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OZET

YAPAY NORON AGI (ANN) KULLANARAK SU KALITESI ENDEKSI
TAHMINI

Hasanain Ali Banwan ZAMILI
Ondokuz May1s Universitesi
Lisansiistii Egitim Enstitiisii

Cevre Miihendisligi Ana Bilim Dali
Yiksek Lisans, May1s/2023
Danisman: Prof. Dr. Glulfem BAKAN

Tahmin, su kalitesi yonetimi i¢in hayati 6nem tasir ve bu kirli ¢agda su gibi kit
bir kaynakla c¢alisirken esastir. Bu nedenle, 6nemli su kalitesi parametrelerine ve iklim
faktorlerine dayali olarak su kalitesi indeksini (WQI) tahmin etmek i¢in tutarli ve
hassas makine 6grenimi modelleri olusturmak, ¢evresel felaketleri 6nlemeye yonelik
erken uyarilar saglamak i¢in ¢ok O6nemlidir. Bunun 1s18inda, Tirkiye'nin Corum il
siirlart i¢indeki Yesilirmak nehri, su kalitesi indeksini on bir fizikokimyasal
parametreyi ((biyokimyasal oksijen ihtiyact (BOI), pH, elektriksel iletkenlik (EC),
¢oziinmiis oksijen (CO), klorir (CI 1), kalsiyum (Ca *2 ), magnezyum (Mg*?), nitrit
(NO2 1)), sodyum (Na*! ), stlfat ( SO42) ve toplam ¢dziinmiis katilar (TDS)) su
kalitesi indeksini (WQI) hesaplamak i¢in segilmistir Sonug, igme igin uygun olmayan
bir nokta (Haziran 2000) disinda iyiden kotiiye dogru degisiyordu. Ayrica, bu
belirlemeyi gerceklestirmek icin li¢ metasezgisel optimizasyon algoritmast; kisitlama
katsayisina dayali pargacik sUrusi optimizasyonu ve kaotik yercekimi arama
algoritmast (CPSOCGSA), deniz avcisinin optimizasyon algoritmast (MPA) ve
parcacik siiriisii optimizasyonu (PSO), Levenberg-Marquardt {i¢ katmanli bir yapay
sinir ag1 (YSA) ile birlestirildi. Ayrica, veri 6n isleme teknikleri, dogal logaritma
teknigi, tekil spektrum analizi (SSA) ve toleransin ii¢ 6zelligi, orijinal veri setini
normallestirmek ve iyilestirmek ve en uygun model girdi senaryosunu belirlemek igin
sirastyla kullanilmistir. Ayrica, bu modellerin dogrulugu cesitli istatistiksel kriterlere
(MAE, RMSE ve R?) dayall olarak dogrulanmistir. Sonug, CPSOCGSA-ANN
modelinin performansinin en yiiksek dogrulugu (R? = 0.965, MAE = 0.01627 ve
RMSE = 0.0187) elde ederek diger modellerden (MPA-ANN ve PSO-ANN) dstiin
oldugunu ortaya koymustur.

Anahtar Sozcukler: Tahmin, Su kalitesi indeksi WQI, ANN, CPSOCGSA, SMA,
MPA



ABSTRACT

PREDICTION OF WATER QUALITY INDEX USING ARTIFICIAL NEURON
NETWORK(ANN)

Hasanain Ali Banwan ZAMILI
Ondokuz Mayis University
Institute of Graduate Studies

Department of Environmental Engineering
Master, May/2023
Supervisor: Prof. Dr. Gllfem BAKAN

Forecasting is vital to water quality management and is essential when working
with a scarce resource like water in this polluted era. Therefore, generating consistent
and precise machine learning models to predict the water quality index (WQI) based
on significant water quality parameters and climate factors is essential for providing
early warnings to prevent environmental disasters In view of this, Yesilirmak river,
within the provincial borders of Corum, turkey, was selected as a case study to predict
the water quality index eleven physicochemical parameters (biochemical oxygen
demand (BOD), PH, electrical conductivity (EC), dissolved oxygen (DO), chlorine
(CI't), calcium(Ca*? ), magnesium (Mg*? ), nitrite (NO2" ), sodium (Na*?), sulfate
(SO472) and total dissolved solids (TDS)) were assigned to calculate the water quality
index (WQI). The result varied from good to poor, except for one point (June in 2000)
that was unsuitable for drinking. Also, to accomplish this determination, three
metaheuristic optimization algorithms (the constraint coefficient-based particle swarm
optimization and chaotic gravitational search algorithm CPSOCGSA, the marine
predator's optimization algorithm MPA, and particle swarm optimization PSO) were
combined with an artificial neural network (ANN) with a Levenberg—Marquardt three-
layer backpropagation algorithm architecture to build three hybrid models
(CPSOCGSA-ANN, MPA-ANN, and PSO-ANN).In addition, three features of data
pre-processing techniques (natural logarithm technique, singular spectrum analysis
(SSA), and tolerance) have been used to normalize, enhance the original dataset and
identify the optimal model input scenario (respectively). Furthermore, these models'
accuracy was verified based on various statistical criteria (MAE, RMSE, and R?). The
result revealed that the performance of the CPSOCGSA-ANN model was superior to
other models (MPA-ANN and PSO-ANN) by achieving the highest accuracy (R? =
0.965, MAE = 0.01627, and RMSE = 0.0187this window of the thesis that opens to
the outside.

Keywords: Prediction, Water Quality index WQI, ANN, CPSOCGSA, SMA, MPA
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1. INTRODUCTION

1.1. Overview

Rivers' water pollution is a significant concern for communities worldwide,
requiring more attention from environmental researchers (Hameed Mohammed et al.,
2016). In addition, the quality of water in watersheds is affected by various factors,
including natural components such as temperature or precipitation and anthropogenic
factors such as manufacturing practices, urbanization, and agriculture (Asadollah
Seyed Babak Haji Seyed et al., 2021). Therefore, the implications of contaminated
surface water are deterioration of water quality, direct threats to human health,
disruption of the aquatic ecosystem's balance, and economic and social failure. Most
ambient water bodies have specific quality standards that indicate their quality.
Furthermore, water requirements for various applications and usages possess their own
standards. For example, irrigation water should be neither too saline nor contain toxic
materials that might be transmitted to plants or soil and thus damage ecosystems;
industrial usage needs different properties depending on the specific industry
applications. Hence, rapid industrial development has driven the depreciation of water
quality at an alarming rate; furthermore, infrastructures, with a lack of public
awareness and less hygienic features, significantly impact potable water quality
(Aldhyani T. H. H. et al., 2020).

The expression "water quality” refers to the state or condition of water,
considering the physical, chemical, and biological properties. Furthermore, assessment
and prediction of the water quality are required to effectively manage river systems so
that sufficient actions can be implemented to ensure that the pollution levels stay
within permissible limits and are mandatory for developing various remediation
strategies (Najah A et al., 2013).

A water quality index (WQI) is a composite indicator and mathematical tool that
gives information to end-users based on specified water content factors, translated into
a single unitless value (Kadam AK et al., 2019). (WQI) has been widely used "as a
classification indicator” to evaluate and categorise the quality of water bodies based
on a wide range of physiochemical and organic variables, and it plays an important
role in water management. However, water quality management requires collecting

and analysing large water quality datasets that can be difficult to evaluate and
1



synthesise. Hence, various techniques have been created to evaluate water quality; the
Water Quality Index (WQI) model is one such tool(Uddin Md Galal et al., 2021).

