ <& o wmw g @ 2 w2
®] © o © o © o © o © o © o © o © o ©
B i [T [ T e e (i [
2 3 4 5 6 7 8 9 10

Training parameters

Figure 6-9: ANN performance in terms of MSE with the size of hidden layer neurons and the

type of activation function based on the trainlm training algorithm
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Figure 6-10 shows the distribution of network errors in terms of an error histogram plot of 20 bins
for the ANN with the trainlm algorithm containing 10 neurons in the hidden layer with training,
testing and validation data sets. The error histogram is a good indicator in evaluating the quality
of error distributions based on ANN predictions after the training stage. The blue bars represent
training data set, red coded bars represent testing data and the green bars represent the validation
data set. Based on the plot, it is evident that most of the errors are normally distributed with large
errors distributed around the zero error line. The small errors were also distributed in both ends of
the zero error line showing a downward trend away from the zero error line. Therefore, Figure 6-
10 confirms the good performance and good error distributions of the developed ANN model with

the trainlm training algorithm.
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180
- Training
160 [ [ Validation
I Test
140 Zero Error

120

100

80

Instances

60

40

20

<t O IO M «— OO W O NN O© 0 O N « ©
0 O U~ N M 0O ¥ O O NN O O T O < MM ©
D O© O T NN «~ O O NN M OHL N O O «—~ N 0 B O
O O N © O I N ™ O W OM IO © N O O «~
dOOOOOOOOOQdQQQQdQOd
' QR QR S ° © o oo e

Errors = Targets - Outputs

Figure 6-10: Graphical plot of error histogram for 20 bins with the trainlm training function

Figure 6-11 shows simulation results of COD in terms of the relationship between independent

experimental COD from the HRF equipment and COD predicted by the neural network for a total
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of 30 independent samples. In this case, the network response results were satisfactory as it was
observed that the outputs tracked the targets very well for the sampling cases. A high correlation
coefficient between measured and predicted output COD values was observed for almost all data
cases. The error values between the measured predicted outputs of COD were also observed with
the data cases with an overall small error for the prediction of COD values. Based on the analysis
of simulation results for COD, the ANN model developed with the trainlm algorithm showed good
accuracy and generalization capability in predicting COD of domestic greywater from the HRF

equipment with a high R? value of 0.9998.
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Figure 6-11: The graphical plot showing ANN performance with a new sample observation for the
prediction of COD

Figure 6-12 presents ANN performance in terms of MSE, neurons and training functions for the
trainbr training algorithm following the ANN training phase. The MSE during the training stage
was in range from 0.00307 to 0.001. The decreasing pattern in MSE with improved training
neurons in hidden layers was evident which showed the improvement in learning abilities of ANN
with the trainbr training function. The lowest MSE value obtained with the trainbr training function
was 0.00101 containing 10 neurons in the hidden layer. The accuracy of the model was also

evaluated with an average MAE and MAPE performance parameters during training steps. The
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values of MAE and MAPE recorded were 0.0247 and 0.2883, respectively. These accuracy

measures were well above that obtained with the trainlm training function.
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Figure 6-12: ANN performance in terms of MSE with the size of hidden layer neurons and the

type of activation function based on the trainbr algorithm

Figure 6-13 illustrates the distribution of network errors in terms of an error histogram plot of 20
bins for the ANN with the trainbr algorithm. The blue bars represent training data and red bars
represent test data. The plot shows the performance of ANN in terms of error distributions with a
normal shaped error histogram. Based on the histogram plot, it was observed that the errors showed
characteristics of normal distribution with a large number of errors occurring near the centre or

zero error line. The small errors were also observed to be evenly distributed around the zero error

line and shows a decreasing pattern at both ends of the zero error line.
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Error Histogram with 20 Bins
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Figure 6-13: Graphical plot of error histogram for 20 bins with the trainbr training function

6.3  The prediction of filter duration in a HRF system

This section presents findings related to feedforward ANN application in modelling HRF for the
prediction of filter duration based on the use of domestic greywater from the kitchen source in a
HRF system. As discussed in the method section, the development of the ANN model for the
prediction of filter duration involved steps such as data collection, the selection of ANN
architecture, training and validation based on experimental data from HRF. The ANN training
process is non-linear and therefore the use and selection of ANN architecture, model training and
validation techniques for the prediction of filter duration was investigated. In this study, the ANN
with a single hidden layer was trained using available training functions in MATLAB and training

input parameters that were previously presented in Table 3.7.

The performance of all different types of ANNSs that were developed were compared in order to
select the best ANN model using MSE and correlation coefficients for the training, testing,
validation and all data sets. The ANN architecture that met the criteria of highest correlation

coefficient and low MSE was selected as the optimal ANN model. The correlation coefficients for
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training, testing, validation and all data should be close to an ideal value of 1 with a low value of
MSE which should be close to zero. Therefore, good performance parameters and low error

difference in a successfully trained and the optimal ANN model were the ultimate target.

The summary of the two training algorithms based on their performances were mainly trainlm and
trainscg which are presented and discussed in this section. Table 6.4 presents training results and
varying performance of ANN models for the prediction of filer duration and turbidity using the
trainlm algorithm. The ANN architecture was obtained with 8 neurons in one hidden layer with
Tansig-Purelin activation functions and learngdm as the best learning function. Also, the gradient
descent weight and bias learning function (learngd) was outperformed by learngdm. From Table
6.4, the lowest MSE was recorded for the optimal model and high correlation coefficients for

training, testing, validation and all data set.

