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ABSTRAK

Faktor terpenting yang mempengaruhi kekurangan air di dalam dan luar negara
dan ketersediaan sumber air tawar bukan sahaja penduduk dunia yang semakin
berkembang tetapi juga peningkatan permintaan air. Dari kajian ini, tahap pencemaran
air di lembah sungai Kuantan direkodkan mengikut setiap loji rawatan air (WTP) dan
penilaian jejak air kelabu digunakan sebagai pendekatan untuk mengira jumlah air
tawar yang digunakan untuk mengasimilasi kepekatan pencemar. Oleh itu, kajian ini
bertujuan untuk mengira jejak air kelabu keseluruhan, untuk meramalkan trend
keseluruhan jejak air kelabu dan membandingkan algoritma terbaik antara Rangkaian
Neural Buatan (ANN) dan Bayesian Networks (BN) dalam ramalan jejak air kelabu di
Sungai Lembing WTP, Bukit Sagu WTP dan Bukit Ubi WTP pada tahun 2015 hingga
2017. Sebagai hasil akhir kajian ini, jumlah air kelabu di Sungai Lembing, Bukit Sagu
dan loji rawatan air Bukit Ubi di lembah sungai Kuantan dikira. Trend ramalan
keseluruhan jejak air kelabu dalam tiga loji rawatan air telah dapat dihasilkan sebagai
hasil akhir kajian. Algoritma Rangkaian Neural Buatan (ANN) juga dipilih sebagai
algoritma terbaik.



ABSTRACT

The most important factors affecting water scarcity in local and global and the
availability of fresh water resources are not only a growing world population but also an
increasing water demand. From this study, the level pollution of water in Kuantan river
basin is recorded according to each water treatment plant (WTP) and grey water
footprint assessment was used as an approach to account the total amount of freshwater
used to assimilate the pollutant’s concentration. Hence, this study is aimed to calculate
the total grey water footprint, to predict the trend of total grey water footprint and to
compare the best algorithm between Artificial Neural Network (ANN) and Bayesian
Networks (BN) in grey water footprint prediction at Sungai Lembing WTP, Bukit Sagu
WTP and Bukit Ubi WTP in 2015 until 2017. As the end result of this study, the total
grey water footprint in Sungai Lembing, Bukit Sagu and Bukit Ubi water treatment
plant in Kuantan river basin is calculated. Prediction trend of total grey water footprint
in three water treatment plants has able to be produced. Artificial Neural Network
(ANN) algorithm is also be chosen as the best algorithm.
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CHAPTER 1

INTRODUCTION

1.1  Background of Study

Water is most important substance for all living things include plants and
animals to survive on the earth. People depend on water not only for drinking but also
cooking, washing, carrying away wastes and other domestic needs. Water is an
important factor of production contributing both directly and indirectly to economic
activity across all sectors and regions of the global economy (Distefano & Kelly, 2017).
Potable water or water that is safe for drinking must be free of germs and chemicals and
be clear because water is a good carrier of disease germs. When the water becomes
non-potable or contaminated, people can get serious illnesses if they keep use this
polluted water. Diseases that produce bacteria, toxic substances and excessive amounts
of minerals and organic matter should be avoided and overcome because the water used
by the public must be clean and safe. Therefore, water purification works are very
important to ensure that all impurities and bacteria from the air are removed and make it
healthy. Water supply systems must also meet requirements for public, commercial, and
industrial activities. In all cases, the water must fulfil both quality and quantity

requirements.

Water supply system gets water from an assortment of areas after proper
treatment; including groundwater (aquifers), surface water, for example, lakes and
streams, and the ocean through desalination. Water treatment plant is the process of
converting raw water which the water is taken from the river to clean water supply to
the residence areas. Raw water is full of contaminants including bacteria, chemicals and
other toxins. Its treatment aims to reduce the contaminants to acceptable levels to make

the water safe for people to use. Therefore, water treatment plant is needed to treat raw



water. The overview of water treatment plant is first take the raw water from river and it
is treated with alum, lime, fluoride, chlorine. Then it has to undergo the process of
filtration, send to the master station and remove the sludge in the water before
distributed to the consumers.

The most important factors affecting water scarcity in local and global
availability of fresh water resources not only pollution and climate change but also a
growing world population and an increasing water demand. The increasing demand for
fresh water is the main challenge to sustain water utilization all over the world.
Freshwater represents to 2.5% of Earth’s water and is progressively threatened by
human activity and climate change (Distefano & Kelly, 2017). Water has been largely
studied by engineers in Jordan, while little research has adopted a discourse analysis
procedure to water scarcity in the country (Hussein, 2018). While the concept of water
scarcity is generally current topic, it is the difficulty of getting sources of clean water
for utilize amid a period of time and may result in encourages reduction and
disintegration of accessible water resources. The total energy and water use in China
has been clearly increasing in the last decades as China has been experiencing a

dramatic economic development (Xu, Li, & Lu, 2017).

An increasing number of studies have been carried out since in 1990s, to
quantify and to investigate the existing differences between water demand, water supply
and the geographical distance between them, the concepts of water footprint and virtual
water trade (Arto, Andreoni, & Rueda-Cantuche, 2016). The water footprint (WF) of a
product or process was introduced for the first time in 2003 and is defined as the
volume of freshwater consumed and polluted to produce a product. The water footprint
is further analysed in three parts: the blue, green and grey water footprints. The blue
WEF is an indicator of the surface water or groundwater consumption, which includes
the evaporated water, incorporated into the product, and lost return flow. The green WF
is defined as the consumption of water from precipitation that is stored in the soil and
does not run off or recharge the ground-water and thus, is available for
evapotranspiration of plants. Finally, the grey WF of a process step indicates the degree
of freshwater pollution that can be associated with the process step. The grey WF is

defined as the volume of freshwater that is required to assimilate the load of pollutants



based on natural background concentrations and existing ambient water quality
standards (A Y Hoekstra & Mekonnen, 2011).

1.2 Problem Statement

It is necessary to have a knowledge of water resource consumption and pollution
during the life cycle of energy production to reduce water consumption (Ding, Liu,
Yang, & Lu, 2018). Water treatment plants at Sungai Lembing, Bukit Sagu and Bukit
Ubi in Kuantan River Basin have enough water quantity but using ineffective long-term
the management. Inadequate infrastructure and resources will bring problems in
handling wastewater management efficiently and sustainably for the majority of cities
in developing countries (Ding et al., 2018). According (Cha, Son, Hong, An, & Part,
2017), one of measures against water depletion and degradation by human activities by
applied the efficient water management. In addition, the data for overall water which
includes rain and evaporation also is not recorded. The data are important for any

researches as this data can give a solution to any problems that comes from the water.

An increasing in demand for water and a decrease in availability and quality will
affect the freshwater scarcity and pollution will be aggravated problems in the future
(Ercin & Hoekstra, 2014). The Intergovernmental Panel on Climate Change (IPCC)
reported that unabated climate change has the potential to strongly impact freshwater
resources with wide ranging consequences for societies and ecosystems(Murray, Foster,
& Prentice, 2012).

Water Footprints can be analysed as blue, green or grey water footprints.
According to (Zhi, Yang, Yin, Hamilton, & Zhang, 2015) this sustainability analysis
should be conducted for a river basin which is the common spatial unit in water
planning process. Blue water footprints relate to the consumptive use of surface and
groundwater, whereas green water footprints refer to the use of rainwater that ends up
as runoff and does not replenish underground water supplies. Grey water footprint is an
indicator of the level of freshwater pollution associated to a stage of a particular
process. It is defined as the freshwater volume required assimilating the pollutant load,
given the natural background concentration and existing ambient water quality
standards. For this study, we will use grey water footprints as the indicator considering



the places that use to study which are Sungai Lembing, Bukit Sagu and Bukit Ubi water

treatment plants in Kuantan River Basin.

1.3 Objectives of Study

The objectives of this study are;

i) To calculate total grey water footprint in Sungai Lembing, Bukit Sagu and Bukit Ubi
water treatment plants in Kuantan River Basin for 2015 — 2017.

i) To compare the best algorithm between Artificial Neural Network and Bayesian

Networks in grey water footprint prediction.

iii) To predict the trend of total grey water footprint for Sungai Lembing, Bukit Sagu
and Bukit Ubi water treatment plants in Kuantan River Basin.

1.4 Scope of Study

In this study grey water footprint assessment will be used to asses fully water
utilization in Sungai Lembing, Bukit Sagu and Bukit Ubi water supply treatment
process. Grey water footprint calculation involves only water treatment processes from
water abstraction to final step filtration before being distributed to all consumers. The
purpose of this calculation is to determine the actual number of water used in the

process of delivering to the users.

The National Physical Plan 2005 recognized Kuantan as one of the nation's
future development focuses and a centre point for exchange, trade, transportation, and
the travel industry, attributable to its vital area on the east coast (Kozaki, Daisuke &
Idayu Binti Harun, Norhasmira & Ab. Rahim, Mohd Hasbi & Mori, Masanobu &
Nakatani, Nobutake & Tanaka, 2017). Sungai Lembing, Bukit Sagu and Bukit Ubi
water treatment plants are the areas that will used for this further study. This water
treatment plants are connected from Kuantan River Basin before the process of
distributing to all consumers. The water at this three water treatment plants will be

collected to calculate total grey water footprints.

4



Water Footprint Assessment Manual will be used to calculate the total of grey
water footprint. For grey water footprint prediction trend, the algorithms that will be
used are Artificial Neural Network (ANN) and Bayesian Networks. We choose these
two algorithms to predict the trend grey water footprint at Sungai Lembing, Bukit Sagu
and Bukit Ubi water treatment plants as many researchers use these two algorithms in
their investigations. Within this two algorithms will be compared to choose the best

algorithm for grey water footprint prediction.

1.5  Significance of Study

Waste water treatment is an addition to the natural method of water purification.
To maximize the utilization of natural resources, wastewater treatment plants are
organized and enforced. Industrial wastewater treatment plants and sewage treatment
plants are used to purify water and make it helpful again. It employed the basic
concepts and working principles of essential unit operations such as coagulation,
sedimentation, filtration and adsorption to ensure potable water for human consumption
based on WHO standard specifications (Agudosi et al., 2018). The study of the grey
water footprint for energy industry sectors is an important for the regional sustainable

water utilization.

From this study, the level of water pollution in Kuantan river basin will be
recorded as this study was using the grey water footprint as an indicator. The water
demand for the residential areas of Kuantan river basin will be known based on data

that collected during the study.

In this study, the total grey water footprint in Sungai Lembing, Bukit Sagu and
Bukit Ubi water treatment plant in Kuantan river basin will be calculated. Then,
prediction trend of total grey water footprint in three water treatment plants will be able
to be obtained. Finally, the best algorithm also will be determined between Artificial

Neural Network and Bayesian Networks.



CHAPTER 2

LITERATURE REVIEW

2.1 Introduction

‘Consumption' refers to water losses in the catchment area from the available
ground-surface water body. Losses occur when water evaporates, returns to another
catchment area or the sea or becomes part of a product (Aldaya, Chapagain, Hoekstra,
& Mekonnen, 2011). Water consumption does not mean that water disappears because
water stays within the cycle and always returns somewhere. Water is a renewable

resource, but there is a limit to its availability.

Water consumption and pollution can be related with specific activities, such as
irrigation, bathing, washing, cleaning, cooling and treatment. Total water consumption
and pollution is generally considered to be the sum of demanding and polluting
independent water activities. In the future, the facts are total water consumption and
pollution is related to what and how many communities consume and the structure of

the global economy supplying the various consumer products and services.

Almost 75% of the world freshwater is used annually for agriculture, and most
of this water returns to the atmosphere through evapotranspiration. Accordingly, an
accurate estimate of evapotranspiration in agricultural fields provides critical
information about water consumption on different scales and the productivity of crop
water. Given the current shortage of water, a better understanding of water consumption
and productivity is crucial to global food security. It helps to identify when and where
to intervene and provides information that decision - makers need to implement more

sustainable water policies.



evapotranspiration

heat to air
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\ heat to ground

Figure 2.1 The relationship between evapotranspiration and available soil moisture
provides critical information about water consumption and the productivity of crop
water.

(https://www.icarda.org/dryWire/estimating-water-consumption-rates-more-effectively)

The national consumption water footprint is defined as the total quantity of fresh
water used to produce the goods and services consumed by the people of the country.
The footprint of national water consumption can be evaluated in two ways. The bottom
- up approach is to consider the sum of all products consumed multiplied by their water
footprint. The top - down approach calculates the water footprint of national
consumption as the total utilization of domestic water resources plus the gross virtual

import of water minus the gross virtual export of water (Aldaya et al., 2011).

Water footprint assessment is an analytical tool that can help understand how
activities and products relate to water scarcity, pollution and related effects and what
can be done to ensure that activities and products do not contribute to unsustainable
freshwater use. The idea of the grey water footprint was introduced to express water
pollution as a polluted volume, so that it can be compared to the volume of water

consumption.

The detailed water footprint data provided by Hoekstra (2012) will help national
governments to understand the extent to which national consumption's water footprint


https://www.icarda.org/dryWire/estimating-water-consumption-rates-more-effectively

is. It’s related to the inefficient use of water in production and the extent to which it is
inherent in the current national consumption pattern. Hence, it helps governments
striving for more sustainable water use to prioritize production policies aimed at

improving the efficiency of water use.

One of the most important characteristics of the revised water footprint
calculation method is that it allows for a meaningful comparison of the different
products and the different stages of the life cycle of a particular product (Ridoutt &
Pfister, 2010). The relationship between water consumption and the effects of human
health can also be analysed by quantifying freshwater availability for human needs,
assessing vulnerability and estimating water scarcity-related health damages (Brown,
Matlock, & Ph, 2011).

2.2 Grey Water
2.2.1 What is Grey Water Footprint?

Water footprint (WF) is an integrated measurement indicator for total water
consumption, including green, blue and grey water (Arjen Y Hoekstra & Mekonnen,
2012). These categories include rainfall water resources, surface and groundwater fresh
water, pollution assimilation and reflect the water requirements of different human
activities. The grey element refers to the pollution of water resources and is defined as
the volume of fresh water required to dilute the pollutant load generated by a given
process so that the naturally occurring concentrations and water quality standards from

its original source remain unchanged.