Forecasting is vital to water quality management and is essential when working
with a scarce resource like water. Over the past few decades, many traditional water
quality prediction methods have been used, such as auto-regressive integrated moving
averages (ARIMA) (Araghinejad Shahab, 2013), multiple linear regression (MLR)
(Rajaee Taher & Boroumand Amir, 2015), etc. However, with the expansion in the
volume of data, traditional methods cannot effectively suit the requirements of
researchers Because of the increase in computing power and the inability to capture
non-stationarity and nonlinear water quality due to its sophisticated and complicated
nature. Hence, artificial intelligence approaches such as artificial neural networks are
becoming more popular in recent years because they can surmount the limitations or
drawbacks of deterministic models. In addition, due to their similarities with the brain's
nervous system, ANNs are suitable for analysing nonlinear and unpredictable
problems and have become a hotspot in environmental quality research (Chen Yingyi
et al., 2020). Various hybrid models have been created and used to enhance prediction
accuracy. In general, the well-known hybrid models could be classified into four
categories (1) preprocessing-based, (2) component combination-based, (3) parameter
optimisation-based and (4) postprocessing-based hybrid models (Hajirahimi Zahra &
Khashei Mehdi, 2022a).

1.2. Research Problem

In the last decade, rapid industrial expansion without managing outflows, heavy
fertiliser usage in agriculture, and overexploitation of freshwater have degraded river
ecosystems and had various adversely affected human health (Sakaa Bachir et al.,
2020). Furthermore, the climate change of our world has begun greatly warming. One
of the systems that will be much affected by this situation is the water quality system.
There is no doubt that climate will exacerbate the hazards and vulnerabilities; because
Turkey is located in one of the world's vulnerable areas faced by climate change
(Ustaoglu Fikret et al., 2020).

On the other hand, the environmental expectations of the Organisation for
Economic Cooperation and Development (OECD) to 2050 indicate that global water
demand is anticipated to increase by 55%, relative to 2000 as a baseline. Additionally,

large proportion of the global population may be below the acute water stress
2



threshold. The world population has insufficient access to potable water, as shown in
Figure 1. It can be seen that the worldwide population percentage that lacks access to
drinking water will increase as we go into the future, and it is likely to be 50% by 2050
(Fogden Josephine & Wood Geoffrey, 2009). The consequences of contaminated
potable water are dangerous and may badly impact health, the environment, and
infrastructure. As the United Nations (UN) announced, approximately 1.5 million
people die annually due to diseases driven by polluted water. Also, it is reported that
80% of health troubles in developing countries are brought on by polluted water
(Aldhyani T. H. H. et al., 2020).

In Turkey, the useable fresh water is around 112 billion m® each year; it uses
about 40% of this quantity (i.e. 44 billion m®). Most of this percentage has been used
for irrigation (33 billion m®). However, while this amount of freshwater appeared to
be relatively large, it did not make Turkey a water-rich country. In reality, it is
considered a "water-stressed" country due to the per capita freshwater amount being
around 1500 m? which is an insufficient quantity compared with numerous European
countries. It is projected that this quantity will decrease whether climate change is
considered or not. Recently, river-based water management has become quite
important because of the development of freshwater requirements (Ustaoglu Fikret et
al., 2020).
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Figure 1.1. The global population has lacked access to safe drinking water (Fogden Josephine &
Wood Geoffrey, 2009)

Water quality management requires collecting and analysing ample water
parameters datasets that could be hard to assess and synthesise. Hence, various

techniques have been created and developed to evaluate the quality of water, such as
3



the Water Quality Index (WQI) technique. Furthermore, various parameters, such as
the BOD test, necessitate highly controlled laboratory conditions and a lengthy period
of time, making it costly (Das Kangabam Rajiv et al., 2017; Judran Naser Hussein &
Kumar Ajeet, 2020).

Although previous studies have identified weather aspects, research has yet to
investigate and determine their impact in terms of using sufficient data preprocessing
to remove the effect of socio-economic variables that are insensitive to climate (Yuan
Xiao-Chen et al., 2016). Additionally, using a capable and practical prediction
approach based on a systematic method instead of trial and error. However, researchers
have not determined the number of climate factors that are influenced by water quality.
Overall, previous studies of water quality prediction have suffered from inadequate
sample sizes, methodological limitation and a lack of a robust theoretical framework.
So, the debate continues on the best strategies for managing water quality under the

effect of climate change with a low level of certainty.

1.3. Aim and Objectives of this research

This research aims to predict the water quality index (WQI) for the long-term by
considering the climatic variable (rainfall) and adopting a combination of approaches
that have various kinds of hybrid artificial neural networks (ANN) models to provide
the environmental organisation with the correct strategic decision in planning and
controlling for the water quality index. Additionally, optimal circumstances for
running parameters of an algorithm have been used to identify the number of neurons
within the hidden layers and the combination of the dataset partition to provide the
highest forecasting accuracy for the proposed Artificial Neural Network Water Quality
Index (ANNWQI).

The specific objectives for realising the aim of the thesis, as stated above are:

1. Assess the water quality of the Yesilirmak river within the provincial borders
of Corum during the monitoring periods 1995-2014.

2. Show the SSA and tolerance approaches' benefits for enhancing data quality
and picking the optimised scenario for input parameters.

3. A combination metaheuristic algorithm (CPSOCGSA) was hybridised with the
ANN model to determine the ANN hyperparameters.

4. Extensive comparison of the performance accuracy of the CPSOCGSA-ANN
with the recent models (SMA-ANN, PSO-ANN, MPA-ANN) by employing
the same training and validation datasets to identify the optimal model.

4



5. ldentifying and selecting the parameters related to the watershed's quality
depends on impacts and their relevance to the water quality, Hence low
prediction cost with high efficiency.

6. Predicting water quality will provide early timely warnings, especially when
considering the implications of climate factors.



2. LITERATURE SURVEY

2.1. Impacts of Climate Change on Surface

The fundamental contributor influencing the quality of the aquatic system is
anthropogenic activities (point-source contamination), which have been dominant to
some extent. Non-point-source contamination has become a significant concern that
must be solved expeditiously (Zhou Yun et al., 2014). In particular, climate change is
the underlying parameter influencing nonpoint source contamination. With the change
in climate, the frequency and intensity of extreme climatologies, like drought
expansion and heavy precipitation, will exacerbate the potential for pollution incidents
(Michalak Anna M., 2016; Shanley K., 2017). Typically, changes in water's
temperature will impact the water's surface tension, density, viscosity, and other
properties. Dissolved oxygen content will also fluctuate, upsetting the aquatic
ecosystem's equilibrium. Additionally, the change in temperature will have an
influence on photosynthesis, the average rate of chemical reactions, the toxicity of
different contaminants, and the ability of aquatic creatures' microbes to degrade toxins
(Bi Wuxia et al., 2018; Hammond D & Pryce AR, 2007). Scientists observed that
surface water temperature was raised since the 1960s in North America, Europe and
Asia (0.2-2 °C) due to atmospheric warming with solar radiation exceeding (Wang
Kaicun & Dickinson Robert E, 2013). Observed an average rise in water temperature
of around 2 °C respectively, in the Meuse and Rhine rivers during the severe drought
of 2003, with a pH increase (reflecting a decrease in CO. concentration) and a
minimised in dissolved oxygen (DO) solubility reflecting a lower DO solubility under
higher water temperatures. A DO decrease can also be associated with increased DO
assimilation of biodegradable organic matter by microorganisms (linked to an increase
in dissolved organic carbon (DOC) (Prathumratana Lunchakorn et al., 2008).
Additionally, in the same research dealing with surface-water quality in the Lower
Mekong River, significant negative correlations were broadly found between
precipitation (or discharge flow) and DO, pH, and conductivity (from 0.2 to 0.9). In
many lakes in Northern America and Europe, the stratified period has lengthened by
two or three weeks, and water temperatures have risen from 0.2 to 1.5 °C, which
effectively promotes thermal stratification. Artificial intelligence predicts a 2°C

increase by 2070 (in Europe lakes), though this rise will also be influenced by lake
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characteristics and seasons (Malmaeus J Mikael et al.,, 2006).In another
context,(Prathumratana Lunchakorn et al., 2008) mentions that COD (chemical
oxygen demand), used as an indicator of natural organic matter (NOM), has fair to
weak correlations with precipitations (0.295- 0.426) and discharge flows (0.312—
0.324) (Prathumratana Lunchakorn et al., 2008).