Furthermore, the ANN showed success in learning experimental data from the HRF system and
the ANN with 4-8-2 structure was selected as the optimal and the best network for the prediction
of filter duration and turbidity in a HRF equipment. In this study, the ANN filter duration obtained
was drastically reduced with more kitchen greywater source used in HRF. This is due to low
quality of kitchen greywater and high solid particulates which limit efficacy in HRF.

Table 6.4: The ANN results for the prediction of filter duration and turbidity with trainlm algorithm

Train Activation Adapt. Train Test Val All MSE Model
function  function learning (R) (R) (R) (R)

trainlm  logsig/purelin  learn gdm 0.99990 0.99998 0.99970 0.99980 3.21e-10 4-4-2
trainlm  tansig/purelin learn gdm 0.99979 0.99969 0.99977 0.99978 1.14e-10 4-4-2
trainlm  logsig/purelin  learn gd 0.99990 0.99980 0.99970 0.99990 1.35e-10 4-4-2

trainlm  tansig/purelin  learn gd 0.99990 0.99970 0.99960 0.99970 1.85e-10 4-4-2

trainlm  logsig/purelin  learngdm 0.99990 0.99927 0.99928 0.99979 7.35e-11 4-5-2
trainlm  tansig/purelin learn gdm 0.99990 0.99970 0.99980 0.99990 3.80e-10 4-5-2

trainlm  logsig/purelin  learn gd 0.99978 0.99926 0.99932 0.99964 1.77e-05 4-5-2
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trainlm  tansig/purelin  learn gd 0.99990 0.99970 0.99960 0.99980 4.76e-11 4-5-2
trainlm  logsig/purelin  learngdm 0.99990 0.99980 0.99970 0.99990 2.88e-09 4-6-2
trainlm  tansig/purelin learngdm 0.99990 0.99970 0.99970 0.99990 1.10e-09 4-6-2
trainlm  logsig/purelin~ learngd ~ 0.99990 0.99980 0.99980 0.99990 7.10e-11 4-6-2
trainlm  tansig/purelin  learngd ~ 0.99990 0.99940 0.99950 0.99980 6.59e-10 4-6-2
trainlm  logsig/purelin  learngdm 0.99990 0.99990 0.99989 0.99998 8.58e-08 4-7-2
trainlm  tansig/purelin  learngdm 0.99990 0.99980 0.99970 0.99998 2.07e-10 4-7-2
trainlm  logsig/purelin  learn gd 0.99990 0.99990 0.99990 0.99990 5.63e-11 4-7-2
trainlm  tansig/purelin  learn gd 0.99958 0.99816 0.99810 0.99914 9.26e-08 4-7-2
trainlm  logsig/purelin ~ learngdm 0.99990 0.99980 0.99980 0.99990 2.96e-10 4-8-2
trainlm  tansig/purelin  learngdm 0.99998 0.99995 0.99993 0.99997 1.90e-12 4-8-2
trainlm  logsig/purelin  learngd ~ 0.99990 0.99990 0.99990 0.99990 5.52e-10 4-8-2
trainlm  tansig/purelin  learn gd 0.99855 0.99309 0.99372 0.99707 7.37e-11 4-8-2
trainlm  logsig/purelin  learngdm 0.99990 0.99980 0.99980 0.99980 3.73e-10 4-9-2
trainlm  tansig/purelin  learngdm 0.99990 0.99990 0.99990 0.99990 1.45e-10 4-9-2
trainlm  logsig/purelin  learn gd 0.99990 0.99990 0.99980 0.99980 4.07e-10 4-9-2
trainlm  tansig/purelin  learn gd 0.99990 0.99990 0.99990 0.99990 9.0le-11 4-9-2
trainlm  logsig/purelin  learn gdm 0.99890 0.99790 0.99770 0.99880 1.00e-09 4-10-2
trainlm  tansig/purelin  learngdm 0.99990 0.99990 0.99990 0.99990 1.47e-10 4-10-2
trainlm  logsig/purelin  learn gd 0.99990 0.99990 0.99990 0.99990 8.96e-10 4-10-2
trainlm  tansig/purelin  learn gd 0.99990 0.99980 0.99970 0.99990 1.57e-08 4-10-2
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The downward trend on MSE of the ANN model with trainlm is graphically presented in Figure
6-14. The plot illustrates the values and the trends on MSE for the training, testing and validation
data sets with increasing number of iterations/epochs. Based on the graphical plot, MSE clearly
showed the continuous downward pattern with the increase of the iteration number and the train,
test and validation sets all showed a similar downward pattern. The downward trend of MSE was
observed until the network reached epoch 1000 and the training was terminated. As observed in
Figure 6-14, the best validation performance of the network was reached when a low MSE value
was 1.5577e-10 at epoch 1000.