Grey water footprint is the amount of fresh water needed to assimilate pollutants
in order to meet specific water quality standards (Arjen Y Hoekstra & Mekonnen,
2012). The grey water footprint considers point-source pollution discharged directly
through a pipe or indirectly through runoff or leaching from the soil, impermeable
surfaces or other diffuse sources to a freshwater resource. As an indicator of the
appropriation of water resources by pollution, it provides a tool for assessing the
sustainable, efficient and fair use of water resources (Guidelines, 2013). The application

of the GWF by companies to environmental NGOs and government institutions has



demonstrated its diverse usability as an indicator for the management of water

resources.

Although the grey water footprint can be understood as a' dilution water
requirement,’ (Aldaya et al., 2011) prefer not to use this term because it seemed to cause
confusion with some people who thought the term implies that should dilute pollutants
rather than reduce their emissions. Of course, that's not the meaning of the concept. The
grey water footprint is a pollution indicator and the better the less pollution. The
treatment of wastewater before disposal will obviously lead to a reduction in the

footprint of grey water, possibly to zero.

The Grey Water Footprint Index is an aggregate and weighted measure of the
environmental impact at catchment level of a grey water footprint. It is based on two
inputs. First, the grey water footprint of a product, consumer or producer specified by
catch and per month. The other input is the level of water pollution by catch and per
month. The index is obtained by multiplying both matrices and summing up the
resulting matrix elements. The result can be interpreted as a grey water footprint
weighed according to the level of water pollution in the areas and periods during which

the different grey water footprint components occur.

2.2.2 Previous study that have grey water footprint calculation

Refers to the pollutant resources as grey water elements, recently, the use of
grey water in the study of water related problems has been widely used by researchers
around the world. According a study by (Zhi et al., 2015), the concept of grey water
footprint (GWF) was introduced to access and to verify economic sectors’ consumption
of assimilative capacity in the Haihe River Basin, China. To evaluate the ability of a
water body to cleanse itself, the concept of assimilative capacity (AC) was developed.
This indicates its capacity to acquire wastewater or toxic materials without harmful

effects to human beings and other life forms (Zhi et al., 2015).

To explain both direct and indirect wastewater consumption of AC for all
economic sectors, a concept of grey water footprint (GWF) is introduced. An



accounting method was also provided for GWF based on the input - output analysis
(IOA) to deal with the indirect GWF connections between economic sectors. If the grey
water footprint (GWF) is smaller than the existing surface flow or groundwater flow,
there is still enough water to dilute the wastewater to an acceptable concentration under
the water quality standards (Herath et al., 2013). When the grey water footprint (GWF)
is equal to or greater than the ambient water flow, water quality will fall below the
standards (Zhi et al., 2015). The IOA model divides GWF into internal GWF (IGWF)
and external GWF (EGWF). IGWF represents the GWF of products or services
produced and consumed within a region while EGWF is the GWF contained in the
products and services exported to other regions. The sum of IGWF and EGWF, which
define as the GWF of producers, reflects the total consumption of domestic AC by local
producers (Zhi et al., 2015). The equations for GWF, IGWF and EGWF can be written

as follows:

GWF = IGWF + EGW [1]

To show the contribution of wastewater treatment rate to the GWF, with calculation
using the same method the GWF in 2007 is compared with that in an assumed scenario
(without wastewater treatment). GWF values are presented for the 17 economic sectors

and households in the Haihe River Basin.

In addition, the effect of time step on the calculation of annual Grey Water
Footprints by utilizing 30 years of daily average nitrate-nitrogen (NO3-N)
concentrations in drainage water (both leachate and runoff water derived from a
process-based model) from corn and soybean production systems has investigated in
this study (Verge, VanderZaag, Smith, Grant, & Gordon, 2017). As agricultural crop
production represents a major point and non-point source, nitrate-nitrogen (NO3-N) is
one of the key pollutants (Fuller et al., 2010). Focus on N losses is needed to study the
temporary aspects of the GW calculation. Calculations were applied to the model
outputs for daily volumes of water and NO3-N concentrations in leaching and runoff
from corn and soybean over 30 years. The grey water for leaching and runoff is
calculated separately before summed it to determine the total grey water. The total grey

water can be written as follow:
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The GW footprint varied significantly when calculated for different time
steps. The greatest annual footprint occurred when calculated daily as shortest time
step. The GW footprint for corn ranged from 2.7 x 103 m3 ha—1, or 2700 mm of water,
when estimated daily to zero for the yearly time step. For soybean it ranged from 0.5 x
103 m3 ha—1, or 500 mm of water, to zero (Vergé et al., 2017). The GW footprint

results are therefore highly dependent on the time step of calculation.

2.3 Algorithm: What is algorithm?

Algorithms play an increasingly important role in selecting what information is
considered to be the most relevant in our public life. Algorithms are essentially set of
instructions for performing a task that generates an output from a given input. The
availability of increasing computing power and data sets enables algorithms to perform
tasks of an extent and complexity that human standards cannot bear. Their results

hardly can be expected or even explained by their designers (Bogomolny, 2015).

An order is required for algorithms to work. Algorithms are designed to be
functionally automatic and to act without regular human treatment or monitoring when
triggered. This means that the information included in the database must be formalized
into data so that algorithms can automatically act on it (Gillespie, 2012). In computer
systems, an algorithm is essentially an instance of software logic written by software
developers, so that computer data can produce output from a given input. Even with old
hardware, an optimal algorithm would yield faster results than a non - optimal

algorithm for the same purpose.

Not only do these algorithms help us to find information, they also provide a
way to know what to know and how to know it, to participate in social and political
discourse and to become familiar with the public in which we participate (Gillespie,
2012). In fact, algorithms are now essential components of self-driving cars, tests for
many dieses and crime prediction frameworks, together with an increasing list of other

important applications (Bogomolny, 2015).
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The advantage of increased computer infrastructure availability is that it will
make our lives much easier. This development, however, carries potential risks for
individuals and for society as a whole. In this regard, "algocracy"” cannot be controlled
by democracy. Dealing with these problems requires the installation of a system of
social devices to protect the individual from the running code (Cities, Zambonelli,
Salim, Loke, & Meuter, 2018). Furthermore, against potentially malicious use by

individuals of the data that is collected and produced by that code.

2.3.1 How to choose algorithm to different roles

At first, it’s very important to define the problem to better solve it afterwards by
categorises the problem by inputs and outputs. For categorizes by input, if it is a data
labelled, it is a problem of supervised learning. If the purpose of finding structure is
unlabelled data, it is an unsupervised learning issue. If the solution involves optimizing
an objective function by interacting with an environment, this is a problem of
reinforcing learning. The data understanding process plays a key role in selecting the
right algorithm for the right issue. Some algorithms may work with smaller sample sets
while others require tons of samples and tons of them. Some algorithms work with

categorical data while others like numerical input.

Several potential risks of using algorithms have been identified, such as
the risks of manipulation, prejudice, censorship, social discrimination, infringements of
privacy and property rights, abuse of market power, effects on cognitive skills and
increasing heteronomy. In general, algorithmic governance is about empowering
software to decide without human supervision. In addition, according to some
algorithmically defined policies, regulate certain aspects of our daily human activities
or certain aspects of society (Cities et al., 2018). Some early examples of algorithmic
management can be found in traffic management in the area or in urban management.
The example is traffic lights, which adapt their frequency according to the traffic flow.
Next, public transport must adjust the bus schedule and routes in real time to meet the
demand for transport. In addition, energy management must automatically adjust the

price of energy depending on the immediate balance between supply and demand.

The algorithm K-Means is a non-supervised algorithm that discovers groups (or

clusters) in unlabelled data. This algorithm's principle is to select K random cluster
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centres in unlabelled data for the first time. The class of the nearest cluster centre
becomes the belonging to a group of each unlabelled data point. After each data point
has been assigned a category, a new centre within the cluster is estimated. Until
convergence, this step will be repeated.

The Twitter Trends algorithm, which informs the user of the terms "trend" in
their area at the moment, leaves the definition of " trend " unknown (Gillespie, 2012).
The criteria used to evaluate the ' trend' are described in general terms only. The speed
of a certain term upsurge, whether it has previously appeared in the Trend list, whether

it circulates within or through user clusters.

The genetic algorithm is a probabilistic method of copying 'real life," a stochastic
optimization algorithm based on natural selection and genetic law with global
optimization characteristics, strong adaptability and strong robustness (Du, Chen, Zhu,
Liu, & Zhou, 2018). It is widely used in many areas such as function optimization,
estimation of nonlinear parameters, pattern recognition and image processing. The

genetic algorithm consists of a population of people with randomly selected parameters.

The algorithm Levenberg-Marquardt (LM) is the most commonly used
optimization algorithm. It exceeds simple gradient descent and other combined gradient
methods in a wide range of issues. The LM algorithm is convergent locally, however,

and the iterative difference occurs when the initial assumption is poor (Du et al., 2018).

2.4 Artificial Neural Network (ANN)
241 Whatis ANN?

An artificial neural network is a mathematical construction corresponding to the
human brain patterns (Safa, Arkebauer, Zhu, Suyker, & Irmak, 2018). The neuron is the
smallest computation unit of an ANN. The structure of an artificial neuron is inspired
by biological neurons. Furthermore, ANNs have been presented to the user as a kind of
‘black box’ who’s extremely complex work transforms inputs into predetermined

outputs. Most efforts in the broad field of ANN research have focused on developing
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new learning rules, improving the network architecture and expanding into new fields
of ANN applications (Naderpour, Hossein, & Fakharian, 2018).

An ANN begins with a training phase in which it learns to recognize patterns in
data, whether visually, aurally or textually. During this supervised phase, the network
compares its actual output with what it was supposed to produce, in other words, the
output desired. The difference between the two results is adjusted by back-propagation.
This means that the network works backwards from the output unit to the input units to
adjust the weight of its connections between the units to the point where the difference

between the actual and the desired outcome results in the lowest possible error.

The most popular and simple ANN architecture is the feed-forward multi-layer
perceptron (MLP), which is represented by different neuron layers; one input layer, one
or more hidden layers and one output layer (Ascione, Bianco, Stasio, Maria, & Peter,
2017). The input layer receives data or independent variables from the outside, while
the output layer provides the outcomes or objective functions of the ANN. A network
may have one or more hidden intermediate layers between these two layers. The
number of such layers should be selected correctly because too many hidden layers lead
to an over-fitting model and insufficient layers can impede the robustness and reliability

of the learning process.

Input Hidden Output
layer layer layer

XYL X Q q - Output

Figure 2.2 The different neuron layers

Input #1

Input #2

Input #3

Input #4

Source: http://www.texample.net/tikz/examples/neural-network/
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The weights on connections between layers are adjusted during the learning
process of an ANN in the same way as the processing of the human brain; where
synapses are strengthened or weakened (Teixeira Janior et al., 2015). Based on Figure
above, the first layer of the ANN is the input layer, the only one that is exposed to input
variables. This layer transmits the values of the input variables to the hidden layer
neurons so that they can extract the relevant characteristics or patterns of the input
signals and transmit the results to the output layer. Empirically, the definition of the

number of neurons in each layer is carried out.

put Forward Phase aupast
pattern calculation

ajutsted < Backward Phase error
weights

Figure 2.3 The phase of back propagation algorithm.
http://www.scielo.br/scielo.php?script=sci_arttext&pid=S010174382015000100073

The main training algorithm is called back propagation, the fit of which weights
occurs through a two-phase optimization process that is forward and backward. In the
forward phase, a response is calculated for a given input pattern provided by the
network. In the backward phase, to adjust the weights of the connections, the deviation
(error) between the desired response (target) and the response provided by the ANN is

used.

An ANN has several advantages, but the fact that it can learn from observing
data sets is one of the most recognized. ANN is thus used as a random functional

approach tool. These tool types help to estimate the most cost - effective and ideal ways
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to reach solutions while defining computer functions or distributions. ANN takes data
samples instead of complete data sets to come up with solutions that save time and
money. ANNSs are considered relatively simple mathematical models to improve
existing technologies for data analysis. The advantage of this method is its
multidimensional nonlinear mapping capability of the outputs compared to the classical
techniques of polynomial regression (Sezer, 2011). It will help scientists understand
better the productivity of crops, the hydrological cycle and its effects on the climate
(Safa et al., 2018).

2.4.2 Previous study that used ANN Application

A study by Naderpour (2018) aims to predict recycled aggregate concrete
(RAC) compressive strength by using Artificial Neural Network (ANN). The
experimental results on the compressive strength indicated that recycled aggregate (RA)
with good quality can be used as an alternative for natural aggregate (NA) to produce
concrete with mechanical properties comparable to those made with NA (Duan & Poon,
2014).

The existing tests documented in RAC literature that compiled has used as
database in the study to investigate the relationship between different variables on the
resulting compressive strength. A new model based on ANN therefore is developed and
presented herein. The selected database consists of 139 test results containing results
from important test programs which have been carried out in recent years. Back-
propagation is a method used in artificial neural networks in which a gradient is
calculated that is needed in the calculation of the weights to be used in the network.
Generally neural network consist of three layers, input, hidden and output layer. Each
layer consists of neurons and layers are interconnected by sets of correlation weights,

which enable the network to process the data (Naderpour et al., 2018).

For the study, the Milne method was only applied to the connection weights in
the network, as training set data was used to calculate the sensitivity analysis and the
weight importance. The results of sensitivity analyses show that NN6-7 - 3 and NN6-
18-3 are the best performing networks. For this study, the NN6-18-1 is selected to

preserve the main objective of a single output node that predicts the concrete
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compressive strength. It reveals good results in the case of R-values and has the
smallest MSE among all networks investigated. It is concluded that the ANN method is

capable of high accuracy predictions for RAC compressive strength.

Ascione (2017) has studied and proposed a new approach using artificial neural
networks (ANNSs) to predict the consumption of primary energy and the thermal
comfort of the occupants for any member of a building class. The results show a very
satisfactory reliability of ANNSs, as the values of relative errors and regression
coefficients obtained are comparable to those obtained in previous studies on the use of
ANNs to forecast energy performance in the building industry. It is stressed that the
proposed methodology can give substantial support to rigorous approaches to building
energy retrofit planning, such as cost-optimal analysis or optimization of building

performance.

Based on Giwa (2016) study, the integration of electrochemical treatment and
MBR for medium strength municipal wastewater treatment in Abu Dhabi (UAE) has
been demonstrated. The integrated setup consisting of a pair of aluminium anode and
another pair of stainless steel cathode inserted with MF membrane in a submerged
MBR was able to enhance the reduction of concentrations of wastewater contaminants.
Due to the initial mixed liquor compositions, an ensemble model based on artificial
neural networks (ANNSs) was used to model the experimental findings of chemical
oxygen demand (COD), orthophosphates and ammonium removal. The components
investigated in this study were chemical oxygen demand (COD), orthophosphates and

ammonium.
2.4.3 What is Bayesian Networks?