Overall, More study has been conducted on the influence of climate change on
the number of aquatic resources. However, the water quality (WQ) response to climate
change requires additional investigation.Table 2.1 displays the impacts of climate

change on water quality parameters.

2.2. Water Quality Index

Water is a fundamental natural resource for living organisms on Earth, but the
quality of the aquatic system has been degrading for decades due to both natural and
human activity. Natural elements influencing freshwater are atmospheric,
hydrological, topographical, climate, and lithological parameters (Magesh N. S. et al.,
2013). While the anthropogenic activities that negatively influence are mining,
livestock farming, production and disposal of waste (agricultural, industrial and
municipal ), and the rise of sediment run-off or soil erosion due to land-utilise change
(Lobato TC et al., 2015). There are various categories for water quality parameters,
including:

+  Physiochemical parameters (e.g., pH, turbidity, SO4, temperature, and
nutrients).

» Biological parameters with pathogens, microorganisms, cyanobacteria, and
water quality proxies.

« Micropollutants parameters (inorganic and organic), such as metals,
pharmaceuticals, and pesticides.

(Kummu Matti et al., 2010) showed in their study a nearly sixteen-fold increase
in population due to water scarcity since the 1900s. In 2005, over 35% of the global
population resided in countries with moderate to extreme water stress. This percentage
will rise to around 52% by 2050 (Schlosser C Adam et al., 2014). However, the
published academic literature between 2010-2019 was collected from the Google
Scholar database. Over the past decade, a continuous increase in WQI publications has
been reported (Figure 2.1). According to the increasing number of publications, it is

clear that study of WQI approaches has gained popularity among freshwater resources,
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researchers, engineers, and scientists. (Gupta Suyog & Gupta Sunil Kumar, 2021).

number of publications

20000
15000
10000
- - -
0
Research Research
Papers on WQI. Papers on WQI for Rivers.

m2010 w2011 =m2012 m2013 m2014 m2015 m2016 2017 =2018 = 2019

Figure 2.1. The research trend on WQI from 2010-2019 (Gupta Suyog & Gupta Sunil Kumar, 2021)

Horton proposed the contemporary approach of WQI in 1965 to declare the
river's WQ status based on ten water quality characteristics considered significant in
water bodies(Horton Robert K, 1965). Moreover, Brown collaborated with the
National Sanitation Foundation to develop a more stringent version of Horton's WQI
model. Although, 142 water quality experts participated in a panel that provided advice
on parameter selection and weighting for the NSF-WQ (Uddin Md Galal et al., 2021).
As a result, numerous alternative WQI models have since relied on the NSF-WQI
(Abbasi Tasneem & Abbasi Shahid A, 2012). Also, The British Columbia WQI
(BCWQI), created by the British Columbia Ministry, was another significant
development (Saffran K et al., 2001). Additionally, models like the Malaysian,
Almeida Index, IOU Index, and CCME WQI have been created.

Table 2.1. Impacts of climate change on water quality parameters (Gupta Suyog & Gupta Sunil Kumar,
2021)

CC factors W.Q Waterbody Comments
affecting parameter
WQ

Physiochemical Basic parameter

(Meuse River) Greater than

Droughts pH River acceptable values.

Temperature - Lake pH increasing.

increase

Rainfalls DO River (Mekong) adversely correlation.



CC factors W.Q Waterbody Comments
affecting parameter
WQ
Droughts and . Reduce the solubility and
temperature - River and lake . .
. concentration of dissolved oxygen.
increase
Rainfalls - River (Mekong) adversely correlation.

Droughts and
temperature ~ Temperature  Rivers
increase

- - Lakes
Droughts and

temperature  Nutrients
increase

Streams and
lakes(peatland)

Droughts - River

Surface water
and
groundwater

Temperature
increase

River basins,
lakes, fjords
and

groundwater

Temperature
and rainfall -
increase

Stream and

Rainfall - lake

The water column is warming.

Increased epilimnion and
hypolimnion, particularly in
shallow lakes.

(UK and Mekong basin) DOC flux
rising during the storm is
happenings.

(UK and Mekong basin) DOC flux
rising during the storm is
happenings.

Rises the mineralisation and
releases of N, C and P from soil
OM.

-Warm period hypolimnion
phosphate and ammonium
contents were elevated.-Increase N
and P loading (Sweden) and
nutrition loading (Canada).
-Changes in nitrogen loading in
shallow lakes are significant.
Increase N River (Norway) and
nitrate loading (UK river and
Seine groundwater).

-The impacts of climate change
may be comparable for small and
large lakes.

-Nutrients from sediments are
released and enter the euphotic
zone.

Australia, Mekong basin. It
increased P loading of Dutch
lakes.

Micropollutants, inorganics

Forest

Droughts Metal watershed river

-Cadmium, Selenium, mercury,
zinc, Barium, lead and nickel
increased.

-Nitrogen (TKN) loading increases
(USA).



CC factors W.Q Waterbody Comments
affecting parameter
WQ
Temperature High alpine (European Alps) Heavy snowmelt
increasing lakes led to a rise in micropollutants.
Heavy correlations between the amounts
rainfall - Streams of DOC and pharmaceuticals in
increasing freshwater.
-The release of trace elements is
accompanied by a rise in organic
Temperature carbon content and a decrease in
and rainfall - Streams redox potential (Brittany).
increasing -Various trace elements were
mobilised by humic and fulvic
acids (Brittany).
-Changes in seasonality’s rainfall
Temperature . : L
; intensity and rising temperatures
and rainfall : h .
. . are the primary climate variables
increase Organic, Surface and . ; .
. - influencing the fate and behaviour
drying and pesticides groundwater o
rewettin of pesticides.
ovcles g -Drying the soil boosted the
y binding of herbicides.
Rainfall Pesticide flux rises as a result of
. = Streams . L
increase increased precipitation.
(Deutschland) Pond for artificial
Temperature’ Pharmaceutic recharge. Redox conditions
. Groundwater , b,
s increase als (anaerobic conditions) change as
temperature rises.
-Pharmacological concentrations
in water and DOC concentrations.
Rainfall -Due to their high mobility,
. - Streams . Lo
increase loperamide and clofibric acid have
the potential to contaminate
groundwater through rivers.
Biological
Temperature -The seasonal and interannual
and rainfalls variability in local rainfall
Increase accounts for over 70% of the
variability in the coliform record.
Pathogens Surface water  -Extreme rainfall was followed by
outbreaks of half the water-borne
diseases that occurred in the
United States over the past 50
years.
rainfalls and Lakes (Nederland's and Sweden's) Heat
Temperature . waves during the summer
. . Cyanobacteria
increasing encourage the growth of
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CC factors W.Q Waterbody Comments
affecting parameter
WQ

temperature . lakes Microcystin flourishes in the
- Cyanotoxins .
increase summertime heat.

Furthermore, 35 WQI approaches have been introduced by different countries
and/or agencies to assess surface water quality worldwide (Abbasi Tasneem & Abbasi
Shahid A, 2012; Dadolahi-Sohrab A et al., 2012; Poonam Tirkey et al., 2013). Error! R
eference source not found. shows that, although WQI models have been implemented
in all major types of watersheds, only 82% of applications have evaluated river water
quality. Moreover, the table shows that the NSF models and CCME have been used in
50% of the reviewed studies.

Parameters of the WQI model were typically chosen based on data availability,
expert opinion, or the environmental significance of a water quality parameter (Debels
Patrick et al., 2005); reported that many WQI models employed just the basic water
parameters' due to lacking availability of other parameters measured data (Cude Curtis
G, 2001). In addition, numerous researchers edited the model parameter lists
depending on data accessibility and obtainability, and occasionally it is not possible to
add the defining water parameter into the model for this reason (Ma Zhen et al., 2020).
Because of the high analytical cost and scarcity of modern analytical laboratory
facilities, several WQI models did not include microbiological, suspended solids, toxic

compounds, and contamination (Kannel Prakash Raj et al., 2007).