Best Validation Performance is 1.5577e-10 at epoch 1000
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Figure 6-14: ANN performance of the trainlm algorithm for the prediction of filter duration and
turbidity

The ANN performance in terms of regression plots for trainlm and trainscg algorithms were also
examined and this is essential in evaluating the performance of ANN models after being designed.
Figure 6-15 shows the regression plots for the trainlm algorithm in terms of correlation coefficients
for training, testing, validation and all data at the end of the training phase. All values were found
greater than 0.99 and this confirms good performance of the network in fitting data subsets after

training. The actual correlation coefficient values for training, testing, validation and all data were
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0.99998, 0.99995, 0.99993 and 0.99997, respectively. From the plot, the good distribution of the
majority of data cases within the 45° line showed the good match between the network outputs
with target data. Therefore, predictive power of the model with the trainlm algorithm which was
illustrated by low error difference between the targets and outputs in Figure 6-15.
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Figure 6-15: Regression plot showing correlation coefficient values for the trainlm algorithm for

the prediction of filter duration and turbidity

Figure 6-16 shows the error histogram plot of the network with 20 bins which was obtained with
the trainlm algorithm. The errors between observed data and predicted data of the network were
generated to evaluate the performance of the network for the training, validation and testing data
after ANN training. In this plot, the blue coding represents training data, the red coding represents

test data and green bars represent validation data. The errors are distributed around the zero error
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where mainly large errors and no abnormalities were observed with the error trends as shown in
this plot. Therefore, the graphical plot is actually useful for confirmation of good fit of the network

in terms of performance for the prediction of filter duration and turbidity.
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Figure 6-16: Graphical plot of error histogram for 20 bins with the trainlm algorithm

Table 6.5 summarizes the trainscg training results of ANN for the prediction of filter duration and
turbidity in HRF equipment which was trained using training parameters in Table 3.7, which was
discussed in Chapter 3. The six ANN neurons were subsequently obtained for the optimized
architecture with Logsig activation function and Purelin function in the output layer. The
performance of different types of ANN models were based on MSE and correlation coefficients
for the training, testing, validation and all data sets as shown in Table 6.5. In addition, the trainscg
with ANN architecture 4-6-2 recorded the lowest MSE value and higher correlation coefficient
values in all data subsets than the rest of the ANN models. Based on the findings of this study it
was clearly evident that the trainscg algorithm had underperformed compared to the trainlm

algorithm for the prediction of filter duration and turbidity in the HRF unit.
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Table 6.5: The ANN results with trainscg algorithm for the prediction of filter duration

Train Train function Adapt. Train Test Val All MSE model
function learning (R) (R) (R) (R)

trainscg logsig/purelin learngdm  0.99630 0.99385 0.99411  0.99560  0.00094 4-4-2
trainscg  tansig /purelin learngdm  0.98178  0.97716  0.97177 0.97955  0.00480 4-4-2
trainscg logsig/purelin learn gd 0.99750 0.99603 0.99666  0.99972  0.00060 4-4-2
trainscg  tansig/purelin learn gd 0.99896  0.99895  0.99862  0.99880  0.00027 4-4-2
trainscg logsig/purelin learngdm  0.99977  0.99930 0.99904 0.99889  0.00029 4-5-2
trainscg  tansig /purelin learngdm  0.99995 0.99991  0.99988  0.99994  1.17e-05 4-5-2
trainscg logsig/purelin learn gd 0.99054  0.98824  0.99042  0.99017  0.00251 4-5-2
trainscg  tansig/purelin learn gd 0.99980  0.99975  0.99981  0.99980  4.73e-05 4-5-2
trainscg logsig/purelin learngdm  0.99991  0.99989  0.99988  0.99990  8.42e-07 4-6-2
trainscg  tansig /purelin learngdm  0.99993  0.99983  0.99988  0.99991  7.85e-07 4-6-2
trainscg logsig/purelin learn gd 0.99997  0.99991  0.99986  0.99995  9.76e-08 4-6-2
trainscg  tansig/purelin learn gd 0.99975  0.99922  0.99921  0.99959  8.63e-07 4-6-2
trainscg logsig/purelin learngdm  0.99913  0.99878 0.99888  0.99878  0.00023 4-7-2
trainscg  tansig /purelin learngdm  0.99939  0.99867 0.99869  0.99918  0.00013 4-7-2
trainscg logsig/purelin learn gd 0.99990 0.99990 0.99990 0.99990  6.25e-05 4-7-2
trainscg  tansig/purelin learn gd 0.99972  0.99924  0.99938 0.99959  6.71le-05 4-7-2
trainscg logsig/purelin learngdm  0.97232 0.96683  0.95857 0.96966  0.00620 4-8-2
trainscg  tansig /purelin learngdm  0.99376  0.98643  0.99008 0.99214  0.00198 4-8-2
trainscg logsig/purelin learn gd 0.99862  0.99843  0.99774  0.99846  0.00027 4-8-2
trainscg  tansig/purelin learn gd 0.99999  0.99990 0.99988  0.99998  2.35e-05 4-8-2
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trainscg logsig/purelin learngdm  0.99990 0.99970 0.99973  0.99980  5.64e-05 4-9-2
trainscg  tansig /purelin learngdm  0.99975 0.99960 0.99961  0.99970  0.00012 4-9-2
trainscg logsig/purelin learn gd 0.99376  0.98632  0.99007  0.99214  0.00149 4-9-2
trainscg  tansig/purelin learn gd 0.99962  0.99924  0.99928  0.99959  0.00520 4-9-2
trainscg logsig/purelin learngdm  0.99929  0.99857 0.99859  0.99918  0.00012 4-10-2
trainscg  tansig /purelin learngdm  0.99994  0.99993  0.99992 0.99993  1.51e-05 4-10-2
trainscg logsig/purelin learn gd 0.99993  0.99992  0.99992 0.99993  1.83e-05 4-10-2
trainscg  tansig/purelin learn gd 0.99946  0.99939  0.99914  0.99943  0.00013 4-10-2