Introduced by Pearl in the 1980s, Bayesian networks (BNs) are powerful tools
for representing, manipulating and reasoning beliefs about the real world ((Igen &
Ersel, 2019). In order to obtain a comprehensible representation of the joint probability
distribution, Bayesian networks (BNs) combine graph and probability theories (Wang
& Liu, 2018). In particular, a BN consists of a directed acyclic graph representing the
dependent relationship between variables and a numerical section specifying the

distribution of conditional probability for each variable (Wang & Liu, 2018).
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In Bayesian networks, the learning task can be grouped into two subtasks:
structural learning and estimation of parameters. The first subtask is to identify a
network's best topology, and the second subtask is to learn the parameters that define a
given network topology's conditional probability distribution (Wang & Liu, 2018).

Let G = (X, E) be a directed acyclic graph (DAG), where X = (xq, x5, ..., xp,) IS
the set of nodes representing the system random variables, E = {e;;} is the set of edges
representing the direct dependence relationships between variables. If there is a directed
edge from node x; to node x;, we say x; is a parent of x;. Pa(x;) is defined as the set
containing the parents of x; in the graph. Let P be a joint probability distribution of
random variables in set V. If (G, P) satisfies the Markov condition, then (G, P) is called
a Bayesian network (BN). Together with the graph structure, the joint probability
distribution of the domain can be decomposed into a product of local conditional
probability distributions according to Equation, and each conditional probability

distribution involves a node and its parents only.

P(xy, %2, . %) = [Ii=1 P(xi|Pa(x;)) [2]

Figure 2.4 Bayesian network structure
https://stke.sciencemag.org/content/2005/281/pl4.full
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Figure above is an example of a simple Bayesian network structure. This
network structure implies several conditional independence statements: (A L E), (B L
DIAE), (C L AD,EIB), (D 1L B,C,E|A), and (E L A,D). The joint distribution has the
product form P(A,B,C,D,E) = P(A)P(E)P(BIA,E)P(CIB)P(DIA).

2.4.4 Previous study that used Bayesian Networks

A Bayesian networks is a strong probabilistic inference model and it consists of
two main parts. First part is a graphical structure specifying a set of relationships of
dependence and independence between its variables. Another part is a set of
distributions of conditional probability quantifying the strengths of the relationships
(Jackson & Mosleh, 2016).

The problem of the trader is the simpler scenario, which initially led (Bendtsen
& Pefia, 2016) to define GBNs. The fact that the restrictions on buying and selling
places must be captured by the model and those individual BNs cannot encode these
restrictions. Assume that a trader wants to buy shares of a company if it is believed that
the share price will increase if this company has a positive economic climate. If the
trader owns the company's shares, the trader wants to sell the shares if he believes that
the share price will decrease if this company has a negative economic climate. The
problem of the trader is to decide when to move between the two phases of the purchase
and sale of shares so that it benefits the trader. The general problem solved by portfolio
building, such as the universal portfolio or the portfolio of Markowitz, is the allocation
of resources to several assets. Therefore, the problem for the study is a little different,
because it only considers one asset. The need to switch between different BNs was the
basis for the probabilistic graphic model that called gated Bayesian Networks (GBNS).

The scenario can be modelled using the gated Bayesian Network (GBN).

A gated Bayesian Network is a probabilistic graphic model that combines
several Bayesian Networks with objects called gates to model processes with different
phases (Bendtsen & Pefia, 2016). These gates allow the different BNs to be activated
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and deactivated in the model. Inference is conducted in the currently active BNs and

therefore they participate in the current phase.

The results show that GBNs have consistently reduced the risk with
similar or better rewards than the benchmark buy-and-hold, while remaining out of the
market for considerable time. The study also discussed how GBNSs differ from other
existing frameworks, in particular how GBNs do not solve the expected problem of
utility maximization, but rather encode a strategy for dealing with a series of evidence,
where the strategy is optimized in relation to a certain score.

Next, based on a study by (Wang & Liu, 2018) a novel binary encoding water
cycle algorithm is proposed for the first time to address the Bayesian network structures
learning problem. In this study, the sea, rivers and streams correspond to the candidate
Bayesian network structures. Three heuristic algorithms (BEWCA- BN, BNC-PSO and
ABC-B) are capable of finding near-optimal structures. The results show that the
BEWCA-BN algorithm is able to identify optimal or near-optimal networks with high
k2 scores and small differences in structure.

In addition, (igen & Ersel, 2019) propose an approach that incorporates the
advantages of fuzzy events and fuzzy probabilities, as they have not been used together
before in the literature for Bayesian Networks. Icen (2019) intend to demonstrate that
this approach can be used to achieve more interpretable outcomes for real-life issues
and better represent uncertainty. In addition, more effective use can be made of detailed
information in the data. Due to the widespread use of FBNs in various fields such as
fault detection, performance testing and safety risk analysis, various fuzzy approaches

for BNs are still substantial.

Consequently, the combination of data information and expert opinion is
inherent in the BNs. The approach proposed allows us to gain better knowledge from
these two sources of information. With Buckley's method-based calculation of fuzzy
conditional probabilities with confidence intervals, more detailed information that is
buried within the data is revealed instead of a point estimate or just a single interval
estimate. In addition, expert opinions are integrated with the interval arithmetic into the
fuzzy probabilities by using fuzzy events to better express real-life situations. In a

broader perspective, this leads to consideration of BNS.
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CHAPTER 3

METHODOLOGY

3.1 Introduction

Water footprint (WF) is an integrated measurement indicator for total water
consumption, including green, blue and grey water (Hoekstra & Mekonnen, 2012). The
grey element refers to the pollution of water resources and grey water footprint is
defined as the volume of fresh water required to dilute the pollutant load. Grey water
footprint calculation involved in three Water Treatment Plants which are Sungai
Lembing WTP, Bukit Sagu WTP and Bukit Ubi WTP. Grey water footprint scope of
calculations only involved water treatment processes from water abstraction to final
step filtration before being distributed to all consumers. The purpose of this calculation
is to determine the actual number of freshwater used in the process of delivering water
supply to consumer. This water treatment plants are abstracting water from Kuantan
River Basin before undergo a series of in-line processes. The water quality data at this

three water treatment plants was collected to calculate total grey water footprints.

Algorithms are essentially set of instructions for performing a task which
produces an output from a given input. As in this case, two algorithms will be used,;
Artificial Neural Network and Bayesian Networks. ANNs are widely used in non-linear
modelling applications because, given sufficient examples, they can primarily model
any non-linear function as long as the optimal number of hidden neurons is used along
with appropriate training algorithms (Giwa et al., 2016). Bayesian networks combine
graph and probability theories to obtain a comprehensible representation of the joint
probability distribution. Bayesian networks have been seen as one of the best way to
represent causal knowledge and used in reasoning and decision making tasks in

uncertain domains.
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In this study, the calculation of total grey water footprint and prediction of the
trend will used WEKA software and two algorithms which are Artificial Neural
Network and Bayesian Networks. The Water Assessment Manual that introduced by
Aldaya (2011) will be used to calculate grey water footprint and all formula will be

extracted from here.

For prediction, all accounted grey water footprint data will be inserted in
WEKA software system. The result from WEKA software will be analysed by graph
and the calculation will be using Microsoft Excel to help as an aid of calculating
various and many data. The departments that involved in data collection process are
Ministry of Health (MOH), Jabatan Pengairan dan Saliran (JPS) Pahang, Pengurusan
Air Pahang Berhad (PAIP) and Water Treatment Plant of Sungai Lembing, Bukit Sagu
and Bukit Ubi.
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3.2

Flow Chart

Start

Preliminary Study

- Background of study, problem statement, identify objectives and
scope, significance of study, literature review

7

Grey WF- Water quality data of WTPs will be collected from 2015-
2017. The particular water quality data is during water intake and
treated water.

Predict grey water footprint account for each WTPs and the trend
of total total grey water footprint using Artificial Neural
Network.

To compare the algorithms that will be used in
ANN and choose the best algorithms.

Properly compile all data analysis and organise
discussion for each objective.

Make a conclusion whether the study meet
the objectives or not

Completion of study

Figure 3.1 Flow chart of Methodology
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3.3  Study Area

Kuantan River Basin is in the district of Kuantan at the north eastern end of
Pahang State in Peninsular Malaysia. It is one of the most important river basins in
Pahang and covers a catchment area of 1630 km2 that started from the forest reserved
area of Mukim Ulu Kuantan through agricultural areas, the city of Kuantan (Pahang

state capital) to the South China Sea.

Kuantan River basin which is in Kuantan District area has six administrative
mukims (small district). In terms of land use, the main types of land use in this district
are forest and agriculture that cover approximately 56% and 32% respectively, from the
whole area of Kuantan District. The majority of forest areas are in the west or upstream
of the Kuantan district. In addition, in Sungai Lembing, on the upstream or low sub-
basin area there is an ex- tin mining land. The mining activity began in 1906 and came

to an end in 1986 because of the economic recession.

Sungai Lembing Water Treatment Plant supplies treated water for Sungai
Lembing and Panching Utara area. Sungai Lembing WTP is located at 3.9337132,
103.0501850. Sungai Lembing WTP is the smallest WTP and supply only to small area

population.

Bukit Sagu Water Treatment Plant is located at 3.9111174, 103.1666351,
Kampung Kuala Reman, Bukit Goh. Bukit Sagu WTP is sufficient for the bauxite
mining industry in the region. In addition to the Panching and Semambu water
treatment plants, the Bukit Sagu water treatment plant only provides water to a small

area of Felda Bukit Sagu.

Bukit Ubi water treatment plant covers the treated water supply to the Kuala
Kuantan commercial area only. Located at 3.8325003, 103.2606332 in the centre of the

municipality of Permatang Temesu.
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34 Data Collection

During this study, many departments has involved for the data collection process. Table

3.1 shows the list of department as well as the data involved in the present study.

Table 3.1 List of Department and data involved in the study
DEPARTMENT DATA
Pengurusan Air Pahang Berhad (PAIP) Design plan of WTP
WTP Intake water and backwash value
Jabatan Pengairan dan Saliran (JPS) Pahang Rainfall intensity
Malaysian Meteorological Department (MMD) Temperature
Ministry of Heath Water Quality Data
3.5  Site Visit

Water treatment plants in Sungai Lembing, Bukit Sagu and Bukit Ubi are the
process of converting raw water from Kuantan River to clean water supply to the
residence of Pahang. Through the site visit, be able to have a better understanding about
the whole process of water treatment plant. The main difference will be the experience
gained. During the site visit, be able to see how the water treatment plant actually works
and knowing the awareness about the real working environment and the technical skills.
All the processes of the water treatment plant are perfectly blend between each other in
order to produce quality water to the residence of Pahang. From the site visit data water
intake and backwash value, design plan of water treatment plants and information about

surrounding area also can be collected.
3.6  Water Supply Treatment Process Identification for WTP

Almost all water sources in the world were contaminated by a variety of
physical, chemical and biological parameters, particularly in the industry. The
disturbance of clean water and the presence of biological pathogens that are harmful
and cannot be removed by boiling it is the reason why water treatment processes need

to provide quality water for all uses.
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The first step in surface water purification is screening to remove large debris,
such as sticks, leaves, trash and other large particles, which may interfere with
subsequent cleaning steps. It is necessary to screening for protection of pump, valves,
pipe lines, impellers.

After screening, the water is aerated by passing through a series of steps in order
to obtain oxygen from the air. This helps to expel soluble gasses such as carbon dioxide
and hydrogen sulphide which are acidic that making water less corrosive. Aeration also
helps to remove any gaseous organic compounds that could give the water an
undesirable taste. Aeration also removes iron or manganese in its insoluble form by
oxidation of these substances. Pre-chlorination kills algae and bacteria for long period
of contact time. This stage also reduces colour and odour problem and reduces slime

formation.

Chemicals called a coagulant with a positive charge are added to the water. The
positive charge of these chemicals neutralizes the negative charge of dirt and other
dissolved particles in the water. The coagulation chemicals are added in a rapid mix
tank, which usually has rotating paddles. When this happens, the particles bind and
form larger particles called flocs. Luminium sulphate and ferrous chloride are the most

common coagulants used.

Once large flocs are formed, they must be settled, and this takes place in a
sedimentation process. During sedimentation, the floc settles down due to its weight to
the bottom of the water supply. The coagulation and flocculation water is stored for
several hours in the tank for sedimentation. Sludge is the material accumulated in the

bottom of the tank; it is removed for disposal.

Once the flocs has settled down to the bottom of the water supply, the clear
water above passes through filters of varying compositions such as sand, gravel and
charcoal and pore sizes to remove dissolved particles such as dust, parasites, bacteria,
viruses and chemicals. To clean the filter, water is quickly passed through the filter in
the opposite direction to the normal direction called back flushing or backwashing to

remove embedded parts. In this process, clean water and air are pumped up the filter to
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dislodge the trapped impurities, and if there is one, the water carrying the dirt is
pumped into the sewerage system. Alternatively, it can be discharged back into the

source river to remove solids after a settlement stage in a sedimentation tank.

Water is disinfected to remove any pathogenic micro- organisms that remain.
Once the water has been filtered, a disinfectant can be added to kill any remaining
parasites, bacteria and viruses and to protect the water from germs when it is
transported to homes and businesses. Chlorine and chloramine are common
disinfectants. This stays in the water through the distribution system and protects it

from any microorganisms that can enter it until the water reaches the consumers.

Screening

Aeration and Pre-chlorination

Coagulation and Flocculation

Sedimentation

Filtration

Chlorination

Figure 3.2 Flow chart of water supply treatment process

3.7  Water Footprint Accounting

The grey water footprint is calculated by dividing the pollutant load by the
difference between the ambient water quality standard for that pollutant and its natural
concentration in the receiving water body. Load of pollutant can be calculated by

multiplied flow by concentration of pollutant and coefficient; 86.4. Concentration of

27



nature can be calculated by subtracting concentration of pollutant in water intake by

concentration of pollutant in treated water.