Table 2.2. Summary list for WQI model uses reported in published literature between 1960
and 2019 (Uddin Md Galal et al., 2021)

WQI. models NO. Type of Study Area

Applications  “Rivers Lakes  Marine,coastal or sea
C.C.M.E. 36 28 5 3
F.I.S. 12 10 1 1
N.S.F. 18 17
Horton 7 6 1
S.R.D.D. 6 6
M.W.Q.I. 8 6 1
Bascaron 4 3
E.Q.I 2 1 1
Smith 2 2
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WQI. models NO. Type of Study Area

Applications  “Rivers Lakes  Marine,coastal or sea
Oregon 2 2
Almedia 1 1
BCW.Q.I 1 1
Dalmatian 1 1
Dojildo 1 1
Liou index 1 1
Dinius 1 1
Hanh index 1 1
WJIW.Q.L 1 1
House index 1 1
Said 1 .

2.3. Data Pre-processing

Despite the high reliability of various models in forecasting water quality and
hydroclimate variables, these models may be limited in their ability to deal with time-
series that are frequently non-stationary and span a wide range of scales from a few
minutes to several months. Pre-processing data will be required to overcome similar
flaws and challenges (Nourani Vahid et al., 2019; Zubaidi Salah L., Dooley Jayne, et
al., 2018). The dataset must be appropriately processed before being used in an ANN.
These techniques are implemented to ensure that the learning model handles all data
equally Maier Holger R. and Dandy Graeme C. (2000). According to (Unnikrishnan
Poornima & Jothiprakash V., 2018), data preparation is essential for most water quality
time series to achieve high prediction performance. It has been used successfully in a
variety of academic fields, such as monthly precipitation prediction (Ouyang Qi & Lu
Wenxi, 2017), water level prediction (Mohammed Sarah J et al., 2022), water
parameter forecasting (Khudhair Zahraa S et al., 2022), and forecasting the drought

(Alawsi Mustafa A et al., 2022). Pre-processing is separated into three sections:

2.4. Normalisation

Various approaches and evaluation metrics used in practical research frequently
have different sizes and units, leading to various data analysis outcomes. So data
normalisation is considered an essential part of data mining in learning machines (Wu

Junhao & Wang Zhaocai, 2022). Data curation is a crucial preprocessing step in
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machine learning techniques, starting with data normalisation to reduce the input value
range (Sofos F. & Karakasidis T. E., 2021). (Zubaidi Salah L., Gharghan Sadik K., et
al., 2018) confirm that continuous variables must be normalised to produce time series
that have a normal or near-normal distribution. Consequently, dataset normalisation
aims to obtain the same range of values for all of the model's parameters and generate

a time-series with a normal distribution (Zubaidi Salah L. et al., 2020).

2.5. Cleaning

Some parameter has an extremely high value, which is described as an outlier
and will lead to distortion of the statistics. Therefore, techniques for cleaning data
include eliminating outliers and signal's pretreatment (Zubaidi Salah L., Gharghan
Sadik K., et al., 2018). The box-whisker approach was used to discover extremist data,
which was subsequently processed. This strategy considerably enhances the predictive
accuracy of the proposed model (Zubaidi Salah L. et al., 2022). Additionally, There
are numerous noise elements within every time-series, and the pretreatment signal
techniques (i.e. Empirical Mode Decomposition (Le Justin A. et al., 2020), Wavelet
(Zhu S. et al., 2020) and Singular Spectrum Analysis (Le H. D. et al., 2021), etc. ) are
most reliable techniques for denoising the primary time-series through decomposet of

its many components. (Zubaidi Salah L. et al., 2020).

2.6. Selecting the Best Model Inputs

Selecting the best model is the most critical part of pre-processing data and
creating a reliable prediction model’s input parameters (Zubaidi Salah L., Gharghan
Sadik K., et al., 2018).

Error! Reference source not found. provides a summary of data preparation b
ased on prior research analysed for this study. Most of these studies employed one
or\and two data pre-processing procedures. Moreover, several did not utilise the

optimal model input. In addition, few studies utilised all data preprocessing processes.

Table 2.3. Data pre-processing Summaries

Normalisation Cleaning Optimal

Literature i
NO. data data model’s input
1. (Alawsi Mustafa A et al., yes yes yes
2022)
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Normalisation Cleaning Optimal

NO. Literature data data model’s input
2. Kisi Ozgur et al. (2019) Yes No Yes
3. (Mohammed Sarah J et al., yes yes yes

2022)
4. Ali Mumtaz et al. (2019) Yes Yes Yes
5. Pham Quoc Bao et al. (2021) Yes Yes Yes
6. (Koranga Manisha et al., Yes No No
2022)
7. Danandeh Mehr Ali et al. Yes No Yes
(2020)
8.  Safavi Hamid R. et al. (2018) Yes Yes No
9. (Wu Junhao & Wang Yes No No
Zhaocai, 2022)

10. Fung Kit Fai et al. (2019) Yes Yes No

11. (Khudhair Zahraa S et al., yes yes yes
2022)

12. Zhang Yuhu et al. (2019) No Yes Yes

13. Aghelpour Pouya et al. Yes No No
(2021)

14.  Khan Md Munir Hayet et al. No Yes No
(2020)

15. (Abdul Kareem Baydaa et al., yes yes yes
2022)

16. Nabipour Narjes et al. (2020) Yes No No
17. Wu Xianghua et al. (2021) Yes Yes No
18.  Djerbouai Salim and Souag- Yes Yes No

Gamane Doudja (2016)
19. Basakin Eyyup Ensar et al. Yes Yes No
(2020)

20. Das Prabal et al. (2020) Yes Yes No

21.  Adnan Rana Muhammad et Yes No No

al. (2021)
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Normalisation Cleaning Optimal

Literature i
NO. data data model’s input
22. Belayneh A. et al. (2015) Yes Yes No
23. Soh Y. W. et al. (2018) Yes Yes No

2.7. Artificial Neural Network

Neural network (NN) models are utilized as extremely potent machine learning
techniques for time-series forecasting in various engineering applications. ANN
simulates the human brain's functionality by attempting the same connections and
operations as biological neurons. Also, the ANN could capture the non-stationary and
nonlinear relations by using input variables and output training (Zubaidi Salah L.,
Dooley Jayne, et al., 2018). Moreover, the ANN is designed methodically to improve
a performance criterion or monitor's criterion of implied internal constraints, which is
commonly referred to as the process or learning imperative. Additionally, the learning
process includes adjusting connection weights and updating network architecture so
that a network can efficiently realise particular perception tasks. The ANN's creator
selects the network topology, performance function, learning rule, training algorithm,
and criterion for terminating the training phase, but the system changes the parameters
(Zagoot Hossam et al., 2017). According to (Zhang Liang et al., 2021), ANNs
incorporate the two fundamental structures of biological neural nets, as shown in
Error! Reference source not found..

1. Neurones (Nodes).

2. Synapses (Weights).

Several previous studies have compared and validated traditional models with
ANN to forecast water quality. It is discovered that the ANN technique has the
potential to forecast water quality significantly more accurately than the
conventional models:

(Kadam AK et al., 2019) compare MLR with the ANN approach, and he
observes that the accuracy is higher in the ANN model. Thus, the ANN technique is
advantageous because of its iterative’s procedure, which yields more accurate findings
in both seasons. Consequently, the ANN method will become more efficient for water
quality forecasting in the future.

(Patki Vinayak K et al., 2021) applied the developed ANN and Multiple Linear
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Regression (M.L.R.) approach, which is a popular utilised statistical method for
simulating water quality parameters. The research disclosed that the ANN model is
superior to the (M.L.R.) approach for forecasting the distribution system water quality
and is a reliable machine for comprehension of the weakly defined relationship
between water quality parameters and WQI.

(Singh Balraj et al., 2021) evaluated soft computing methods by employing
several criteria: MAPE, RMSE, NSE, LMI, CC, and MAE. Conclusions clarified that
ANN outperforms the ANFIS model in WQI prediction.