The graphical plot in Figure 6-17 presents the network performance for trainscg in terms of MSE

for 1000 epochs. The plot essentially shows performance trends for training, validation and testing

data sets with the number of iteration settings increasing from 0 to 1000 when the network training

was carried out. The ANN training with the trainscg algorithm significantly showed the decreasing

pattern up to a low MSE of 7.4656e-07 for a total of 1000 iterations and the network training

finally stopped. As shown in Figure 6-17, the good performance of ANN was evident and no over

fitting problems were observed. Although with trainscg, the training algorithm achieved low MSE

following training, the lowest MSE was, however, achieved with trainlm algorithm and was

adopted as the best training algorithm.
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. Best Validation Performance is 7.4656e-07 at epoch 1000
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Figure 6-17: ANN performance of the trainscg training function for the prediction of filter duration
and turbidity

Figure 6-18 depicts the network regression plots for training, test, validation and all data which
were obtained with trainscg. Although it was clearly observed that trainlm recorded the better
performance than trainscg, the coefficient of determination values of trainscg recorded were
satisfactory and closer to a value of 1 which explains a desirable and perfect correlation between
targets and network outputs. The actual correlation coefficients obtained for testing, training,
validation and all data were high as observed in the graphical plot in Figure 6-18. The data points
were largely centered on the 45° line which confirmed a reasonable fit and good generalization

between the targets and network predictions.
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Training: R=0.99997

Validation: R=0.99986
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Figure 6-18: Regression plot showing correlation coefficient values for trainscg for the prediction

of filter duration and turbidity

The graphical plot showing the error histogram for 20 bins with trainscg at the end of ANN training
is presented in Figure 6-19. The error histogram shows error distributions which were produced
by the network with three sets of data which was training, testing and validation. As shown in the
histogram plot in Figure 6-19, the blue, green and red coded bars represent train, validation and

test data sets, respectively. The large errors were mainly distributed near the zero error line and a
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small percentage of errors were located away from the zero error line. Most of the observed error

values were within the range between -0.030 and 0.037.
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Figure 6-19: Graphical plot of error histogram for 20 bins with trainscg
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6.4  The prediction of physico-chemical variables of domestic greywater of the outlet
stream of the HRF equipment

This section presents the findings on feedforward ANN modelling of the HRF system for the
prediction of multi-output parameters; these were pH, COD, solids and turbidity of domestic
greywater following pre-treatment using HRF equipment. The ANN feed forward with back
propagation algorithm has been examined in this section for the modelling of the HRF in order to
describe the filter performance behavior and ANN capability to map the inputs and output
parameters of greywater following the treatment of greywater in a HRF. In this task, the aim was
to develop a three layered feedforward ANN for the prediction of four main multi-output
parameters of domestic greywater from the outlet stream of the HRF using the feedforward ANN.
The predicted multi-output parameters using feedforward ANN were pH, COD, solids and
turbidity. In an attempt to develop optimal ANN, the training was initially carried out using only
COD and pH as inputs for the prediction of the four multi-outputs that include pH, COD, solids
and turbidity. The performance of the ANN obtained in terms of values of the MSE and R
correlation coefficient obtained is presented in Figures 6-20 and Figure 6-21. It was noted that
ANN showed some learning ability based on reduction of MSE. The summary of the number of
neurons in the hidden layer and 14 investigated MATLAB training algorithms is presented in the
ANN plots (Figure 6-20 and Figure 6-21).

It was also observed that the ANN in terms of MSE values showed minimal performance on
decreasing pattern for the most of the ANN training algorithms with varying number of neurons
in the hidden layer as illustrated in Figure 6-20. As observed in the plot, the ANN learning did not
show significant improvement during training despite the adjustment of the hidden layer neurons.
Therefore, based on this plot, the MSE in almost all ANN models did not show significant
improvement with the application of proposed chemical parameters as ANN input vectors for the
prediction of pH, COD, solids and turbidity. Figure 6-21 shows the performance of ANN models
in terms of R correlation coefficient based on the training data set. All ANN models recorded low
R correlation coefficient values below 0.7. Ideally, the R correlation coefficient values should
approach a target value of 1 for an optimal ANN model. For all ANN models, the number of
neurons that were investigated ranged from 3 to 20 using one hidden layer and different training
functions on MATLAB tool.
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Figure 6-20: The comparison of various training functions in terms of MSE values for ANN trained

with COD and pH as inputs for the prediction of multi-output parameters
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Figure 6-21: The comparison of various training functions in terms of correlation coefficient values
for ANN trained with COD and pH as inputs for the prediction of multi-output parameters
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Following unsatisfactory performance of the designed ANN models with COD-pH input vectors
for the prediction of pH, COD, solids and turbidity. The next ANN models were designed using a
new set of input vectors which essentially included flowrate, conductivity, temperature, turbidity
and solids as described in Chapter 3. The four multi-output parameters in the output layer remained
unchanged and these were pH, COD, solids and turbidity. Figure 6-22 to Figure 6-23 show training
results of various ANN models at the end of the training state. The ANN models were trained with
the number of neurons varying between 3 and 20 in order to avoid under fitting and overfitting
challenges and 14 MATLAB training algorithms.