L

WFgpey = [3]

Cmax_ Cnat

Where;
WEFy.., = grey water footprint (volume/time)
L = load pollutant (mass/time)
Cmax = maximum acceptable concentration (mass/time)
Cha: = natural concentration (mass/time)

Load of pollutant, L = flow X concentration of pollutant X 86.4

Chat =
conc.of pollutant in water intake — conc.of pollutant in treated water

Grey water footprint calculations are performed using ambient water quality
standards for the receiving body of freshwater, in other words, standards for maximum
permissible concentrations. The reason for this is that the grey water footprint aims to
show the required ambient water volume to absorb chemicals. Ambient water quality
standards are a specific category of standards for water quality. Other types of standards
include water quality standards for drinking water, irrigation quality standards and
emission or effluent standards. The ambient water quality standard for a particular

substance may vary from one water body to another.
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According a study by (Wickramasinghe, Navaratne, & Dias, 2018), the Grey
Water Footprint accounting was mainly based on equation adopted from the standard
methods given in the Water Footprint Assessment Manual. In general, GWF
(volume/time) is calculated through an indirect approach, namely by using an estimate
of the leaching coefficient, consistently with the tier 1 method (Allocca, Marzano,
Tramontano, & Celico, 2018).

3.8  Pre Processing

In water treatment plants it is required to replace the missing values of the water
quality and quantity data to gain knowledge in the system and also to manage the water
resources effectively. To use existing operational data as an input to a process
simulation model, the missing data should be replaced. In order to provide a more
accurate design proposal and system performance, a reasonable and reliable prediction
of missing data is very important in determining the correct variability of water

treatment plant data.

For pre-processing, the data is arranged based on input and output. For inputs
data in this study are total coliform, E-coli, Ammonia, Iron (Fe*), COD and BOD while
the output data is total grey water footprint. Missing data is needed to treat before
inserted in software. In this study, missing data is treated by using Mean, Median and
Mode Method. In the imputation method of mean, median and mode, all missing values
in a particular column are replaced with the mean, median and mode calculated using
all available values in that column. It is possible to use appropriate functions in Excel to
calculate the mean, median and mode by simply plugging the column range into the

function input.

Mean or known as average is the sum of all column values divided by the
number of column values. In Excel, the AVERAGE function can be used to compute
the mean. Median is the “middle” value amongst the range of values. In Excel,
MEDIAN function can be used to compute the median. Mode is the value that occurs
the most often in the range of values. In Excel, to compute the mode, the MODE
function can be used. In addition,, Last Observation Carried Forward (LOCF) is also

used for treating missing data. LOCF is a longitudinal data analysis technique. This is a
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crude method where a missing value is filled in from the previous stages for a particular

row with a value available.

Then, the data can be cleaned by removing the outliers. Outliers are data values
that differ significantly from most data sets. These values fall outside of an overall trend
in the data. Some difficulty is caused by careful examination of a set of data to look for
outliers. However, there are likely to be outliers in any given sample, and it is important

to avoid focusing on outliers as opposed to the trends presented overall by the data.

On the other hand, normalise the data. Data normalization is a process where
data attributes are organized within a data model to increase entity type’s cohesion. In
other words, the objective of data normalization is to reduce data redundancy and even
eliminate it. Normalization usually means to scale a variable to have a value between 0
and 1. For grey water footprint prediction, value for water intake, water discharge and
load of pollutants are needed to normalise in range O between 1 as the data sets have

different in ranges and values.
3.9  Prediction of Grey Water Footprint

WEKA is a landmark system in the history of data mining and machine learning
research communities, because it is the only toolkit that has been adopted so widely and
has survived for a long time (Science, 2017). The WEKA is an endemic bird from New
Zealand. "WEKA" stands for the Waikato Environment for Knowledge Analysis,
developed at Waikato University in New Zealand. WEKA is extensible and has become
a collection of machine learning algorithms to solve data mining problems in the real

world. It is free software licensed under the GNU General Public License.

WEKA is a collection of algorithms for the learning of data mining. The
algorithms can either be directly applied to a dataset or be called by Java Code. WEKA
includes data pre- processing, classification, regression, clustering, and rules of
association and visualization tools. It is also suitable for developing new learning
systems for machines. WEKA is used for research, education, and applications. The
tool collects a wide range of data pre- processing tools, learning algorithms and
evaluation methods, graphical user interfaces including data visualization and the

learning algorithms comparison environment. WEKA is useful for a variety of methods
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and industries in data mining. The application enables users to identify hidden database
systems, user- friendly interfaces and visualization files (Salah, Mocanu, & Florea,
2014).

There are three major implemented schemes in WEKA which are implemented
schemes for classification, implemented schemes for numeric prediction and
implemented "meta- schemes”. WEKA is easy to use and can be used on multiple
levels. The WEKA class library can be accessed from Java's own program and new

machines learning algorithms are implemented.

After the total of grey water footprint is calculated, all the data will tabulated
using Microsoft Excel. The Excel converted into Common Separated Value (CSV)
format will be able to be inserted in WEKA software. For prediction of grey water
footprint, all accounted grey water footprint data will be inserted in WEKA software.
WEKA software is chosen for prediction because it easy to handle and user-friendly. In
addition, the software is free to install and has many algorithms compared to MATLAB

software.

3.10 The Best Algorithm for prediction

The Atrtificial Neural Network (ANN) and Bayesian Networks algorithms will
be used as training algorithm for prediction. The data in WEKA software will trend
until get the lowest Root Mean Square Error (RMSE). The lower of value RMSE, the
lower the error in RMSE is. The best algorithm between Bayesian Networks and ANN
can be determined by using the graph of trend. Trend of predicted should be slightly the
same with the current data. This is because there are no significant changes in five years

interval especially in term of development.
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CHAPTER 4

RESULTS AND DISCUSSION

4.1 Introduction

The purpose of this chapter is to analyse and discuss the result obtained from the
study based on three objectives given. The result data will include the total of grey
water footprint, the trend prediction of total grey water footprint and the comparison to
choose the best algorithm between Bayesian Networks (BN) and Aritificial Neural
Network (ANN) in grey water footprint prediction for Sungai Lembing WTP, Bukit
Sagu WTP and Bukit Ubi WTP in 2015 until 2017.

4.2  Grey Water Footprint Accounting

In water treatment process at Sungai Lembing, Bukit Sagu and Bukit Ubi WTP,
grey water footprint calculations involve only from water abstraction to final step
filtration before being distributed to all consumers. For the input parameters that
considered were total coliform, E-coli, Ammonia, Fe?, COD and BOD because the
frequency of data availability. Due to the value that can be calculated as meter cubic,
among important parameters that not being calculated in this study was turbidity. This
is due to the nature of turbidity is measured by using NTU and cannot be assimilated by
clean water. From the result data that obtained from the study, the high value of total
grey WF is due to high value of concentration Ammonia and Fe?. The lowest value of
total grey WF is also due to the lowest value of concentration in Ammonia and Fe2.
Hence, value of total grey WF is depends on value of concentration in Ammonia and
Fe2.

The high concentration in Ammonia affected total WFGrey could result from

fertilization in agriculture, but also from defecation of humans or animals. Its presence
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in groundwater may be associated with geological factors such as the decay of
fossilizing material, but if associated with microbiological compounds, it may also be

associated with sewers and livestock farms (Miglietta et al.,2017).

4.2.1 Total Grey Water Footprint for Sungai Lembing Water Treatment Plant

Table 4.1 Total Grey WF in 2015 at Sungai Lembing WTP

MONTH ot E.Coli Ammonia  Fe? CcoD BOD  Total Grey
coliform
JAN 0.000532106 0.011155 27.88169 0.549887 0.058655 0.543098 29.04501501
FEB 0.000910897 0.005406 25.18346 0.378824 0.183672 1.020401 26.77267484
MAR 0.000739882 0.003903 0.110441 0.363183 0.183503 1.01946 1.681230058
APR 0.000863353 0.07791 3.366535 4.224281 0.183167 1.017593 8.87034922
MAY  0.002658577 1.203767 188.075 105.2276 0.181436 0.503989 295.1944184
JUN 0.000949331 0.010854 0.284492 2.473703 1.784039 0.550629 5.104666178
JuL 0.000654599 0.184775 1745102 335.4729 0.380107 1.055852 511.6045131

AUG 0.001049413 0.003442 2.148022 4.311642 0.38504 1.069555 7.918750737
SEPT 0.002269695 0.03003 1.241958 4.908897 0.313258 0.474633 6.971045818
OCT 0.000599588 0.156527 93.41504 157.9153 0.3867 1.074168 252.9483101
NOV 0.001197617 0.007099 0.636569 2.319118 0.376709 1.046415 4.387107945
DEC 0.000931942 0.011304 0.009139 1.624413 0.131598 0.548325 2.325710795
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Figure 4.1 Total WFGrey in 2015 at Sg. Lembing WTP

From Table 4.1, in January and February the value of total WFgrey were
29.04501501m3/s and 26.77267484m3/s respectively. In March the value was
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1.681230058m?3/s April 8.87034922m?3/s. 295.1944184m?3/s,
5.104666178m3/s, 511.6045131m3/s were the value of total WFgrey in May, June and
July. For August, September and October, the values were 7.918750737 m?3/s,
6.971045818m3/s and 252.9483101m3/s respectively. While for November and
December, the values were 4.387107945m3/s and 2.325710795m3/s. The highest value
of total WFgrey for Sg Lembing WTP was in July 2015; 511.6045131m3/s while the

and in was

lowest value was in March, 1.681230058m?3/s. The highest and lowest value of total
WHFgrey was due to the highest and lowest concentration of Ammonia and Fe2. The
high concentration of ammonia was because of using herbicides and pesticides in
agriculture sector. The Figure shows that there was increasing value in May, July and

October due to pollutants that happens during that month.

Table 4.2 Total Grey WF in 2016 at Sungai Lembing WTP
Total . .
MONTH . E.Coli Ammonia Fe2 COD BOD Total Grey
coliform
JAN 0.001270314 0.004108 0.74317 0.706501 0.057674 0.534015 2.046738007
FEB 0.001656161 0.011794 26.08287 0.577692 0.224036 0.533418 27.4314666
MAR 0.003019473 0.009715 27.88169 0.83203 0.262928 0.576597 29.56597997
APR 0.00280435 0.014607 26.98228 0.721195 0.160637 0.557769 28.43929189
MAY 0.001215537 0.01718  45.3989 62.36478 0.375279 0.539194 108.6965443
JUN 0.002226713 0.036223 26.98228 1.090658 0.377098 0.541807 29.03029256
JUL 0.002442309 0.285782 10.23686 63.98286 0.347874 0.568422 75.42424318
AUG 0.003857587 0.011305 27.88169 1.114303 0.438414 1.107107 30.55667613
SEPT 0.000978703 0.02922 26.98228 1.322981 0.156604 0.543765 29.03582837
OCT 0.004161897 3.785121 12.93061 66.4141 0.415519 0.57711 84.12661727
NOV 0.000860655 0.005464 0.827766 1.561747 0.174741 0.520062 3.090640221
DEC 0.000604963 0.00215 1.021119 2.770786 2.137602 1.619395 7.551657155
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Figure 4.2 Total WFGrey in 2016 at Sg. Lembing WTP

From table above, in January and February the value of total WFgrey were
2.046738007m3/s and 27.4314666m?3/s respectively. In March the value was
29.56597997m3/s and in  April was 28.43929189m3/s.  108.6965443m?%/s,
29.03029256m3/s, 75.42424318m?3/s were the value of total WFgrey in May, June and
July. For August, September and October, the values were 30.55667613m3/s,
29.03582837m3/s and 84.12661727m3/s respectively. While for November and
December, the values were 3.090640221m3/s and 7.551657155m3/s. The highest value
of total WFgrey for 2016 was in May with 108.6965443m3/s due to high value
concentration of Ammonia and Fe? with 45.3989m3/s and 62.36478m?3/s respectively.
The lowest value of total WFgrey was in January, 2.046738007m3/s due to low
concentration in Ammonia and Fe?. The high concentration of Fe? was due to the
bauxite mining activities that happen near the river while the concentration Ammonia
was due to high agriculture activities. The graph shows that there was increasing value

in May, July and October during that year. The graph was quite not uniform.
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Table 4.3

Total Grey WF in 2017 at Sungai Lembing WTP

MONTH ot E.Coli Ammonia  Fe? COD  BOD  Total Grey
coliform
JAN 0.000488753 0.005421 0.732508 1.71145 0.05755 0532868 3.0402861
FEB 0.001212014 0.005639 0.754820 1510823 0.287614 0.479357  3.0394653
MAR  0.000838439 0.013522 0.888269 055788 0.318252 0.53042  2.3091830
APR 0.001711494 0.071922 26.98228 1.48694 0.116556 0.922731  29.582144
MAY  0.002002282 0553989 126.5118 46.1482 0.393646 1.038789  174.64844
JUN 0.000381454 0.073887 26.98228 1.254786 0.39594 1.099835  29.582144
JUL 0.00062076 0.454749 10.33426 72.0961 0.061697 0.976862  83.924290
AUG  0.001698895 0.003704 0.208557 0.765315 0.300542 0.439389  1.7192058
SEPT  0.00226353 0.003826 0.037407 2.300821 0.246529 1.002149  3.5929956
ocT 0.001510858 0.002206 40.09113 1385815 0.357033 0.770136 179.80348
NOV ~  0.001185699 0.002911 0.826998 1.615708 0.345516 0.745292 3.5376117
DEC 0.000443047  0.00403  0.588275 0.723552 0.065689 0.54741  1.9294006
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Figure 4.3 Total WFGrey in 2017 at Sg. Lembing WTP

From the table, in January and February the value of total WFgrey were
3.0402861m3/s and 3.0394653m3/s respectively. In March the value was 2.3091830m3/s
and in April was 29.582144m3/s. The values of total WFgrey were 174.64844m?3/s,
29.582144m3/s, 83.924290m3/s in May, June and July. For August, September and
October, the values were 1.7192058m3/s, 3.5929956m3/s and 179.80348m?3/s
respectively. While for November and December, the values were 3.5376117m3/s and
1.9294006m3/s. The value, 179.8034797 m3/s of total WFgrey in October was the
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highest value while the value, 1.71920586m?3/s was the lowest value of total WFgrey in

2016. This high and low value of total WFgrey was affected by the value concentration

of Ammonia and Fe2.

The concentration of Ammonia may cause by the high

concentration of herbicides and pesticides that used in agriculture area nearby the river.

The graph in Figure 4.3 was not uniform as there was a sharp rise and drop in the value

of total WFgrey in 2017 year.