According to (Wu Junhao & Wang Zhaocai, 2022), the ANN-WT-LSTM model
utilised in this paper outperformed the conventional approach in different fitness
criteria. Hence, the models could supply practical reference and technical support for
monitoring and managing water quality.

According to the results of (Kulisz and Kujawska 2021), the ANN models
successfully predict the value of the watershed quality. Therefore, they may be
considered sufficient for simulation by units monitoring the status of the aquatic
system.

Forecasting water quality is an essential subject for policy-makers in the water
industry. However, achieving the expected prediction accuracy for the forecasting
trends remains challenging. As a result, several optimization approaches could be used
to address the implementation issues. The goal of optimisation algorithms is to select
the optimum values for a system's variables under various conditions. Recently, many
hybrid models have been utilised to forecast water quality accurately b(Zubaidi,
Ortega-Martorell et al. 2020).

Hidden layer 1 Hidden layer 2

Figure 2.2. Structure of the ANN (Zubaidi Salah L et al., 2018)
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2.8. Hybrid Model

The imperative for increased reliability, accuracy and capability around data-
driven techniques has encouraged scientists to develop creative models. The
imperative for increased reliability, accuracy and capability around data-driven
techniques has encouraged scientists to develop creative models. Models are being
developed to achieve new requirements; their head objective is to combine the
advantages of many techniques in such a way as to enhance the potential of single
models. These hybrid models generally integrate techniques in a process where
traditionally, one technology is considered the basic technique, the others functioning
as preprocessing or postprocessing methods (Modaresi Fereshteh & Araghinejad
Shahab, 2014).

(Hajirahimi Zahra & Khashei Mehdi, 2022b) proposed that time series
forecasting is divided into three main approaches:

e Hybrid models.
e Hybrid of hybrid models
e Individual models.

Hybrid models have attracted significant attention from numerous scientists.
Until now, fourth varieties of a pure hybrid approach that adopt individual prediction
methods are reported

e The preprocessing-based hybrid model (PBH)(Guermoui Mawloud et al.,
2020),

e The parameter optimisation-based hybrid model (OBH)(Mehta Meenu et al.,
2019),

e The components combination-based Hybrid model (CBH)(Vannitsem
Stéphane et al., 2021; Zhang Liang et al., 2021).

e The postprocessing-based hybrid model (SBH)(Vannitsem Stéphane et al.,
2021).

In the same context, researchers proved that hybridisation guarantees enhanced
prediction accuracy instead of individual methods because of their apparent ability to
deal with complicated patterns. So, according to various hybridisation kinds of pure-
hybrid categories, four groups of hybridisation of hybrid models could be constituted:

Hybridisation with preprocessing-based hybrid models(HPH)(Wang Pengfei et
al., 2021).
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e Hybridisation with parameters optimisation-based hybrid models(HOH)(Liu
Ruilin et al., 2020).

e Hybridisation with components combination-based hybrid models (HCH)
(Colombo Nicoletta et al., 2019; Ruiz-Aguilar Juan Jesus et al., 2020).

e Hybridisation with postprocessing-based hybrid models HSH groups
(Colombo Nicoletta et al., 2019).

Each of them is divided into four main branches, as shown in Figure 2.3.In humid
weather, Iran (Bui Duie Tien et al., 2020) evaluated the effectiveness of four (12
hybrids model based on optimization algorithms, hybrid of the bagging with
standalone, RFC, and CVPS) and standalone (M5P, RF, RT, and REPT) for monthly
prediction W.Q.l.the Hybrid algorithms optimised the forecasting power of various
standalone models.

The hybrid XGBELM and GPELM models suggested by (Abba Sl et al., 2020)
have improved prediction accuracy with fewer input parameters, hence considered

reliable WQI’s forecasting methods.

Time series models classification

Individual models Hybrid models Hybrid of hybrid models
I I I I |
Statistical — HBH HPH HOH HCH HSH
Intelligent —] OBH - HPPH |H HOPH |H HCPH |H HSPH
— | CBH - HPOH |H HOOH |H HCOH |H HSOH
— | SBH | HPCH |H HOCH |H HCCCH |H HSCH
7 HPSH |H HOSH [H HCSH |4 HssH

Figure 2.3. categorization of a prediction model in time series models for predicting (Hajirahimi
Zahra & Khashei Mehdi, 2022b)

(Song Chenguang et al., 2021)Suggest a hybrid model utilised as an alternative
approach for WQ forecasting, which could support the decision maker with a

fundamental for water monitoring and contamination control in the basin.

18



From the comparison results, (Yaseen Zaher Mundher et al., 2018) says the three
hybrid models gave a reasonable estimate for the water quality index at the river basin.
Depending on the mean of the applied statistics, cluster-based ANFIS-FCM and
ANFIS-SC performed with superior accuracy to the ANFIS-G.

From (51) journals’ papers disseminated during the period (2000-2016) and
interacting with the utilizing the hybrid and single artificial intelligence models for
aquatic system quality forecasting were chosen, (Rajaee Taher et al,
2020)recommended the ANN Model with haybird. Moreover, he refers to improving

their WQ modelling accuracy when using it.

2.9. Metaheuristic Optimisation Algorithms

Metaheuristic algorithms are computational intelligence paradigms mainly used
for sophisticated solving optimisation problems(Abdel-Basset Mohamed et al., 2018).
Due to MA's superior performance and shorter computation times and resources than
deterministic algorithms in various optimisation specified, (MAs) have recently
become popular in many practical disciplines(Wang Mingjing et al., 2017).

Numerous optimisation methods can be adapted to handle various issues for
different applications. Recently, the (PSO) Particle Swarm Optimisation algorithm has
been utilised in various scientific areas, such as estimating biological treatment(Ethaib
Saleem et al., 2016).

In 2020, Li Shimin et al. (2020) developed the slime mould algorithm (SMA),
which has been applied to solve computational problems based on the natural slime
mould oscillation mode. SMA has a number of novel features, including a unique
mathematical model that simulates the production of positive and negative feedback
of the slime mould propagation wave based on a bio-oscillator to create the ideal path
for connecting food with excellent exploratory ability and exploitation propensity. The
proposed SMA is compared with up-to-date metaheuristics using an extensive set of
benchmarks to verify its efficiency. Also, According to various statistical criteria, the
hybrid model SMA-ANN performs better than ANN (stand-alone) in forecasting urban
stochastic water demand (Zubaidi Salah L et al., 2020).

Moreover, A comprehensive comparison was applied by (Mostafa, Rezk et al.
2020) between existing photovoltaic cell parameter extraction methods and the
proposed slime mould algorithm. The outcomes demonstrate that the suggested slime

mould algorithm outperforms and is more accurate than the existing prevalent
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techniques.

Additionally, according to (Liu, Heidari et al. 2021), the simulation findings
show that a new SMA-based approach could accurately extract the anonymous
variables of the unknown photovoltaic solar cells and obtain superior convergence
stable and rapidity performance.

In 2020, (Faramarzi Afshin et al., 2020) created Marine Predators Algorithm
(MPA), a metaheuristic with a naturalistic inspiration. MPA is primarily motivated by
the widespread foraging strategies of ocean predators, especially Lévy and Brownian
movements, and the best encounter rate policy in biological interactions between
predators and prey. As a result, MPA was adopted in several scientific applications.

According to (Al-Qaness Mohammed AA et al., 2020), the results of COVID-
19 Forecasting Confirmed Cases show that MPA-ANFIS outperforms all compared
methods in almost all performance measures, including (Mean Absolute Percentage
Error (MAPE), Root Mean Squared Error (RMSE), Root Mean Squared Relative Error
(RMSRE), Coefficient of Determination ( R? )Jand Mean Absolute Error (MAE)).

(Zubaidi S et al.) Using MPA-ANN algorithm to predict water demand, The
findings indicate that the MPA enhances the accuracy of the ANN model.