As shown in Figure 6-22, the ANN models showed better predictions of pH, COD, solids and
turbidity than ANN modes with COD and pH as input variables with additional training parameters
and low MSE and high correlation coefficient values. In all ANN models, the training algorithms
exhibited almost identical performance trends and improved values of MSE and correlation
coefficient values. Some fluctuations were observed for the training functions with MSEs greater
than 0.03 and generally decrease with increasing number of neurons. This be attributed to the

power and learning characteristics of training functions of ANN during the training period.
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Figure 6-22: The comparison of various training functions in terms of MSE values for ANN trained

with physical parameters as inputs for the prediction of multi-output parameters

127



0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

R correlation coefficient

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21

Number of neurons in the hidden layer

bfg br cghb cgf —@—cgp gd —@—gdm
—0—gda —@—gdx —@—Im —@—o0ss —@—r rp scg

Figure 6-23: The comparison of various training functions in terms of correlation coefficients for

ANN trained with physical parameters as inputs for the prediction of multi-output parameters

In the final attempt to develop the optimal ANN model, a combination of physical and chemical
parameters were selected and used as input vectors for the prediction of pH, COD, solids and
turbidity following method in Chapter 3. The ANN models were trained through trial and error
steps. This was carried out through varying training parameters such as training algorithms, the
number of neurons in the hidden layer and the training functions. During training, the number of
neurons varying between 3 and 20 were investigated. In general, all ANN models showed high
degree of learning ability based on the improvement of MSE values and R correlation coefficient

values as a function of the hidden layer size including training input vectors.

The MSE values showed a decreasing pattern for all training algorithms and the lowest MSE
amongst the training algorithms was obtained with trainbr (Figure 6-24). It was also found that
most of the ANN models recorded high correlation coefficient values (Figure 6-25), therefore
showing good fit and low error values between the targets and the network outputs. The best ANN
was obtained with 15 neurons in the hidden layer, thus the 7-15-4 ANN architecture was selected
as the optimal ANN model. The corresponding training algorithm for the optimal model was
trainbr, whereas, the activation function was the Tansig and Purelin function in the hidden layer

and output layer, respectively.
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Figure 6-24: The MSE values for ANN trained with physico-chemical parameters for the

prediction of multi-output parameters
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Figure 6-25: The R correlation coefficients for various training functions of ANN for the prediction

of multi-output parameters

After successful learning activity of the feedforward ANN, the fully trained optimal ANN model
was presented with a new sample of data containing input vectors. Figure 6-26 presents the
graphical plot showing solids profile with 30 observations. The graphical plot presents the network
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predictions along target data with a varying number of observations. The plot showed a good fit
on predicted and target data as the predicted values almost matched target values. The low error
values are desirable in well-trained ANN models and based on this plot, it was also evident that
there were low error values between predicted and target values for almost all the observations.

This ANN model showed good predictive power and high accuracy in predicting solids content.
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Figure 6-26: The multi-output ANN performance in the case of total solids profile in terms of

network predictions and target outputs with the number of sample observations

The optimal ANN model also showed good performance in predicting turbidity as shown in Figure
6-27, where turbidity profile with the number of sample observations is presented. The plot shows
predicted ANN outputs of turbidity compared against known target values. Based on this plot, the
a good fit between predicted and target turbidity values with all sample data points/observations
was evident. For approximately all observations, low error distributions were also evident between
targets and the predicted output turbidity, and only a few observations suffered a minor loss of
precision or accuracy as illustrated in Figure 6-27. The experimental and predicted values of

turbidity were between 30.5 and 32.2 NTU as shown in this graphical plot.
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Figure 6-27: The multi-output ANN performance in the case of turbidity profile in terms of

network predictions and target outputs with the number of sample observations

Figure 6-28 shows the performance of the optimal ANN model in predicting COD for the given
ANN sample with 30 observations. The plot shows target COD plotted with respect to the predicted
COD along the sample observations. A good fitting pattern between the predicted and target COD
values was evident and low error difference in most data cases. Although the ANN was capable of
capturing of showing reasonable prediction accuracy as the matching pattern between targets and
predicted COD was reasonably evident. However, the ANN model showed a certain degree of
limitation in accurately predicting COD within the HRF system. This could be due to greywater

quality variations obtained in different sources and the low prediction accuracy was evident for
COD.
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Figure 6-28: The multi-output ANN performance in the case of COD profile in terms of network

predictions and target outputs with the number of sample observations
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The optimal ANN model was also used for the prediction of pH as shown in the graphical plot
profiling pH patterns in Figure 6-29 with the number of observations. As shown in the Figure 6-
29, the plot shows good data fitting with R correlation coefficient above 0.9 between predicted and
the actual outputs for the variable pH. The accuracy of the ANN with predicted and the target
outputs for all 30 observations was observed in the plot. The plot also displays minimal error
profile with respect to the target outputs including low deviations between predicted and target
outputs. Therefore, the good agreement between predicted results in relation to the known target
values confirmed the usefulness of the optimal ANN model.
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Figure 6-29: The multi-output ANN performance in the case of pH profile in terms of network

predictions and target outputs with the number of sample observations
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Chapter 7

7.1  Conclusions and recommendations
The first aspect of this research work was the investigation of quality of domestic greywater from
a peri-urban community in terms of the content of biological and physico-chemical pollutants. The
aim was to understand and quantify the concentration of pollutants in domestic greywater sources
originating from kitchen, bath and laundry sources. This aspect was investigated in order to gain
in depth understanding related to domestic greywater quality and for the selection of the effective
and right water treatment methods. Based on the results, it was observed that the greywater from
kitchen, laundry and bath showed significant difference in terms of biological, physical and
chemical content. In this study, the kitchen source recorded higher pollution strength and lower
treatability characteristics than other greywater sources at p<0.05 significant level. Also, the

biodegradability of kitchen greywater was low and the BOD/COD ratio of 0.5 was obtained.