Table 4.4 Total Grey WF in three years at Sungai Lembing WTP

MONTH 2015 2016 2017
JAN 29.04501501 2.04674 3.040286095
FEB 26.77267484 27.4315 3.039465254
MAR 1.681230058 29.566 2.309182988
APR 8.87034922  28.4393 29.58214402

MAY 295.1944184 108.697 174.6484402
JUN 5.104666178 29.0303 29.80710991
JUL 511.6045131 75.4242 83.92428991

AUG 7.918750737 30.5567 1.719205786
SEPT 6.971045818 29.0358 3.592995619
OCT 252.9483101 84.1266 179.8034797
NOV 4387107945 3.09064 3.537611699
DEC 2.325710795 7.55166 1.929400579
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Figure 4.4 Total WFGrey in 2015 - 2017 at Sg. Lembing WTP
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From Figure 4.4, in 2015, the highest value of total grey water footprint was in
July, 511.6045131 m3/s and also the highest value among three years due to high of
concentration in ammonia and Fe?. The lowest value of total grey WF was in March
2015 which 1.681230058m?3/s due to low concentration in ammonia and Fe?. The
graphs for all years were not uniform as there were sharply increase and decrease in the

total of WFgrey.
4.2.2 Total Grey Water Footprint for Bukit Sagu Water Treatment Plant

Table 4.5 Total Grey WF in 2015 at Bukit Sagu WTP

MONTH T_otal E.Coli Ammonia Fe2 COD BOD Total Grey

coliform |
JAN 0.000908052 0.005978 21.67376828 1.754529 0.745091 0.611867 24.79214228
FEB 0.000528653 0.003994 19.57630683 2.175979 0.2408 0.501667 22.49927512
MAR 0.000597878 0.001876 0.754118056 0.723744 0.201098 0.837909 2.519343136
APR 0.000364607 0.014797 0.152800926 1.084341 0.130972 0.218287 1.601562628
MAY 0.002065605 0.404199 10.25875496 92.30301 0.463063 0.551265 103.9823604
JUN 0.002193742 0.159375 20.97461447 1.872798 1.133372 0.497093 24.63944592
JUL 0.003641473 0.483953 42.60885417 343.6182 0.454482 1.26245 388.4315648
AUG 0.003101186 0.015973 21.67376828 5.105693 0.352539 0.979275 28.13034969
SEP 0.004008399 0.05257 20.97461447 2.639894 0.479111 0.415895 24.56609284
OCT 0.005786499 9.582182 12.77714616 187.9307 0.352982 1.470757 212.1195771
NOV 0.005586878 0.121443 1.204461017 2.700627 0.542007 1.505576 6.079702306
DEC 0.004066122 0.020865 21.67376828 2.431338  0.98325 0.630289 25.74357677_
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Figure 4.5 Total WFGrey in 2015 at Bukit Sagu WTP
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From Table 4.5, in January and February the value of total WFgrey were
24.79214228m3/s and 22.49927512m3/s respectively. In March the value was
2.519343136m3/s and in April was 1.601562628m?3/s. The values of total WFgrey were
103.9823604m?3/s, 24.63944592m3/s, 388.4315648m3/s in May, June and July. For
August, September and October, the values were 28.13034969m3/s, 24.56609284m3/s
and 212.1195771m3/s respectively. While for November and December, the values
were 6.079702306m?3/s and 25.74357677m3/s. The value 388.4315648m3/s was the
highest value of total WFgrey in July 2015 while 1.601562628m?3/s was the lowest
value of total WFgrey in April 2015. The different value of total WFrey was depends on
concentration of Ammonia and Fe?. The graph in Figure 4.5 was not uniform as there
was a dramatic rise and drop in July and August. The high value of total WFgrey was

depends on high concentration of Ammonia and Fe? that high in pollutants in that

month.
Table 4.6 Total Grey WF in 2016 at Bukit Sagu WTP
Total . .
Month . E.Coli Ammonia Fe? COD BOD Total Grey
coliform
JAN 0.001907987 0.006341 2.150257137 2.723824 0.704937 0.743605 6.330872557
FEB 0.001565113 0.008055 1.062992012 2.396542 0.222338 0.71262 4.404111733

MAR 0.001085524 0.006521 21.67376828 1.219759 0.066432 0.615108 23.5826737
APR 0.002005459 0.044042 20.97461447 2.395139 0.368129 0.766935 24.55086494
MAY 0.004668472 3.822526 10.04422259 82.60779  0.42834 0.759468 97.6670198

JUN 0.002064106 0.024743 20.97461447 1.674785 0.48736 0.688362 23.8519288
JUL 0.00247221 2.412126 15.55277005 111.8069 1.497473 0.656786 131.9284894
AUG 0.0024346 0.009853 0.709782373 4.236656 1.143593 1.191243 7.293562593

SEPT 0.001460807 0.036999 20.97461447 5.424616 2.20714 0.634235 29.27906567
OCT 0.002218957 0.097415 42.53228877 167.7434 0.505398 0.701941 211.5826921
NOV 0.003892604 0.013389 20.97461447 41.97825 1.534577 0.639407 65.1441311
DEC 0.00445011 0.015832 2.814318988 2.455684 1.438299 1.410097 8.138681596
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Figure 4.6 Total WFGrey in 2016 at Bukit Sagu WTP

From the table above, in January and February the value of total WFgrey were
6.330872557m3/s and 4.404111733m3/s respectively. In March the value was
23.5826737m?3/s and in April was 24.55086494m3/s. The values of total WFgrey were
97.6670198m?3/s, 23.8519288m3/s, 131.9284894m?3/s in May, June and July. For August,
September and October, the values were 7.293562593m?3/s, 29.27906567m3/s and
211.5826921m3/s respectively. While for November and December, the values were
65.1441311m?3/s and 8.138681596m3/s. The highest value of total WFgrey in 2016 at
Bukit Sagu WTP is 211.582692m?3/s in October due to high value of concentration in
Ammonia and Fe?, 42.53228877m3/s and 167.7434m?3/s respectively. For the lowest
value of total WFgrey is in February which is 4.404111733m3/s. The high concentration
of Ammonia was produced by bacteria in water and soil as an end product of plant and
animal waste decomposition. The graph is not uniform as there was an increasing value

of total WFgrey in May, July and October in the year.
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Table 4.7

Total Grey WF in 2016 at Bukit Sagu WTP

Month T.O tal E.Coli Ammonia Fe? COD BOD Total Grey
coliform

JAN 0.003212033 0.00415 0.670344237 5.40715 1.155466 0.687777 7.928100536

FEB 0.001294139 0.001786 0.10328588 1.86389 0.141931 1.123619 3.235805871

MAR  0.002630299 0.020356 0.245047538 4.88703 0.753484 0.654066 6.562614051

APR 0.002927732 0.037305 4.168369698 2.711598 0.159437 1.262206 8.341842777

MAY 0.002193677 0.035416 210.1236138 116.6624 0.958279 1.37934 329.1612278

JUN 0.003662547 0.029061 20.97461447 3.612091 0.403452 0.672421 25.69530173

JUL 0.004228956 0.023608 61.48767881 201.7915 2.258826 1.375567 266.9414345

AUG 0.002687827 0.013995 21.67376828 3.17324 1.391601 0.682157 26.93744906

SEPT 0.005146865 0.118211 20.97461447 3.813533 0.499686 0.71794 26.12913112

OCT 0.007479607 0.023585 45.26924989 111.7977 0.745091 0.844999 158.6880814

NOV 0.004653155 0.056792 4.088696166 3.265229 0.721056 0.817741 8.954167485

DEC 0.004706832 0.016919 1.751464568 3.615867 0.471483 0.654838 6.51527948
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Figure 4.7

Total WFGrey in 2017 at Bukit Sagu WTP

From Table 4.7, for 2017, the value of total WFgrey in January and February

were 7.928100536m3/s and 3.235805871m3/s respectively. In March the value was
6.562614051m?/s and in April was 8.341842777md/s. The values of total WFgrey were
329.1612278m3/s, 25.69530173m?3/s, 266.9414345m3/s in May, June and July. For
August, September and October, the values were 26.93744906m?3/s, 26.12913112m?3/s
and 158.6880814m3/s respectively. While for November and December, the values
were 8.954167485m3/s and 6.51527948m3/s. The value 329.1612278m?3/s was the
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highest value of total WFgrey in May 2017 while 3.235805871m3/s was the lowest
value of total WFgrey in February 2017. The high and low value of total WFrey was
depends on concentration of Ammonia and Fe2. The high concentration of Fe? was due
to bauxite mining activities that occur at the nearby river. The graph in Figure 4.7 was

not uniform as there was a dramatic rise and drop in May and June.

Table 4.8 Total Grey WF in three years at Bukit Sagu WTP
MONTH 2015 2016 2017
JAN 24.79214228 6.330872557 7.928100536
FEB 22.49927512 4.404111733 3.235805871
MAR 2.519343136 23.5826737 6.562614051
APR 1.601562628 24.55086494 8.341842777
MAY 103.9823604 97.6670198 329.1612278
JUN 24.63944592  23.8519288 25.69530173
JUL 388.4315648 131.9284894 266.9414345
AUG 28.13034969 7.293562593 26.93744906
SEP 2456609284 29.27906567 26.12913112
OCT 212.1195771 211.5826921 158.6880814
NOV 6.079702306 65.1441311 8.954167485
DEC 25.74357677 8.138681596 6.51527948
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Figure 4.8 Total WFGrey in 2015 - 2017 at Bukit Sagu WTP

From Figure 4.8, the graph shows that there has been a slight increase and the

highest value of total grey WF which 388.4315648m3/s in July 2015. The highest value

42




of total grey WF was affected by high of concentration in Ammonia and Fe?. In July

2015 was the highest value of total WFgrey among the three years. In 2015, the lowest

value of total grey WF was 1.601562628m?3/s on April due to low concentration of

Ammonia and Fe?. In April 2015 also was the lowest value of total WFgrey among

three years. The graphs for all years were not uniform as there were dramatically

declined in the value of total WFgrey.

4.2.3 Total Grey Water Footprint for Bukit Ubi Water Treatment Plant

Table 4.9 Total Grey WF in 2015 at Bukit Ubi WTP
Total . .
Month . E.Coli  Ammonia Fe2 COD BOD Total Grey
coliform
JAN 0.0016704 0.03924 5.538181 5.64557 2.66045 6.33442 20.2195248
FEB 0.000982 0.00247 5.002228 6.79129 1.12538 6.25204 19.1743804
MAR 0.0001491 0.00198 5.538181 8.07773 1.64818 6.86737 22.1335911
APR 0.009747 0.00614  5.35953 12.2574 1.60206 3.33762 22.5637221
MAY 0.0045078 0.15908 553817 10.4709 2.4787 6.88529 22.5366688
JUN 0.002124 0.00759 0.83694 3.96405 3.65208 3.04341 11.5061989
JUL 0.0010076 0.00695 3.434831 29.0843 2.30054 6.3904 41.2180596
AUG 0.0030142  0.0164 5.538181 19.653 2.40138 6.67049 34.2824402
SEPT 0.007002 0.05433 1.40541 9.85902 0.62778 2.75343 14.706969
OCT 0.0208305 0.01312 5.538181 14.0572 0.71467 5.65787 25.9918435
NOV 0.0048616 0.01439 3.91263 9.03507 1.84131 4.10625 18.914507
DEC 0.002855 0.00801 3.511835 9.69231 1.19691 2.90135 17.3132629
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Total WFgrey in 2015 at Bukit Ubi WTP
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Figure 4.9 Total WFGrey in 2015 at Bukit Ubi WTP

From Table 4.9, the value of total WFgrey in January and February were
20.2195248m3/s and 19.1743804m?3/s respectively. In March the value was
22.1335911m?3/s and in April was 22.5637221m3/s. The values of total WFgrey were
22.5366688m?3/s, 11.5061989m3/s, 41.2180596m?3/s in May, June and July. For August,
September and October, the values were 34.2824402m?3/s, 14.706969m3/s and
25.9918435m?/s respectively. While for November and December, the values were
18.914507md/s and 17.3132629m3/s. The highest value of total WFgrey for Bukit Ubi
WTP was in July 2015 which is 41.2180596m?3/s while the lowest value was in June,
11.5061989 m?3/s. The highest and lowest value of total WFgrey was due to the highest
and lowest concentration of Ammonia and Fe2.2. The high concentration of ammonia
was because of using herbicides and pesticides in agriculture sector. The high
concentration of Fe2 was due to the bauxite mining activities that happen near the river.
The figure shows that there was sharp rise value in July from the drop value in June due

to different concentration of pollutant in that month.
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Table 4.10

Total Grey WF in 2016 at Bukit Ubi WTP

Month T_otal E.Coli  Ammonia Fe? COD BOD  Total Grey
coliform
JAN 0.0029427 0.0151447 10.519385 4.786431 0.692664 2.886286 18.9028534
FEB 0.0023189 0.0067826 12.396543 5.456379 1.680579 5.386692 24.9292945
MAR 0.0005337 0.0024677 5.538181 7.533031 1.515497 6.314824 20.9045344
APR 0.0006491 0.0021708 5.35953 5.85558 0.98232 2.72883 14.9290799
MAY 0.0020789 0.0086314 5.538181 9.811686 1.214983 2.736525 19.3120853
JUN 0.0012602 0.0118152 5.35953 9.11292 2.26845 2.5206 19.2745754
JUL 0.0019302 0.0074942 5.538181 12.92173 1.539522 2.618384 22.6272414
AUG 0.0071567 0.012936 2.235069 12.5537 1.901664 5.560625 22.2711487
SEPT 0.00309 0.0065866 535953 6.82011 8.36973 2.40522 22.9642666
OCT 0.013833 0.38513 5.538181 9.286701 2.880365 2.526748 20.630958
NOV 0.0191648  0.046829 5.35953 9.23883 3.11469 2.35971 20.1387538
DEC 0.0023796 0.013337 5.538181 7.529745 4.225827 8.804155 26.1136246
Total WFgrey in 2016 at Bukit Ubi WTP
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Figure 4.10

Total WFGrey in 2016 at Bukit Ubi WTP

From the table above, the value of total WFgrey in January and February were

18.9028534m3/s and 24.9292945m?3/s

respectively.

In March the value was

20.9045344m?3/s and in April was 14.9290799m?3/s. The values of total WFgrey were
19.3120853m?/s, 19.2745754m?3/s, 22.6272414m3/s in May, June and July. For August,
September and October, the values were 22.2711487md/s, 22.9642666m3/s and
20.630958m3/s respectively. While for November and December, the values were
20.1387538m?/s and 26.1136246m3/s. The highest value of total WFgrey in 2016 was in
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December with 26.1136246m3/s due to high value concentration of COD and BOD
which 4.225827m3/s and 8.804155m3/s respectively. The lowest value of total WFgrey

was in April, 14.9290799m3/s due to low concentration in COD. The graph shows that

there was steady decrease in value of May and the graph was seems like uniform.