In 2019, (Rather Sajad Ahmad & Bala P Shanthi, 2019b) introduced a novel
hybridization algorithm called CPSOCGSA, which combines the gravitational search
algorithm with particle swarm optimization based on constriction coefficients. In order
to achieve the optimal outcome, it combines the exploration and exploitation
capabilities of PSO and GSA, respectively.

(Abdul Kareem Baydaa et al., 2022)The hybrid CPSOCGSA-ANN
outperformed and produced reliable outcomes in streamflow forecasting algorithms
based on various statistical criteria such as RMSE, MAE, and R?=0.91.

(Alawsi Mustafa A et al., 2022) Compare different Metaheuristic algorithms for
Drought prediction. The finding was that The performance of CPSOCGSA-ANN was
superior to other algorithms with a coefficient of determination R?=0.93

Depending on these findings, four optimisation methods are used in this thesis
to estimate the number of neurons in each hidden layer coefficient and the optimal
number for the learning rate of the ANN model to forecasting long term water quality
considering the climate factor.
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3. METHODOLOGY

The framework of the proposed methodology comprises five stages: study area
and data collection, calculating the WQI, preprocessing for data, metaheuristic
optimisation CPSOCGSA, MPASMA and PSO algorithm, artificial neural
network(ANN) and evaluation of the model's performance, as shown in Figure 3.1. In
this work, Matlab Toolbox was running to implement the ANN technique.

Collecting Data

WQL, eleven water quality parameter
and climatic factor
trom (1995-2014)
Data preprocessing
Normalisation

Cleaning

Best model input

Metaheuristic algorithms

CPSOCGSA-ANN SMA-ANN MPA-ANN PSO-ANN

evaluation the performance of ANN models

Best ANN model
prediction

Figure 3.1. Flowchart of the architecture of ANN to predict WQI

3.1. Study Area and Data Collection

The Yesilirmak River is considered one of the longest rivers in Turkey and
located between approximately 29" and 40" N. 31’ 40’ N and 44’ 71' E. 44’ 61" E, with
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39,628 km? covering's area and discharges into the Black Sea in Samsun as shown in
Figure 3.2 (b). The basin has transported partially and fully treated municipal
wastewater and pollution from various diffuse sources, including farmyards and
agricultural areas. Additionally, different delta parts have dried up in recent decades
(Dinc, Celebi et al. 2021).

As (see Figure 3.2) (a) The maps of Yesilirmak River catchment in Northern
Turkey. The River catchment including tributaries Kelkit, Cekeret, Corum and
Tersakan rivers and major cities (population exceeds 50,000).

The station case study was located within the provincial borders of Corum,
Eastern Black Sea Basin. Therefore, the coastal sea climate is dominant in this basin
zone. The Annual precipitation was 443 mm.
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Figure 3.2 Yesilirmak River,and their basin (Basérens Ozge Ertung & Kazanci Nilgiin, 2012;
Ozden S & Ayan S, 2016)
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In several countries, the essential obstructive faced by researchers is the lack of
data. Therefore, these stations were sufficiently selected for assessing and building
prediction models regarding the number of data and availability of parameters.
Additionally, National Oceanic and Atmospheric Administration (NOAA) (NOAA
2021) was adopted for obtaining the climate variables. The dataset was collected for
twenty years, from 1995 to 2014(Table 1) . It contained eleven water quality
parameters with one influential climatic factor (Rainfall), where the values are
distributed regularly along the monitoring periods. Table 3.1 Presents the variables for
the water quality,the water standards, assigned weights, and relative weight for the
WQI's Equation.

3.2. Calculation of Water Quality Index

The Water Quality Index(WQI) is an evaluation method which reflects the
influence of individual water quality variables on the overall quality of aquatic systems
(Ramakrishnaiah CR et al., 2009). For calculating the WQI, 11 significant water
quality parameters were specified regarding the World Health Organization
(Organization World Health et al., 2004). The physicochemical parameters were
(biological oxygen demand (BOD), pH, electrical conductivity (EC), dissolved
oxygen (DO), chlorine (CI'), calcium(Ca*? ), magnesium (Mg*? ), nitrite(NO2 "),
sodium (Na*?), sulfate (SO4) and total dissolved solids (TDS) (Ewaid Salam Hussein
et al., 2018; Kulisz Monika et al., 2021).In this research, WQI calculation can be
categorised in three stages:

Firstly, weights (W;) were assigned to all water quality parameters with a scale
ranging from 1 to 5, reflecting their significance in affecting water bodies. Table 3.1
The water quality standards, assigned weights, and relative weight of (the WQI's

Equation).

Table 3.1. The water standards, assigned weights, and relative weight for the WQI's Equation (Sharma
Prerna et al., 2014), (Kulisz Monika et al., 2021), (Kadam AK et al., 2019) and (Sener Sehnaz et al.,
2017)

Parameters  Water quality Assigned weight Relative weight
standard (AW.) (RW.)

BODsmg/l 5 4 0.102564

DO mg/I 5 5 0.128205

PH 6.5-8.5 4 0.102564
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Parameters Water quality Assigned weight Relative weight

standard (AW.) (RW.)
Ca”?mg/L 300 2 0.051282
CIt mg/l 250 3 0.076923
EC pS/cm 250 5 0.128205
Mg*? mg/L 30 2 0.051282
Na*! mg/l 200 2 0.051282
NO, tmg/l 3 4 0.102564
SOs2mgll 250 4 0.102564
TDS mg/l 1000 4 0.102564

Secondly, calculate the relative weights (Wi) by Equation (1):

Wi = % (3.1)
Wi is the relative weight, wi is the weight of every parameter, and n is the number of
parameters.
qi = (ci/si) * 100 (3.2)
qi = ((ci —vi)/(si —vi)) * 100 (3.3)

Thirdly, from Equation (2), a quality rating scale(qi) was assigned by dividing
every parameter concentration in the water samples by its respective standard in WHO
guidelines. In contrast, The quality rating for pH and DO was calculated by
Equation(3).

Where Ci = the measured concentration of parameters in each simple, Si = the
drinking water standard for each parameter, Vi = ldeal value for pH = 7.0 and DO =
14.6, and SIi = the subindex of parameters.

Finally, WQI was derived from formulas (4) and (5).

Sli = qi * Wi (3.4)
WQI = YSIi (3.5)

Table 3.2 presents the classification of WQI rgarding the range proposed by
previous studies (Aldhyani Theyazn HH et al., 2020; Ewaid Salam Hussein et al.,
2018).

Table 3.2. water quality classification(WQC) (Ramakrishnaiah CR et al., 2009)

WQI range 0-25 26-50 51-75 76-100 >100
classified Excellent Good Poor  Very poor Unsuitable for drinking
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3.3. Data Pre-processing

Three strategies were adopted in this study as preprocessing data techniques,

which are normalisation, cleaning, and select the optimal model's input:

1. Normalisation

Data normalisation is a crucial step for mining datasets in soft computing. In
various scientific research, techniques and assessment criteria mostly have various
scale sizes and units, producing various analysis data results. Therefore, normalisation
will be a fundamental task to achieve comparability among the variables and realise
the expectations of optimisation data. Moreover, it minimises the dimension's impact
of different time series and eliminates the influence of outliers and multicollinearity of
model parameters (Wu Junhao & Wang Zhaocai, 2022). In this work, the SPSS 26
statistics package was employed to normalise the time series by applying the natural

logarithm technique.

2. Cleaning

Data cleaning methods comprise locating outliers and noise and then treating
outliers and eliminating noise to optimize the data analysis outcomes (Tabachnick
Barbara G et al., 2007). So, the box whisker technique was adopted in this study to
identify the outliers were existed outside of the period in the formula below (Kossieris
Panagiotis & Makropoulos Christos, 2018):

+1.5*% CQR (CQR = third quartile (Q3) - first quartile (Q1)) (3.6)

Also, the technique of singular spectrum analysis (SSA) is used to detect and
remove noise from time series by decompose the original time series into different
components after that eliminate the noise signal . It is an efficient method for analyzing
the initial time series into various components (Golyandina Nina et al., 2018; Karami
Farzane & Dariane Alireza B, 2022). This approach has shown to be effective in
diverse speciality areas, such as rainfall prediction(Reddy Pundru Chandra Shaker et
al., 2022), hydrology (Ouyang Qi & Lu Wenxi, 2018), drought forecasting (Pham
Quoc Bao et al., 2021), and groundwater prediction (Polom¢i¢ Dusan et al., 2017).