The difference in quality was also observed in greywater sources due to daily households’ social
conditions and practices. The E. coli and total coliforms in domestic greywater samples were also
recorded in this study. This confirmed the requirement of the treatment aspect on domestic
greywater in order to minimize the significance of health related risks related to domestic
greywater reuse. Based on the microbes obtained in domestic greywater, the treatment of domestic
greywater prior to reuse should also be considered in order to ensure conformity of greywater with

greywater reuse standards.

In the HRF, the filter performance through the treatment of mixed domestic greywater was also
investigated. The aim was to study the level of effectiveness of the HRF and its ability in treating
mixed domestic greywater which was operated at a low filtration rate of 0.3m/h and based on the
selected gravel media sizes within the filter compartments. The filter performance was evaluated
based on the biological, chemical and physical parameters of the greywater streams within the
HRF equipment. Based on the results related to this investigation, the removal of pollutants was
generally satisfactory within the HRF and significant removal was evident in the greywater stream

from the HRF in terms of biological and physico-chemical pollutants at a significant level of 5%.
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The physical pollutants were highly removed by the HRF. Based on the findings, an average
turbidity removal of 90% was obtained in the HRF. The removal of conductivity was also
satisfactory and a value of 86% was recorded. In addition, a value of 84% for the removal of solids
and 50-70% removal of COD were also recorded within the HRF equipment. Other experiments
were performed in a HRF for the analysis of the biological pollutants. A good removal of E. coli
and total coliforms was also obtained for the treated greywater. Also, the HRF performance in
terms of removal of some of the parameters including turbidity, conductivity, pH and microbes
was in accordance with greywater reuse standards for irrigation and toilet flushing. However,

further treatment of chemical pollutants remain necessary to make greywater fit for reuse purposes.

The aspect of design variables of the HRF was also investigated in this study based on the
DOE/RSM method in order to study and understand the multi-effect influence of design variables
on the HRF performance. The design parameters were perforated inlet baffle, filtration rate, filter
length, bed height and gravel media size. In this study, the significant variables were filtration rate,
filter length bed height and gravel media size at 5% significant level while perforated inlet baffle
was found insignificant based on the findings of the factorial design. Amongst the significant
design variables, it was observed based on Pareto chart analysis and half-probability plot that the
most significant design variable within the HRF was filtration rate compared to filtration length,
filter bed height and gravel media size.

Therefore, it was evident that right factor settings on design variables in HRF is important and is
highly necessary for the optimal performance in HRF. Based on four design variables, that is,
filtration rate, filter length, bed height and gravel media sizes, a single compartment of the filter
was optimized using RSM. Furthermore, the filtration rate, gravel media, bed height and filter
length had an effect on the overall removal of turbidity. Therefore based on this study, the selection
and use of the right design factor settings is the key step in HRF performance. The other aspect of
this work was investigated using ANN through the development of different ANN structures. This
was done in order to study the applicability and prediction accuracy of ANN following domestic
greywater treatment within the HRF equipment. For this aspect, the modelling of HRF using ANN
was carried out based on the selected ANN training parameters and different ANN structures were
developed varying from MISO to MIMO models. The ANN models that were developed include:
e ANN model to predict turbidity in HRF equipment.
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e ANN model to predict COD of domestic greywater in the outlet stream of the HRF equipment.
e The feedforward ANN model to estimate and predict filter duration of the HRF equipment.
e MIMO ANN model, based on the physico-chemical parameters, to predict multi-output

variables of domestic greywater effluent from the HRF equipment.

For the prediction of turbidity, the ANN with 4-7-1 structure was obtained using the trainlm
algorithm. The MSE obtained was below 10% with R correlation coefficients all greater than 0.9
for the training, testing, validation and all data sets. The next objective on ANN was the prediction
of COD for mixed domestic greywater from the HRF. The optimal ANN architecture obtained was
3-10-1 which was obtained with the trainlm training algorithm. Results of this ANN also showed
satisfactory low MAPE and MAE values and good R correlation coefficient values close to 1 for
the training and testing data sets. These findings showed good ability and accuracy of ANN in
predicting COD from the HRF stream.