Table 4.11  Total Grey WF in 2017 at Bukit Ubi WTP

Total . .
Month . E.Coli  Ammonia Fe? COD BOD Total Grey

coliform
JAN 0.0050618 0.01336 5.538181 9.80518 3.10403 2.5867  21.0525148
FEB 0.0083177 0.0508 5.002228 9.36824 2.09121 4.35669  20.8774857
MAR 0.0037224 0.01656 2.051549 8.38082 2.64287 2.53149  15.6270164
APR 0.004373 0.0299 11.42229 9.30681 1.95327 5.42574 28.142386
MAY 0.0025568 0.01684 2.929097 16.6464 3.79849 5.01189  28.4052898
JUN 0.0061655 0.06722 5.35953 10.4874 1.44213 3.00444  20.3668805
JUL 0.005718 0.04882 5.538181 11.1226 0.70423 5.57504 22.994566
AUG 0.005289 0.02477 5.538181 10.4775 1.6435 2.40275 20.091992
SEP 0.007002 0.05433 1.40541 9.85902 0.62778 2.75343 14.706969
OCT 0.0108305 0.01312 5.538181 14.0572 0.71467 5.65787  25.9918435
NOV 0.0048616 0.01439 3.91263 9.03507 1.84131 4.10625 18.914507
DEC 0.002855 0.00801 3.511835 9.69231 1.19691 2.90135  17.3132629

30

Total WFgrey in 2017 at Bukit Ubi WTP

25

20

15

10

—_— /

/\
\/ ~

JAN

FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC

21.0525148m?3/s and 20.8774857m?3/s

Figure 411  Total WFGrey in 2017 at Bukit Ubi WTP

From Table 4.11, the value of total WFgrey in January and February were

respectively. In  March the value was
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15.6270164m3/s and in April was 28.142386m?3/s. The values of total WFgrey were
28.4052898m?3/s, 20.3668805m3/s, 22.994566m3/s in May, June and July. For August,
September and October, the values were 20.091992m3/s, 14.706969m?3/s and
25.9918435m?/s respectively. While for November and December, the values were
18.914507m3/s and 17.3132629m3/s. The value 28.4052898m?3/s was the highest value
of total WFgrey in May 2017 while 14.706969m3/s was the lowest value of total
WHFgrey in September 2017. The high and low value of total WFrey was depends on
concentration of Fe2. The highest and lowest value of total WFgrey was due to the
highest and lowest concentration of Ammonia and Fe2. The high concentration of
ammonia was because of using herbicides and pesticides in agriculture sector. The
graph in Figure 4.11 was not uniform as there was a dramatic drop in March and
September and rise in April and October.

Table 4.12  Total Grey WF in three years at Bukit Ubi WTP
MONTH 2015 2016 2017

JAN 21.05251 18.90285 21.05251
FEB 20.87749 24.92929 20.87749
MAR 22.13359 20.90453 15.62702
APR 22.56372 14.92908 28.14239
MAY 25.53667 19.31209 28.40529
JUN 11.5062 19.27458 20.36688
JUL 41.21806 22.62724 22.99457
AUG 34.28244 22.27115 20.09199
SEP 14.70697 22.96427 14.70697

OCT 25.99184 20.63096 25.99184
NOV 18.91451 20.13875 18.91451
DEC 17.31326 26.11362 17.31326
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Figure 412  Total WFGrey in 2015 - 2017 at Bukit Ubi WTP

From Figure 4.12, for 2015, the graph shows that there has a sharp increase in
value of total grey WF in July, 41.21806 m?3/s, from the lowest value of total grey WF
in June, 11.5062 m3/s. The value of total WFgrey in July 2015 was the highest value
between among three years. The lowest value of total WFgrey was 11.5062m3/s which

in June 2015 and the lowest value among three years.
4.3  The Best Algorithm in Grey Water Footprint Prediction

4.3.1 Sungai Lembing Water Treatment Plant

1U%% U.Ual .U U.Uls

Result list {right-click for options)

U T TR T T TR WO TITAy =TT ST e P oTT T === Evaluation on training set ===
01:13:46 - functions MultilayerPerceptron

01:14:03 - functions.MultilayerPerceptron h
01:14:37 - functions.MultilayerPerceptron

Time taken to test model on training data: 1.23 seconds

=== 5 ===
01:14:53 - functions MultilayerPerceptron e

01:15:10 - functions.MultilayerPerceptron Correlation coefficisent 1
01:15:30 - functions.MultilayerPerceptron Mean absolute error 0.013

01:15:49 - functions. MultilayerPerceptron

oot mean squared error

01:16:07 - functions MultilayerPerceptron Belative absolute error 0.5301 2
i ===
01:16:33 - functions MultilayerPerceptron Root relatlve squared errox 0.3888 2
. i Total Number of Instances 1094
01:16:49 - functions.MultilayerPerceptron |y S

Figure 4.13

RMSE value after training process using ANN
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Table 4.13  Values of RMSE with the hidden neurons by using ANN Algorithm

Hidden Hidden

Neuron RMSE Neuron RMSE
1 0.0225 11 0.0023
2 0.0029 12 0.0032
3 0.0027 13 0.0017
4 0.0028 14 0.0047
5 0.0021 15 0.0068
6 0.0022 16 0.0064
7 0.0020 17 0.0062
8 0.0016 18 0.0057
9 0.0021 19 0.0052

10 0.0018 20 0.0130

Result list {right-click for options)

) Time taken to test model on training data: 2.61 seconds
U437 - TUMCHans MUNTayerFerceptran |

01:14:53 - functions.MultilayerPerceptron === Summary ===
01:15:10 - functions.MultilayerPerceptron
01:15:30 - functions.MultilayerPerceptron Correctly Classified Inatances 1061 96.8066 %
01:15:49 - functions.MultilayerPerceptron Incorrectly Classified Instances i3 3.1934 %
01:16:07 - functions.MultilayerPerceptron Kappa statistic 0.9678

Mean absclute error 0.0009

01:16:33 - functions.MultilayerPerceptron ezt Temm comreed mmEn

01:16:49 - functions.MultilayerPerceptron Belative ab3olute error 7. 8632 %
01:17:09 - functions.MultilayerPerceptron Root relative squared error 24.2538 3%
01:22:14 - functions.MultilayerPerceptron Total Humber of Instances 1096

01:34:16 - bayes BayesMet <\ o

Figure 4.14  RMSE value after training process using BN

Figure 4.13 and 4.14 show the result after training process using Artificial
Neural Network (ANN) and Bayesian Networks algorithm. From the figure above,
ANN produced the RMSE value was 0.0199 and BN produced RMSE value which
0.0184. The lowest RMSE value indicates the least error that algorithm made.
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4.3.2 Bukit Sagu Water Treatment Plant

LUJO J.£11 ULl u.uug

Result list {right-click for options)

A2TTe - [ B === Evaluation on training set ===
15:42:33 - functions. MultilayerPerceptron
15:42:51 - functions MultilayerPerceptron
15:43:11 - functions. MultilayerPerceptron

Time taken to test model on training data: 1.3 seconds

=== Summary ===
15:43:26 - functions MultilayerPerceptron
15:43:42 - functions. MultilayerPerceptron Correlation coefficient 1
15:44:01 - functions MultilayerPerceptron Mean abaolute error 0.0073
15:44:17 - functions. MultilayerPerceptron Root mean squared error 0.0103
1 2

15:44:37 - functions MultilayerPerceptran Relative absolute error 0-3068 %
15:4819 - funcii Multi p " Boot relative squared error 0.3277 %

<4813 -lunclions. lulliayer-erceptran | Total Number of Instances 1098

15:48:46 - functions MultilayerPerceptron | ¥ S

Figure 4.15 RMSE value after training process using ANN

Table 4.14  Values of RMSE with the hidden neurons by using ANN Algorithm

Hidden RMSE Hidden RMSE

Neuron Neuron
1 0.0961 11 0.0151
2 0.0425 12 0.0150
3 0.0195 13 0.0164
4 0.0145 14 0.0195
5 0.0169 15 0.0173
6 0.0151 16 0.0172
7 0.0137 17 0.0196
8 0.0175 18 0.0189
9 0.0172 19 0.0123
10 0.0165 20 0.0103

Result list (right-click for options)

Time taken to test model on training data: 2.56 seconds

L .. - LIV

15:43:42 - functions MultilayerPerceptron : === Summary ===

15:44:01 - functions. MultilayerPerceptron

15.44.17 - functions.MultilayerPerceptron Correctly 21'3331:_#_# Inatances 1080 967133 =
Incorrectly Classified Instances 36 3.2847 %

15:44:37 - functions MultilayerPerceptron Kappa statistic 0.a9569

15:48:19 - functions. MultilayerPerceptron Mean absolute error 0.0009

15:48:46 - functions. MultilayerPerceptron Root mean squared error

15:49:06 - functions. MultilayerPerceptron Relative absclute error 7.7423 %

15:49:27 - functions. MultilayerPerceptron Root relative squared error 24.0403 %

15:52-14 - functions MultilayerPerce ptran Total Number of Instances 10se

15:54:21 - bayes Bayeshet BN J

Figure 4.16 = RMSE value after training process using BN
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Figure 4.15 and 4.16 show the result after training process using Artificial
Neural Network (ANN) and Bayesian Networks algorithm. From the figure above,
ANN produced the RMSE value was 0.0103 while BN produced RMSE value was
0.0184. Based on the result, due to the lowest RMSE value, ANN has been chosen as

the best algorithm compared to Bayesian Networks algorithm.

4.3.3 Bukit Ubi Water Treatment Plant

TIME CEREIl LU0 Ceob Iodel O CLElllIg datds Il oo ooids

Result list (right-click for options)

To2d:08 - funchions MuftilayerHerceptron | === Summary ===

15:28:26 - functions MultilayerPerceptron

15:28:39 - functions MultilayerPerceptron Correlation coeificient L
Mean absolute error 0.0012

Root mean squared error 0.001&
15:29:26 - functions MultilayerPerceptron Relative absolute error 0.1858 %

15:29:43 - functions MultilayerPerceptron Root relative aguared error 0.1093 %
15:29:58 - functions MultilayerPerceptron Total Number of Instances 1096

15:30:32 - functions MultilayerPerceptron
15:30:52 - functions MultilayerPerceptron

15:28:55 - functions MultilayerPerceptron

Figure 417  RMSE value after training process using ANN

Table 415  Values of RMSE with the hidden neurons by using ANN Algorithm

Hidden Hidden
Neuron RMSE Neuron RMSE
1 0.0225 11 0.0023
2 0.0029 12 0.0032
3 0.0027 13 0.0017
4 0.0028 14 0.0047
5 0.0021 15 0.0068
6 0.0022 16 0.0064
7 0.0020 17 0.0062
8 0.0016 18 0.0057
9 0.0021 19 0.0052
10 0.0018 20 0.0130
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Result list {right-click for options)

; : === S'mearir ===
18:29:26 - functions. MultilayerPerceptron £
. P s Ea o T
15:209:43 - functions.MultilayerPerceptron Correctly “15331'?'2_:_1 Inatances 105€ 96.53328 %
e . ) Incorrectly Classified Instances 38 3.4672 %
15:29:58 - functions MultilayerPerceptron Kappa statistic 0. 9651
15:30:32 - functions MultilayerPerceptron Mean absolute error 0.000%

15:30:52 - functions MultilayerPerceptron Root mean squared error

15:31:08 - functions MultilayerPerceptron Relative absclute error 7.8227 %

15:31:44 - functions MultilayerPerceptron Root relative squared error 24.4621 %
Total Number of Instances 1056

15:34:29 - functions. MultilayerPerceptron

15:37.05 - bayes.BayesMet L 2k /
Figure 418 RMSE value after training process using BN

Figure 4.17 and 4.18 show the result after training process using Artificial
Neural Network (ANN) and Bayesian Networks algorithm. From the figure above,
ANN produced the RMSE value which 0.0016 and BN produced RMSE value was
0.0187. Based on the result, due to the lowest RMSE value, ANN has been chosen as

the best algorithm compared to Bayesian Networks algorithm.

In order to determine the best algorithm between Artificial Neural Network
(ANN) and Bayesian Networks (BN), the results from total of grey WF was trained
accordingly to produce the grey water footprint trend. The algorithm with the lowest
value of Root Mean Square Error (RMSE) was indicated as the least error and was

chosen as best algorithm.

For Sungai Lembing WTP, ANN algorithm RMSE value was 0.0199 while for
Bayesian Networks algorithm RMSE value was 0.0184. For Bukit Sagu WTP, value
RMSE of ANN algorithm, 0.0103 was the least value compared to Bayesian Networks
which 0.0184. For Bukit Ubi WTP, the value RMSE for ANN algorithm was 0.0016
while for Bayesian Networks algorithm was 0.0187. The best algorithm was Artificial

Neural Network as the lowest value of RMSE indicates as the least error.
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4.4  Prediction of Grey Water Footprint
4.4.1 Sungai Lembing Water Treatment Plants

4.4.1.1 Artificial Neural Network (ANN) Algorithm

< | Neural Network - =

;
.:«fr' 7
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t 1;‘ ’

Total Grey
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[Pee Learning Rate = 032
Mum Of Epochs  &0O0
Accept | Error per Epoch = 0.0000118 ™

Figure 4.19  Number of hidden layers for ANN in WEKA software

Figure above illustrates ten numbers of hidden layers when performing training
to the data sets using ANN algorithm. The inputs to the network were total coliform, E-
coli, Ammonia, Iron (Fe?), COD and BOD parameters. The total grey water footprint
was set as the outputs of the network. The number of neurons in the hidden layer was
varied from one to twenty, based on trial and error during the training process and the
optimum number obtained is ten. To construct the predicted trend, the lowest value of

RMSE produced by the training has been chosen.
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Table 4.16  Values of RMSE with the hidden neurons by using ANN Algorithm

Hidden RMSE Hidden RMSE
Neuron Neuron

1 0.1258 11 0.0202

2 0.0389 12 0.0212

3 0.0317 13 0.0212

4 0.0273 14 0.0227

5 0.0225 15 0.0212

6 0.0212 16 0.0220

7 0.0204 17 0.0209

8 0.0214 18 0.0249

9 0.0207 19 0.0238

10 0.0199 20 0.0222

Referring to Table 4.13, the lowest RMSE value was obtained from training
process and the training sets with 10 neurons have been chosen to predict the total
WHFgrey. Because of the adjustable hidden neurons, the ANN algorithm can be trained

several times.