3. ldentifying The Best Model Input

Determining the appropriate predictors is fundamental in establishing a forecast
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model's structure and enhancing the performance of model. Therefore, the tolerance
approach was applied to identify the optimal scenario for the predictors to avoid
multicollinearity (Cali Davide et al., 2016; Pallant Julie, 2020). It recommended a
tolerance coefficient value equal to or higher than 0.2 for selecting the model's

predictors.
3.4. Optimisation Algorithms

4. Hybridised Constriction Coefficient-Based Particle Swarm Optimisation
and Chaotic Gravitational Search Algorithm (CPSOCGSA)

CPSOGSA is a hybrid heuristic optimization that utilizes the intensification potential

of the CPSO algorithm with the diversification capability of GSA's algorithm. The

components of this hybridization technique will be clarified in the subsections below.
A. Constriction Coefficient based Particle Swarm Optimization (CCPSO.)

The PSO algorithm is a popular optimization approach inspired by natural swarm
behaviour for birds or fish. The PSO architecture consists of three principal
parameters: abest, bbest and inertia weight. Where the abest and bbest assist the
finding of the search-space region. The inertia weight has a significant impact on the
process of global exploration. In (Equations 7,8), the Particle Swarm mathematical
formulation explains the updating of the process for the particle's location and velocity

during the alteration of the particle values.

v2(t+ 1) = w()v2(t) + ¢y (abest — x2(t)) (3.7)
+ cy1yp (bbest — x2(t))
x2(t+1)=x2(@) + vi(t+1) (3.8)

Where the ci,c2 are the learning constants, while rx1 and rxz are the numbers
range from O to 1.

Constriction coefficients were employed to improve Particle Swarm
Optimisation (PSO) exploitation stage by minimizing the impact of particle
movements outside the solution space and hastening convergence during the

optimization stage. The coefficients are described as follows:
@, = 2.05,¢, = 2.05 ¢ =@+ ¢, (3.9)
K=2/(¢p-2+(p2-9) (3.10)
Substituting the inertia weight by the notation K, (Equation 11) can be rewritten as in
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below:

v3(t+1) = Kvi(t) + K(plrxl(abestx(t) — x¢ (t)) (3.11)

+ K(pzrxz(bbest — x¢ (t))
Where K¢1=c1 , Kgz= C2
b. Chaotic Gravitational Search Algorithm CGSA.

Gravity and motion Newton's law is considered fundamental to the configuration
of the GSA algorithm. Newton's law states that “the gravitational force between two
masses is directly proportional to the product of their masses and inversely
proportional to the square of the distance between them™. Accordingly, the
gravitational force (F_ij) between masses (i.e., searching agents) (x) and (y) at time (t)
can be represented as in the following (Equation 12):

My () Mgy (T)
Ryy(t)+€

(3.12)

Foy = G(©) (x¢® +x¢®)

Where m,,, = the attractive mass, and m,,, = passive masses. While Ryy(t) =
the Euclidian distance between the two masses at the time (t), whilee= is a small
coefficient, and G = the constant help for controlling the solution space to secure a
feasible region.

The (G) constant can be represented by (Equation 13):

G(8) = G(t,)el-m) (3.13)

Where G(t,)&G(t) = the initial and final values of G, respectively. CI = the
current iteration, @ = the small constant, and MI = the maximum value of iterations.
The behaviour of G over time is proposed using a chaotic normalization (Rather Sajad
Ahmad & Bala P Shanthi, 2019a, 2019b). Hence, (Equation 14) descript the final
formula of the gravitational constant's:

Gc(t) — Clnorm(t) + G(to)e(—a%) (314)

The aggregate force exerted by the masses (i.e., searching agents) could be found

as shown in (Equation 15):

m
de(t) = Z Vnyy

y=1y#x

(3.15)

Where y value ranges from 0 to 1, it is essential to calculate the position and

velocity to find the global optimum, which could be represented according to
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(Equations 16, 17):
vt + 1) =y, vl (t) + al(t) (3.16)
x2(t+1) = x2(t) + vi(t + 1) (3.17)
Where a(t) = the mass acceleration.
C. the Combination algorithm (CPSOCGSA)

Combining the two heuristic techniques (CPSO and CGSA) could assist to
exceeded each technique's imperfections. The hybridization equation formula can be
described in (Equation 18):

vi(t+1) = (2/(go -2+ \/m)) v2(t) (3.18)
+ Kpama(ad(®) - 24())
+ K(pzrxz(bbest — x4 (t))

The particle's location is indicated by (Equation 19):
x3(t+1) = x2(t) +vi(t+ 1) (3.19)

PSOCGSA is a hybrid heuristic optimisation that utilises the intensification
potential of the CPSO algorithm with the diversification capability of GSA's
algorithm. The components of this hybridisation technique will be clarified in the

subsections below.

5. Marine Predators Algorithm (MPA)

Faramarzi Afshin et al. (2020) suggested MPA as one of the most recent nature-
inspired optimisation algorithms. The idea of the MPA algorithm is derived from the
movement of marine predators such as sunfish and sharks.

Step One: Prey’s Population Initialisation

The MPA starts by setting an initial random solution group X_0 according to
Equation (20) This random group is generated within the search space:

Xo = Xip + 1% (Xup — Xip)
(3.20)

Where: X, is the lower bond of variables and X,,;, is the upper bond of
variables.

r is a random vector in a range (0-1).

Step Two: Predator Matrix Creation
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In the MPA, both prey and predators are regarded as search agents because they
seek their own food. The top predator in the search agents, who is naturally more
skilled than other search agents, is called the Elite. Based on the information on prey
locations, the Elite matrix is mathematically updated. The Elite and prey matrix is
constructed as follows:

Xii X  Xia
Xh X3 X

Elite = (3.21)
o Xme Xaa
Xll X12 de

X = X21 ).(22 XZd (322)
Xn1 Xn2 Xnd

Step Three: MPA Optimisation Process

After creating the prey and Elite matrices, the locations of the prey and predators
are updated in three phases. The velocity ratio between the prey and the predator
determines these phases. The three phases consist of low-velocity ratio, unit velocity
ratio, and high-velocity ratio.

Phase One: High-Velocity Ratio

In this phase, the predator moves more quickly than the prey. Additionally, the
step size of prey movement is updated as shown in Equations (23) and (24).

S; = Rzy®(Elite; — Rg®X;), i=12..,n (3.23)

Where R: random vector where the values of its elements are in a range (0-1)
value., P: constant number.
Rg: random vector refereeing to the Brownian motion.

The ® symbol represents element-wise multiplication process.
This phase happens in one-third of the total number of iterations (i.e., gtmax)-

Phase Two: Unit Velocity Ratio
This phase simulates the process of looking for prey or food. Levy flight represents

the movement of the prey, while Brownian motion represents the predator's movement.
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This phase happens during the second-third of all iterations (i.e., étmax <t< gtmax).

The first half of the population is represented by using the following Equations.

S; = R.®(Elite; — R,®X;), i=12 ..,n
(3.25)

Where Rr: numbers following Levey distribution. The Equations (27) and (28)
are applied to the remaining half of the population:

S; = Rg®(Rz®Elite; — X;), i=12,..,n
(3.27)

t >2(ﬁ)

max

X; = X; + P.CFQS; ,CF = (1 — (3.28)

CF: The parameter that controls the movement of predator step size.