The study also investigated the aspect of filter duration of the HRF system using ANN based on
turbidity, pH, conductivity and solids as input variables. An ANN with 4-8-2 architecture was
obtained based on the trainlm algorithm for the prediction of filter duration and turbidity. In
addition, the R correlation coefficients obtained for training, testing, validation and all data were
also satisfactory and the values were 0.99998, 0.99995, 0.99993 and 0.99997, respectively and a
value below 10% on MSE was also recorded for this optimal model. However, the filter duration
using ANN obtained was highly affected by low domestic greywater quality based on kitchen
greywater containing high pollutants. The final objective was investigated using ANN for the
prediction of multi-output variables following HRF performance. The predicted variables using
ANN were pH, COD, solids and turbidity. Form this investigation, the feedforward MIMO ANN
model recorded good accuracy in predicting these multi-output variables of domestic greywater
from the HRF. In this aspect, different models of ANN were developed by varying training
functions, neurons and combination of physico-chemical parameters and learning functions. The
optimal ANN model after training was 7-15-4. Also, the MSE value of 0.001 based on training
data was obtained and the R correlation coefficient values above 0.9 for training, test, validation
and all data sets was obtained. As for the validation of the model, the optimal ANN showed good

prediction and satisfactory accuracy when a sample with 30 data cases was presented.
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7.2 Recommendations
The research study presented in this thesis investigated and explored the option of domestic
greywater reuse through modelling of the HRF equipment for the optimization of HRF

performance. The thesis recommends:

e Characterization of the remainder of pollutants in domestic greywater for the overall
representation of domestic greywater quality while this study mainly investigated the major
physico-chemical pollutants and microbial activities which were reported in this work.

e The critical analysis of all microbes in domestic greywater for the community due to their
direct effect in human wellbeing as they can even cause infectious diseases with greywater
reuse below reuse standards.

e Further investigation on design and different types of filtering media in HRFs for the treatment
of low biodegradable domestic greywater in order to meet domestic greywater reuse standards
and overcome water shortages in peri-urban communities.

e The combination of empirical and ANN studies to study filter duration for highly polluted
domestic greywater for the optimization of HRF performance for the exploration and analysis
on cost effective operation within the HRFs.

e The development of universal ANN water quality modelling for monitoring efficiency in HRFs

within water treatment remain necessary for the flexible and instant water quality modelling.
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Appendix
Analytical procedures (Adopted from Mtsweni, 2016)

opH

This is measured using a calibrated pH meter

e Conductivity

This was measured using a calibrated conductivity meter

e Turbidity

Turbidity in water is caused by suspended and colloidal matter such as clay, silt, finely divided
organic and inorganic matter, and plankton and other microscopic organisms. Turbidity is an
expression of the optical property that causes light to be scattered and absorbed rather than
transmitted with no change in direction or flux level through sample.

Determine turbidity as soon as possible after the sample has been taken. Gently agitate all
samples before examination to ensure a representative measurement. Sample preservation is not
practical; begin analysis promptly. Refrigerate or cool 4 °C, to minimize microbiological
decomposition of solids, if storage is required. This is measured using a calibrated conductivity
meter.

e Total solids

Total solids is the term applied to the material residue left in the vessel after evaporation of a
sample and its subsequent drying in an oven at a defined temperature. The residue consists of
organic and inorganic component of the waste.
Apparatus required

e Porcelain crucibles

e Drying oven

e Analytical balance

e Desiccator
Procedure
Heat clean dish to 103-105 °C for 1 hour. Store and cool dish in desiccator until cooled (needed).
Weigh immediately before use.

Pipette 50 ml of well mixed sample to pre-weighed crucible
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Weigh crucible contained with sample and place in an oven at 103 -105°C for 24 hours.
Remove the crucible from the oven and placed in a dessicator to cool. Weigh the crucible
The total solids are therefore calculated as follows:
Total solids (mg/l) = ((A-B) x 1000)/(sample volume, ml)
A = weight of dried residue + dish, (mg)
B = weight of dish, (mg)

e Total dissolved solids
Total dissolved solids, is the portion that passes through the filter. The type of filter holder, the
pore size, porosity, area, and the thickness of the filter and the physical nature, particle size, and
the amount of material deposited on the filter are the principal factors affecting separation of
suspended from dissolved solids. Dissolved solids is the portion of solids that passes through a
filter of 2.0 micron metre (or smaller) nominal pore size under specified conditions. Suspended

solids is the portion retained on the filter.

Apparatus required
e Porcelain crucibles
e Drying oven
e Analytical balance
e Dessicator

e Vacuum filtration apparatus (glass filter attached)

Procedure

Heat clean dish to 180 °C for 1 hour. Store and cool dish in dessicator until needed. Weigh
immediately before use.

Assemble filtering apparatus and filter and begin suction. Filter about 150 ml of well mixed
sample using vacuum filtration apparatus. If volume filtered fails to meet minimum yield,
increase sample volume up to 1 L. If complete filtration takes more than 10 min, increase filter
diameter or decrease sample volume. Continue suction for about 3 min after filtration is

complete.
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Evaporate the portion that passes through the filter for 24 hours at 180 °C in an oven, cool in a

dessicator to balance temperature, and weigh.

The total dissolved solids are therefore calculated as follows:

Total dissolved solids (mg/l) = ((A-B) x 1000)/(sample volume, ml)
A = weight of dried residue + dish, (mg)

B = weight of dish (mg)

e Volatile solids
The volatile solids are required to the fraction of the total solids lost on ignition at 550 °C and

serves as a measure of the organic (oxidizable) solids present in each sample analyzed.