1094 0.082 0.074 0.012
Result list (right-click for options) !
T T 2 T RIS Wy ST SToe PO [ === Evaluation on training set ===
01:13:46 - functions.MultilayerPerceptron
01:14:03 - functions MultilayerPerceptron Time taken to test model on training data: 1.23 seconds
01:14:37 - functions.MultilayerPerceptron
=== 3 ;===

01:14:53 - functions . MultilayerPerceptron e
01:15:10 - functions.MultilayerPerceptron Correlation coefficient 1
01:15:30 - functions MultilayerP erceptron Mean absoclute error 0.013
01:15:49 - functions.MultilayerPerceptron [Root mean squared error
01:16:07 - functions.MultilayerPerceptron Relative absclute error 0.5801 % D
01:16:33 - functions MultilayerPerceptron Root relative squared error 0.3888 %

. ) Total Mumber of Instances 1096 i
01:16:49 - functions MultilayerPerceptron |y < K j— s

Figure 420 RMSE value after training using ANN

Figure above shows the result after the WFgrey data sets undergoes the training.
The hidden layer that been set to 10 gives the smallest value of RMSE which is 0.0199.
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Table 4.17  Analysis of actual and predicted value by using ANN
Month Actual (m3/s)  Predicted (m?3/s)

Jan-15 29.053 29.141
Feb-15 26.768 26.346
Mar-15 1.674 5.991
Apr-15 8.864 11.841
May-15 295.203 296.544
Jun-15 5.106 9.363
Jul-15 511.608 499.180
Aug-15 7.909 11.205
Sep-15 6.966 10.186
Oct-15 252.951 257.783
Nov-15 4.385 7.997
Dec-15 2.333 6.760
Jan-16 2.046 6.360
Feb-16 27.434 27.102
Mar-16 29.566 28.746
Apr-16 28.440 27.677
May-16 108.694 105.444
Jun-16 29.032 28.475
Jul-16 75.430 73.448
Aug-16 30.551 29.036
Sep-16 29.040 28.888
Oct-16 84.128 80.087
Nov-16 3.091 7.265
Dec-16 7.564 11.168
Jan-17 3.044 7.496
Feb-17 3.036 6.800
Mar-17 2.308 6.786
Apr-17 29.578 28.847
May-17 174.645 169.167
Jun-17 29.800 29.488
Jul-17 83.922 82.170
Aug-17 1.714 6.060
Sep-17 3.600 6.968
Oct-17 179.800 181.043
Nov-17 3.540 7.440
Dec-17 1.922 6.546
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Grey Water Footprint Prediction Trend for Sg. Lembing
WTP using Artificial Neural Network
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Figure 4.21  WHFgrey trend at Sungai Lembing WTP using ANN

Figure above reveals the actual and predicted values of WFgrey trend at Sg.
Lembing WTP after go through training using ANN algorithm. The actual values of
WFgrey in 2015 until 2017 were 1152.820md/s, 455.016m3/s and 516.909m3/s
respectively. The predicted value for next three years; 2018, 2019 and 2020 were
1172.337m?3/s, 453.696m?3/s and 538.811m?3/s respectively. The value for 2015 and 2017
were increase in 1.69% and 4.24% while for 2016 was decrease in 0.29%. The value of
actual and predicted has differences due to pollution. This is because the pollution will

need more water to assimilate the pollutants.

4.4.1.2 Bayesian Networks (BN) Algorithm

Result list (right-click for options)
Time taken to test model on training data: 2.61 seconds
. X Bl
01:14:53 - functions MultilayerPerceptron ——= Summary =—=
01:15:10 - functions.MultilayerPerceptron
01:15:30 - functions MultilayerPerceptron Correctly Classified Instances 1081 96.8066 % )
01:15:49 - functions MultilayerPerceptron Incorrectly Classified Instances 35 3.1934 %
01:16:07 - functions. MultilayerPerceptron Happa statistic 0.9678
e X K Mean absolute error 0.0009
01:16:33 - functions. MultilayerPerceptron Gant Temm somnTE Sna
01:16:49 - functions. MultilayerPerceptron Relative absolute error 7.8632 %
01:17:09 - functions.MultilayerPerceptron Root relative squared error 24.2538 %
01:22:14 - functions.MultilayerPerceptran Total Number of Instances 1096 ';,
01:34:16 - bayes. BayesMet LS L e
Status
oK Log w X

Figure 4.22  Result after the training using Bayesian Networks
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Figure above shows the result after training process of WFgrey data with a
RMSE value is 0.0184.

Table 4.18  Analysis of actual and predicted value by using BN

Month  Actual (m3/s) Predicted (m?/s)

Jan-15 29.045006 29.045006
Feb-15 26.77252 26.77252
Mar-15 1.681227 1.681227
Apr-15 8.870346 8.802776
May-15 295.19428 295.19428
Jun-15 5.104662 5.101308
Jul-15 511.525 511.525
Aug-15 7.918753 7.918753
Sep-15 6.971043 6.971037
Oct-15 252.94821 252.94821
Nov-15 4.387112 4.387112
Dec-15 2.325709 2.327518
Jan-16 2.046734 2.046734
Feb-16 27.431466 27.432483
Mar-16 29.56583 29.56583
Apr-16 28.439291 28.439291
May-16 108.69641 108.69641
Jun-16 29.03008 29.03008
Jul-16 75.42415 75.42415
Aug-16 30.55556 30.55556
Sep-16 29.03566 29.03566
Oct-16 84.12651 84.12651
Nov-16 3.090636 3.089646
Dec-16 7.551658 7.551634
Jan-17 3.04029 3.039901
Feb-17 3.039456 3.039434
Mar-17 2.309188 2.309188
Apr-17 29.58202 29.58202
May-17 174.64835 174.64835
Jun-17 29.807 29.807
Jul-17 83.92414 83.92414
Aug-17 1.719208 1.719208
Sep-17 3.593 3.593252
Oct-17 179.80329 179.80329
Nov-17 3.537616 3.537352
Dec-17 1.929405 1.929405
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Grey Water Footprint Prediction Trend for Sg. Lembing
WTP using Bayesian Networks
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Figure 4.23  WFgrey trend at Sungai Lembing WTP using Bayesian Networks

Figure above reveals the actual and predicted values of WFgrey trend at Sg.
Lembing WTP after go through training using Bayesian Networks algorithm. The actual
values of WFgrey in 2015 until 2017 were 1152.744m3/s, 454.994m?3/s and 516.933m?3/s
respectively. The predicted value for next three years; 2018, 2019 and 2020 were
1152.675m?3/s, 454.994m3/s and 516.932m?3/s respectively. For 2015, the value was
decrease in 0.006% and for 2017 was decrease in 0.00008%. The value of actual and
predicted has differences due to pollution. This is because the pollution will need more

water to assimilate the pollutants.
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4.4.2 Bukit Sagu Water Treatment Plant

4.4.2.1 Artificial Neural Network (ANN) Algorithm
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Figure 4.24  Number of hidden layers for ANN in WEKA software

Figure above illustrates 20 numbers of hidden layers when performing training
to the data sets using ANN algorithm. The inputs to the network are total coliform, E-
coli, Ammonia, Iron (Fe?), COD and BOD parameters. The total grey water footprint
was set as the outputs of the network. The number of neurons in the hidden layer was
varied from one to twenty, based on trial and error during the training process and the
optimum number obtained is 20. To construct the predicted trend, the lowest value of
RMSE produced by the training has been chosen.
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Result list (right-click for options)

To 2o - TUNCGNS . MUMTayErFerceptran
15:42:33 - functions.MultilayerPerceptron

F] === Evaluation on training set =—=

15:42°51 - functions MultilayerPerceptron Time taken to test model on training data: 1.3 seconds

15:43:11 - functions. MultilayerPerceptron

=== Summary ===
15:43:26 - functions. MultilayerPerceptron
15:43:42 - functions MultilayerPerceptron Correlation coefficient 1
15:44:01 - functions MultilayerPerceptron Mean absolute error 0.0073
15:44:17 - functions.MultilayerPerceptron Root mean sgquared error 0.0103
T £=3

15:44:37 - functions.MultilayerPerceptron Relative al_}sclum Brror 0.3068 3
15:48-19 - fundii Multi p i Root relative sguared error 0.3277 %

~e1d -Tunchions. Luftlayer-ercepiron Total Humber of Instances 1094
15:48:46 - functions.MultilayerPerceptron | v A

Figure 4.25 RMSE value after training using ANN

Figure above shows the result after training process of the WFgrey data sets.
The hidden layer that been set to 20 gives the smallest value of RMSE was 0.0103.

Table 4.19  Values of RMSE with the hidden neurons by using ANN Algorithm

Hidden RMSE Hidden RMSE

Neuron Neuron
1 0.0961 11 0.0151
2 0.0425 12 0.0150
3 0.0195 13 0.0164
4 0.0145 14 0.0195
5 0.0169 15 0.0173
6 0.0151 16 0.0172
7 0.0137 17 0.0196
8 0.0175 18 0.0189
9 0.0172 19 0.0123
10 0.0165 20 0.0103

Referring to Table above, the lowest RMSE value was obtained from training
process and the training sets with 20 neurons have been chosen to predict the total
WHFgrey. Because of the adjustable hidden neurons, the ANN algorithm can be trained

several times.
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Table 4.20  Analysis of actual and predicted value by using ANN

Month  Actual (m®/s) Predicted (m?3/s)

Jan-15 24.800 24.732
Feb-15 22.498 22.400
Mar-15 2511 2.598
Apr-15 1.603 1.868
May-15 103.986 103.335
Jun-15 24.640 24.504
Jul-15 388.429 387.895
Aug-15 28.125 27.871
Sep-15 24.561 24.507
Oct-15 212.115 212.086
Nov-15 6.084 5.840
Dec-15 25.746 25.668
Jan-16 6.330 6.434
Feb-16 4.408 4.410
Mar-16 23.591 23.484
Apr-16 24.546 24.429
May-16 97.663 97.058
Jun-16 23.851 23.759
Jul-16 131.936 131.398
Aug-16 7.292 7.338
Sep-16 29.280 29.121
Oct-16 211.578 212.029
Nov-16 65.144 64.496
Dec-16 8.136 8.049
Jan-17 7.936 7.987
Feb-17 3.232 3.335
Mar-17 6.561 6.633
Apr-17 8.340 8.225
May-17 329.155 328.566
Jun-17 25.702 25.578
Jul-17 266.938 266.537
Aug-17 26.939 26.836
Sep-17 26.121 26.043
Oct-17 158.684 158.759
Nov-17 8.952 9.018
Dec-17 6.522 6.629
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Grey Water Footprint Prediction Trend for Bukit Sagu
WTP using Artificial Neural Network
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Figure 4.26  WFgrey trend at Bukit Sagu WTP using ANN

Figure above illustrates the actual and predicted values of WFgrey trend at Bukit
Sagu WTP after undergoes training using ANN algorithm. The actual value of WFgrey
in 2015 was 865.098m3/s while predicted value was 863.304m3/s. the value was
decrease in 0.21%. For 2016, the actual value was 633.755m?/s while predicted value
was 632.005m?/s and the value was decrease in 0.28%. For 2017 also the value was
decrease in 0.11% as the actual value was 875.082m3/s and predicted value was
874.146m3/s. The predicted trend value has different with actual value due to pollution.

This is because the pollution will need more water to assimilate the pollutants.
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4.4.2.2 Bayesian Networks (BN) Algorithm

Result list {right-click for options)

Time taken toc test model on training data: 2.56 seconds
- VI

15:43:42 - functions MultilayerPerceptron

=== Jummary ===
15:44:01 - functions. MultilayerPerceptron
- - G tly C1 ified Inst 1080 96.7153 %
15:44:17 - functions. MultilayerPerceptron prrectly Liassi :,LE, nILances
) ) Incorrectly Classified Instances 36 3.2847 %
159:44:37 - functions.MultilayerPerceptron Kappa statistic 0.9669
15:48:19 - functions.MultilayerPerceptron Mean absolute error 0.0009

15:48:46 - functions MultilayerPerceptron 0.0184
15:49:06 - functions MultilayerPerceptron Relative absolute error 7.7423 %
Boot relative sguared errcor 24,0403 %
Total Number of Instances 1096

[Root mean squared error

15:49:27 - functions.MultilayerPerceptron
15:52:14 - functions MultilayerPerceptron

15:54:21 - bayes.BayesNet <\ J

Figure 4.27  RMSE value after training using Bayesian Networks

Figure above shows the result after training process of WFgrey data with a
RMSE value was 0.0184.
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Table 4.21

Analysis of actual and predicted value by using BN
Month Actual (m3/s) Predicted (m?3/s)
Jan-15 24.79214 24.79214
Feb-15 22.49928 22.49968
Mar-15 2.51935 2.51927
Apr-15 1.60156 1.58882
May-15 103.98213 103.98213
Jun-15 24.63945 24.63882
Jul-15 388.42990 388.42990
Aug-15 28.13188 28.13888
Sep-15 24.56609 24.55783
Oct-15 212.11941 213.93252
Nov-15 6.07970 6.07970
Dec-15 25.74347 25.74347
Jan-16 6.33087 6.33087
Feb-16 4.40412 4.40401
Mar-16 23.58268 23.58268
Apr-16 24.55087 24.55087
May-16 97.66685 79.45241
Jun-16 23.85193 23.83479
Jul-16 131.92828 131.92828
Aug-16 7.29356 7.29358
Sep-16 29.27887 29.27887
Oct-16 211.58257 211.58257
Nov-16 65.14395 65.14395
Dec-16 8.13869 8.13869
Jan-17 7.92811 7.92811
Feb-17 3.23581 3.23581
Mar-17 6.56262 6.56262
Apr-17 8.34185 8.34185
May-17 329.15980 329.15980
Jun-17 25.69512 25.69512
Jul-17 266.94128 266.94128
Aug-17 26.93731 26.93731
Sep-17 26.12895 26.12895
Oct-17 158.68794 158.68794
Nov-17 8.95417 8.95429
Dec-17 6.51529 6.51529
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Grey Water Footprint Prediction Trend for Bukit Sagu
WTP using Bayesian Networks
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Figure 4.28  WHFgrey trend at Bukit Sagu WTP using Bayesian Networks

Figure above shows the actual and predicted values of WFgrey trend at Bukit
Sagu WTP after go through training using Bayesian Networks algorithm. For 2015 until
2017, the actual values of WFgrey were 865.104m3/s, 633.753m?3/s, 875.088m?3/s
respectively. Hence, for 2018 until 2020, the predicted values were 866.903m3/s,
615.522m3/s and 875 088m3/s respectively. For 2015, the value increase was 0.21%
however for 2016 was decrease in 2.88% and for 2017 was increase in 0.000014%. The
predicted trend value has different with actual value due to pollution. This is because

the pollution will need more water to assimilate the pollutants.
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4.4.3 Bukit Ubi Water Treatment Plant

4.4.3.1 Artificial Neural Network (ANN) Algorithm

5| Neural Network - 0

WFGREY

Controls

Epoch 500

Learning Rate= 0 3
Mum Of Epochs | 500

AccePt | Epgrper Epoch= 0.0000004 Momentum = |0 2

Figure 4.29  Number of hidden layers for ANN in WEKA software

Figure above illustrates eight numbers of hidden layers when performing
training to the data sets using ANN algorithm. The inputs to the network are total
coliform, E-coli, Ammonia, Iron (Fe?), COD and BOD parameters. The total grey water
footprint was set as the outputs of the network. The number of neurons in the hidden
layer was varied from one to twenty, based on trial and error during the training process
and the optimum number obtained is eight. To construct the predicted trend, the lowest

value of RMSE produced by the training has been chosen.
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. . o . Time taken to test model on training data: 1.31 seconds
h_iesult list (right-click for options) g

15728708 - funchons MulfilayerPerceptron | === Summary ===
15:28:26 - functions.MultilayerPerceptron
15:28:39 - functions MultilayerPerceptron
15:28:55 - functions.MultilayerPerceptron e
15:29.26 - functions.MultilayerPerceptron Relative absolute Error 0.1858 %
15:29:43 - functions MultilayerPerceptron Root relative sguared error 0.1093 %
15:29:58 - functions.MultilayerPerceptron Total Humber of Instances 1096
15:30:32 - functions MultilayerPerceptron

15:30:52 - functions. MultilayerPerceptron

AE-24-00  functiconc MoltilovuorDorcontron | - K

Correlation coefficient 1
Mean absolute error 0.0012

Figure 430 RMSE value after training using ANN

Figure above shows the result after training process of the WFgrey data sets.
The hidden layer that been set to 8 gives the smallest value of RMSE was 0.0016.

Table 422  Values of RMSE with the hidden neurons by using ANN Algorithm

Hidden RMSE Hidden RMSE
Neuron Neuron

1 0.0225 11 0.0023

2 0.0029 12 0.0032

3 0.0027 13 0.0017

4 0.0028 14 0.0047

5 0.0021 15 0.0068

6 0.0022 16 0.0064

7 0.0020 17 0.0062

8 0.0016 18 0.0057

9 0.0021 19 0.0052

10 0.0018 20 0.0130

Based on Table 4.19, the lowest RMSE value is obtained from training process
and the training sets with 8 neurons have been chosen to predict the total WFgrey.
Because of the adjustable hidden neurons, the ANN algorithm can be trained several

times.
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Table 4.23  Analysis of actual and predicted value by using ANN

Month Actual (m3/s) Predicted (m?3/s)

Jan-15 20.216 20.196
Feb-15 19.180 19.208
Mar-15 22.134 22.165
Apr-15 22.563 22.533
May-15 248.902 248.893
Jun-15 11.498 11.580
Jul-15 41.223 41.323
Aug-15 34.274 34.298
Sep-15 24.584 24.526
Oct-15 172.159 172.103
Nov-15 23.620 23.585
Dec-15 21.686 21.622
Jan-16 18.904 18.960
Feb-16 24.931 24.969
Mar-16 20.894 20.925
Apr-16 14.940 15.003
May-16 19.313 19.326
Jun-16 19.273 19.251
Jul-16 22.634 22.603
Aug-16 22.264 22.263
Sep-16 22.960 22.983
Oct-16 20.631 20.631
Nov-16 20.137 20.137
Dec-16 26.113 26.126
Jan-17 21.058 21.002
Feb-17 20.880 20.844
Mar-17 15.633 15.633
Apr-17 28.146 28.146
May-17 28.407 28.334
Jun-17 20.365 20.330
Jul-17 22.987 22.996
Aug-17 20.084 20.079
Sep-17 14.715 14,778
Oct-17 25.988 26.020
Nov-17 18.915 18.908
Dec-17 17.314 17.352
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Grey Water Footprint Prediction Trend for Bukit Ubi WTP
using Artificial Neural Network
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Figure 431  WHFgrey trend at Bukit Ubi WTP using ANN

Figure above illustrates the actual and predicted values of WFgrey trend at Bukit
Ubi WTP after go through training using ANN algorithm. For 2015, the actual value of
WFgrey was 662.039m3/s while predicted value was 662.032m3/s and has decrease
about 0.001%. For 2016, the actual value was 252.994m3/s while predicted value was
253.177m?3/s and the value was increase in 0.072%. For 2017, the actual value was
254.492m3/s and predicted value was 254.422m3/s. The value was decrease in 0.28%.
The predicted value was for next three years; 2018, 2019 and 2020. The predicted trend
value has different with actual value due to pollution. This is because the pollution will

need more water to assimilate the pollutants.

4.4.3.2 Bayesian Networks (BN) Algorithm

Result list {right-click for options)
=== Summary ===
15:29:26 - functions MultilayerPerceptron 2 o
15:29:43 - functions.MultilayerPerceptron Correctly C13331f:.Le<?1 Inatances 1058 96.5328 %
e . . Incorrectly Classified Instances 38 3.4672 %
15:29:58 - functions MultilayerPerceptron Kappa statistic 0.9651
15:30:32 - functions. MultilayerPerceptron Mean absolute error 0.0009
15:30:52 - functions MultilayerPerceptron [Foot mean squared error
15:31:08 - functions.MultilayerPerceptron Relative absolute error 7.8227 %
15:31:44 - functions MultilayerPerceptron Root. relative squared error 24.4621 3
Total Number of Inst 1096
15:34:29 - functions MultilayerPerceptron ora * of instances
15:37:05 - bayes BayesMet LS J ']
|

Figure 4.32  RMSE value after training using Bayesian Networks
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Figure above shows Bayesian Networks algorithm trained the data sets and
gives the value of RMSE, 0.0187.

Table 4.24  Analysis of actual and predicted value by using BN algorithm

Month Actual (m3/s) Predicted (m3/s)

Jan-15 20.21953 20.21953
Feb-15 19.17438 19.17438
Mar-15 22.13359 22.13339
Apr-15 22.56373 22.56373
May-15 248.90936 248.90936
Jun-15 11.50620 11.50620
Jul-15 41.21806 41.21806
Aug-15 34.28245 34.28245
Sep-15 24.54833 24.54833
Oct-15 172.15021 172.15021
Nov-15 23.62208 23.62208
Dec-15 21.68030 21.68432
Jan-16 18.90285 18.90285
Feb-16 24.92897 24.92897
Mar-16 20.90453 20.90472
Apr-16 14.92908 14.92908
May-16 19.31209 19.31209
Jun-16 19.27458 19.27501
Jul-16 22.62725 22.62725
Aug-16 22.27115 22.27256
Sep-16 22.96306 22.96306
Oct-16 20.63096 20.63096
Nov-16 20.13875 20.14155
Dec-16 26.11362 26.11362
Jan-17 21.05252 21.05252
Feb-17 20.87748 20.87748
Mar-17 15.62701 15.62701
Apr-17 28.14239 28.14239
May-17 28.40424 28.40424
Jun-17 20.36688 20.36688
Jul-17 22.99456 22.99456
Aug-17 20.09199 20.09199
Sep-17 14.70697 14.70697
Oct-17 25.99184 25.99184
Nov-17 18.91450 18.91432
Dec-17 17.31326 17.31326
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Grey Water Footprint Prediction Trend for Bukit Ubi WTP
using Bayesian Networks
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Figure 4.33  WHFgrey trend at Bukit Ubi WTP using Bayesian Networks

Figure above reveals the actual and predicted values of WFgrey trend at Bukit
Ubi WTP after go through training using Bayesian Networks algorithm. For 2015 until
2017, the actual values of WFgrey were 662.008m3/s, 252.997m3/s and 254.484m3/s
respectively. Hence, for 2018 until 2020, the predicted values were 662.012m?3/s,
253.002m3/s and 254.483m3/s respectively. The different value for 2015 was increase in
0.0006% while for 2016 was increase about 0.002%. However, for 2017 the value was
decrease in 0.000073%. The predicted trend value has different with actual value due to
pollution. This is because the pollution will need more water to assimilate the

pollutants.
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CHAPTER 5

CONCLUSION

5.1 Conclusion

In conclusion, the total grey water footprint in Sungai Lembing, Bukit Sagu and
Bukit Ubi water treatment plant in Kuantan river basin is calculated. For Sungai
Lembing WTP, the total of WFgrey in three years; 2015, 2016 and 2017 were
1152.824m?3/s, 454.996m3/s and 516.934m?3/s respectively. For Bukit Sagu WTP,
865.105m3/s, 633.754m?/s and 875.090m3/s were the value of total WFgrey in 2015,
2016 and 2017. In addition, for Bukit Ubi WTP the value of total WFgrey in 2015,
2016 and 2017 were 276.097m3/s, 252.998m3/s and 254.485m?3/s respectively. In 2015,
Sg. Lembing WTP was the highest value while Bukit Ubi WTP was the lowest value of
total WFgrey. For 2016 and 2017, the highest value of total WFgrey was at Bukit Sagu
WTP and the lowest value was at Bukit Ubi WTP.

On the other hand, the best algorithm was determined between Bayesian
Networks and Artificial Neural Network. For the best algorithm, Artificial Neural
Network (ANN) has been selected as the best algorithm to be used in WFgrey
prediction. This algorithm has generated the least RMSE values as indicates that it has
least error in predicting values. For Sungai Lembing WTP, from ANN algorithm RMSE
value was 0.0199 while for Bayesian Networks algorithm was 0.0184. For Bukit Sagu
WTP, value of RMSE for ANN algorithm, 0.0103 was the least value compared to
Bayesian Network was 0.0184. For Bukit Ubi WTP, the value RMSE for ANN
algorithm was 0.0016 while for Bayesian Network algorithm was 0.0187. Hence, the
best algorithm was Acrtificial Neural Network as the lowest value of RMSE indicates as

the least error.
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Prediction trend of total grey water footprint in three water treatment plants was
be able to be produced as the end result of the study. This prediction trend of total
WHFgrey was for three next years which are 2018, 2019 and 2020. For Sungai Lembing
WTP, by using ANN, the predicted value for next three years; 2018, 2019 and 2020
were 1172.337md/s, 453.696m3/s and 538.811m3/s respectively. By using Bayesian
Networks, the predicted value for 2018, 2019 and 2020 were 1152.675m3/s,
454.994m?3/s and 516.932m?3/s respectively. Furthermore, for Bukit Sagu WTP, by using
ANN, the predicted value were 863.304m3/s, 632.005m3/s and 874.146m3/s respectively
while by Bayesian Networks the predicted values were 866.903m3/s, 615.522m3/s and
875 088m?3/s for 2018, 2019 and 2020 respectively. Last but not least, for Bukit Ubi
WTP, for next three years; 2018, 2019 and 2020, the predicted values were
662.032m3/s, 253.177m?/s and 254.422m?3/s respectively by using ANN. However, with
Bayesian Networks the predicted values were 662.012m3/s, 253.002m3/s and
254.483m3/s respectively.

5.2 Recommendation

In the future, it is recommended that, the pollutants should be controlled and
monitored to prevent the excessive pollutant in our drinking water. As agriculture is one
of water resources, so it is essential to have climate-friendly crops, efficient irrigation
that reduces the need for water and energy-efficient food production. Green agriculture
is also crucial to limit the chemicals from entering the water. In addition, practice
organic farming is suggested because organically grown crops reduce the quantity of
herbicides and pesticides used in farming. It is also promoting the use of organic
fertilizer which promotes natural growth and eliminates the use of toxic chemicals
found in synthetic fertilizers, which can penetrate into the ground and pollute water
supplies. If the concentration of pollutants is lower, the freshwater use to assimilate

pollutant will also be lower. Thus, the total grey water footprint will be reduced also.

As Acrtificial Neural Network (ANN) has been chosen as the best algorithm due
to low value of RMSE compared to the Bayesian Networks, ANN was recommended
for further study in the future. ANN can predicted the data with accurate and precisely.
For further study, grey water footprint can be assessed in further process beginning
from the water treatment plant. There are also other algorithms that can be explored for

example, linear regression; this is due to the linear trend of data.
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APPENDIX A
SAMPLE APPENDIX 1

Table 5.1 Prediction of grey water footprint at Sungai Lembing WTP
Artificial Neural Network
Years 2015 2016 2017
Actual 1152.820 455.016 516.909
Predicted 1172.337 453.696 538.811
Percentage (%) 1.69298 -0.29010 4.23711
1.88724
Table 5.2 Prediction of grey water footprint at Sungai Lembing WTP
Bayesian Networks
Years 2015 2016 2017
Actual 1152.744 454.994 516.933
Predicted 1152.675 454.994 516.932
Percentage (%) -0.005996 6.593x10""7 -0.0000818
-0.00327
Table 5.3 Prediction of grey water footprint at Bukit Sagu WTP
Artificial Neural Network
Years 2015 2016 2017
Actual 865.098 6333.755 875.082
Predicted 863.304 632.005 874.146
Percentage (%) -0.20738 -0.27613 -0.10696
-0.18872
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Table 5.4

Prediction of grey water footprint at Bukit Sagu WTP

Bayesian Networks
Years 2015 2016 2017
Actual 865.104 633.753 875.082
Predicted 866.903 615.522 875.088
Percentage (%) 0.20793 -2.87678 0.000014
-0.692221
Table 5.5 Prediction of grey water footprint at Bukit Ubi WTP
Artificial Neural Network
Years 2015 2016 2017
Actual 662.039 252.994 254.492
Predicted 662.032 253.177 254.422
Percentage (%) -0.00106 0.007233 -0.02751
0.00906

Table 5.6 Prediction of grey water footprint at Bukit Ubi WTP
Bayesian Networks
Years 2015 2016 2017
Actual 662.008 252.997 254.484
Predicted 662.012 253.002 254.483
Percentage (%) 0.0005766 0.0005766 -0.000073
0.000723
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