Apparatus required
e Porcelain crucibles
e Drying oven
e Analytical balance
e Dessicator

e Muffle furnace

Procedure

Residue from the determination of total solid is ignited in a muffle furnace at 550 °C for 20
mins. The volatile solid is therefore calculated as follows:

Total dissolved solids (mg/l) = ((A-C) x 1000)/(sample volume, (ml))

A = weight of dried residue + dish before ignition, (mg)

C = weight of residue + dish after ignition, (mg)

e Chemical oxygen demand (COD)
COD measures the oxygen equivalent of that portion of the organic matter in a sample that is
easily oxidized by a strong chemical oxidant. It is an important and rapidly measured parameter

to measure the amount of organic compounds in stream and industrial waste studies, and in
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operational control of waste water treatment plants. The sample is digested for 2 hours in a
strongly acidic dichromate solution, using silver sulphate as a catalyst and mercuric sulphate as
a masking agent to prevent chloride interference. The dichromate is partially reduced by the
oxidisable material present in the sample. The excess dichromate is titrated with ammonium

iron (11) sulphate and the COD value calculated from the amount of dichromate.

Apparatus required
e Digester unit
e Erlenmeyer flasks
e Pipettes
e 10 ml and 5 ml automatic bottle top dispensers

e Digital titrator

Reagents

Standard potassium dichromate K>CrsO7 digestion solution: 0.0167 M

Add to about 500 ml distilled water and 4.913g K>CreO7, previously dried at 105 °C for 2 hours.
Add 167 ml conc. sulphuric acid H2SO4 and 13.3 g Mercuric sulphate HgSOa.

Dissolve and cool to room temperature before diluting to 1L.

Sulphuric acid H2SO4/Silver Sulphate reagent Ag.SO4 (COD reagent)

Add 26 g of silver sulphate crystals or powder to 2.5 | of concentrated sulphuric acid using a

magnetic stirrer. Shake well and leave for 2 days for dilution.

Ferroin indicator 2 drops
Dissolve 1.485 g 1:10 phenontroline monohydrate and 0.695 g ferrous sulphate (FeSO4.7H20)
in distilled water and dilute to 100 ml.

Dissolve 39.2g Fe (NH4)2(S04)2 .6H20 in distilled water. Add 20 ml conc. sulphuric acid
H>SO4 and dilute to 1 L. Standardize daily against standard potassium dichromate K>CrsO7
digestion solution.

Standard preparation
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Add 3 ml of standard K2CrsO7 digestion solution to 5 ml of distilled water. Add 7 ml COD
reagent and cool it down. Prepare a standard K2CrsO- solution daily to correct any variation in
the concentration of the Ferrous Ammonium Sulphate. Titrate with FAS Titrant using 2 drops

of ferroin indicator.

Procedure

e Add 5 ml sample to each digester tube

e Add 5 ml distilled water to another vessel (blank)

e Add 3 ml potassium dichromate digestion solution into each vessel

e Add 7 ml sulphuric acid reagent (with silver sulphate) in each vessel
The acid must be poured down the wall of the flask while flask is tilted. If sample is too
concentrated it will turn green and a higher dilution of a sample must be used
Prepare a blank with each set of samples consisting of 5 ml distilled water in place of sample
together with all reagents and digest together with samples
Digest for 2 hrs at 150 °C

e Transfer contents from tube into 100 ml flasks for titration

e Titrate the excess dichromate in the digest mixture with standard ferrous ammonium
sulphate using 2 drops of ferroin indicator

e Titrate from a sharp green /orange to red brown end point

e Take reading.

Calculation
COD (mg/l) = ((Blank-Titration)x( molarity of FASx8000))/(sample (ml))

e Biological oxygen demand (BOD)
BOD is the amount of dissolved oxygen required by aerobic biological organisms in a body of
water to break down organic material present in a given water sample at certain temperature
over a specific time period. The BOD value is most commonly expressed in milligrams of

oxygen consumed per liter of sample during 5 days of incubation at 20 °C and is often used as
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a robust surrogate of the degree of organic pollution of water. BOD is the principle test to give

an idea of the biodegradability of any sample and strength of the waste.

Apparatus and reagents required
e BOD system
e 300 mL incubation bottles
e A nitrifying inhibitor (ATH) (N-allylthiourea)

Procedure
e Add a sample volume into the incubation bottles, this depends on the range of BOD
estimated in the collected sample.
e Add drops of ATH based on the sample size then place in the BOD system for 5 Days.
Below (Table A) is the table showing relationship between sample volume and the drops
of ATH required.

Table A: Mtsweni (2016)

Sample volume Measuring range (mg/l) ATH (drops)
428 0-40 10

360 0-80 10

244 0-200 5

157 0-400 5

94 0-800 3

56 0 - 2000 3

21.7 0 - 4000 1
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General ANN Training Script

The input and the target data is imported to Matlab Workspace and e the Command Window is used to
create the ANN.

% Import the data

X = input’;

t = target’;

% Choose the Training Function, Levenberg-Marquardt back propagation
trainFcn = 'trainlm’;

% Create a Fitting Network, different number of neurons for the hidden layer.
hiddenLayerSize = 15;

net = fitnet(hiddenLayerSize,trainFcn);

% Division of Data into 70% for Training, 15% for Validation and 15% for Testing
net.divideParam.trainRatio = 70/100;

net.divideParam.valRatio = 15/100;

net.divideParam.testRatio = 15/100;

% Training the Network

[net,tr] = train (net,x,t);

% Testing the Network (output, error, performance)

y = net(x);

e = gsubtract(t,y);

p = perform(net,t,y)

% View the Network

view(net)

% View the Error Histogram and the Regression Plot

ploterrhist(e);

plotregression(t,y);
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