Phase Three: Low-Velocity Ratio
This phase is the last one in the optimisation process and simulates the predator's
movements when it is quicker than the prey. It happens in the latter third of all

. . . 2
iterations (i.e., gtmax)-

S, = R,®(R,QElite; — X;), i=12..,n
(3.29)

X;=X;+P.CF®S; ,CF = (1 — (3.30)

Step Four: Eddy Formation and FADs
It is also possible to include environmental parameters in the simulation, such as
the fish aggregation device and eddy formation. The FAD’s impact as:

_ {Xi + CF[Xpmin + R®Xmax — Xmin) QU if r < FAD
X; + [FADS(1 —7) + r](X,1 — X,2) if r > FAD (3.31)

i

Where r: random value in a range (0-1)., rl and r2 refer to the random indices
from the pre matrix., FADS: the FAD’s probability., and U: binary vector.

Step Five: Marine Memory
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Marine predators have a strong memory for successful foraging positions. This
was simulated by allowing the MPA to save the fitness values of the solution after each

iteration and compare them to fitness values from successive iterations.

6. Slime Mould Algorithm (SMA)

The slime mould algorithm (SMA), which was developed by Li Shimin et al.
(2020), has been utilized to resolve optimization issues such as the Prediction of water
consumption (Zubaidi Salah L et al., 2020), estimation of solar photovoltaic cell
parameters(Kumar C et al., 2020), and for optimal economic emission dispatch(Hassan
Mohamed H et al., 2021). SMA is suggested based on the nature of the oscillation
mode of slime mould. The algorithm primarily employs the weights to simulate the
negative and positive feedback of the slime mould's wave of propagation based on a
bio-oscillator to create the best path for connecting food with exploitation propensity
and good exploratory ability. The scenario is described in the following.

Firstly, in the food searching process, slim mould has utilized the odor in the air
reaches the foods. Then, based on the slime mould's behaviour, the procedure is

formulated below to simulate the mode contraction (Nakagaki Toshiyuki et al., 2000).

r Sy(®) +vb* (W +8,(t) —S(®)), r<

S(HD:{I,(l (W +84(6) - 55(®)) p c32)
e * S(t), r=p
vb is randomly generated within [a, —a] as:
vb = [—a,a] (3.33)
t
a = arctanh (— ( ) +1) (3.34)
max

S (t + 1) refers to the location that the current slime mould (S.M.) will occupy
next, §b a vector that includes the place with the greatest concentration of odours so

far discovered, $(¢) indicates the existing location of the (SM), and §A and §B are two
vectors representing the positions of two randomly chosen individuals from the
population, ¢ Linearly decreases from (1 to 0), tmax refers to the max iteration, t

points to the current iteration, the parameter r is a random number between 0 and 1,

and finally w Clarify the weight of slime mould and calculate as follows below:
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W(smell 1ndex(l))

bF — S(i) -
14+ 7= IOg m'*’ 1 , condition (335)
1 og(2E=5W L1 oen
— * ——————————
r og bF — wF , otner

Under the current iterations, bF refers to the optimal fitness value. At the same
time, wF stands for the worst one, (the smell index) points to the fitness values that are
sorted, the parameter r is a random number between (0 and 1), and the S(i) is a
condition that indicates the rank in the first half of the population. Relative to the
variable (p) in Equation (36) is modelled as follows:

p = tanh(|f (i) — DF) (3.36)

Wherei€1,2,3,...,n,f(i)isthe fitness of the current X , DF is the best fitness
obtained so far.

Secondly, This stage (the wrapped) mimics the contraction mode of the slime
mould's venous structure, which adjusts its placements based on the food quality; a
zone's weight increases when the food concentration is high. Otherwise, the zone's
weight is transferred to research other locations. The SM must determine when to leave
the present region for a new one to discover a range of food sources concurrently rather
than the previous one. In general, the mathematical model of updating the (S.M.)
location might be remodelled, as described in Equation (37), to imitate the SM's

methodology to identify numerous foods sources when foraging different locations.

Sy + 0B+ (W +5,(0) - 5(®),  r<p

SE+D = 32,50, - (3.37)
rand *» (UB — LB) + LB,rand < z

The search space's upper and lower boundaries are denoted by UB and LB,
respectively. (rand, and r) are randomly generated, ranging (from 0 to 1). The
probability z determines whether the SMA will explore other food sources or stay close
to the best available ones. In relative to vb , W , and 7¢ , They are applied to simulate

the change in venous width. The phases of SMA are described in the script below:

SMA, similar to other metaheuristic algorithms, requires a swarm to begin the
search. More details on the SMA algorithm can be found in Li Shimin et al. (2020).
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Figure 3.3. Flowchart of SMA Li Shimin et al. (2020)

3.5. Artificial Neural Network (ANN)

ANNs are an information-processing approach designed to simulate the
functioning of the human brain by attempting the same connectivity and processes as
biological neurons (Kouadri Saber et al., 2022). In this research, the ANN structure
was composed of four layers of neurons: an input layer which has WQ parameters and
rainfall data, two hidden layers to address the nonlinearity relationship, and an output
layer which has the target (WQI)(see Figure 3.4). The multilayer perceptron (MLP) is
performed with feed-forward backpropagation (FFBB). The efficiency with a low
error rate and speed of the learning algorithm (Levenberg-Marquardt, LM) was an
underlying factor employed with FFBB for training the ANN model (Payal Ashish et
al., 2015). Matlab Toolbox was running to implement the ANN technique.

The data were separated into three groups: training, testing, and validation, with
70%, 15%, and 15% of values utilised for each set, respectively, such as (Kulisz
Monika et al., 2021; Zubaidi Salah L., Gharghan Sadik K., et al., 2018).

However, the traditional method (trial and error) was time-consuming and did
not always introduce the optimal solution. As a result, combining metaheuristic
algorithms with the ANN model is regarded as a superior technique for determining
the optimal neurons’ number in the hidden layers (N1, N2) and selecting the best
learning rate coefficient (Lr). These hyperparameters are responsible for choosing the

best predictors and target mapping to avoid underfitting or overfitting the model.

33



Input Layer Hidden Layer 1 Hidden Layer 2 Output Layer

Figure 3.4. ANN structure for CPSOCGSA-ANN

3.6. Model Performance Assessment

Three statistical criteria are used in this study to evaluate the WQI prediction
model's performance. The criteria are the root means squared error (RMSE, (Equation
38)), mean absolute error (MAE, (Equation 39)), and determination coefficient (R,
(Equation 40)) (Mohammadi Babak et al., 2020; Mohammadi Babak & Mehdizadeh
Saeid, 2020):

wAp — 2iz1l0i — Fil (3.38)
N
(3.39)
RMSE:\/ =10 — F)?
N

pz _ | B0 0)(F-F) |

- 3.40
VE©; = 0)?%(F, — F)? (3.40)

where 0;= represents observed WQI, F;= predicted WQI, N = sample size, F, = mean
of predicted WQI, and 0,= mean of observed WQI.
Additionally, the Taylor diagram was selected to evaluate the modelling results

by presenting pattern statistics to create a visual comprehension of performance by
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showing diverse points on a polar plot for multisets of modelling outcomes (Taylor
Karl E., 2001).
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4. RESULTS AND DISCUSSION

4.1. Water Quality Index Assessment

The assigned weight index approach was juxtaposed with the WHO standards
for drinking water quality to calculate The Water Quality Index for The Yesilirmak
river. Table 4.1 presents the eleven parameters that were combined for the WQI
prediction and the descriptive statistics values for them. As can be observed, the WQI
varies from 37.41 to 181.06, and the mean was 51.36; this variation reflects the
unsuitability for drinking, as shown in Table 3.2 .calcium(Ca*?), nitrite(NO2),
chloride(CIY), and sodium(Na) contents did not exceed the acceptable range in any
tested values. While pH, biological oxygen demand (BOD), electrical conductivity
(EC), magnesium (Mg*? ), sulfate (SO42) and total dissolved solids (TDS) were higher
than the specified value in the WHO guidelines. In the same context, the dissolved
oxygen exceeded the minimum acceptable value in six samples during the monitoring

periods.find Table 1 (full calculation for WQI of Yesilirmak river).

Table 4.1. Descriptive statistics for the Yesilirmak river (1995-2014).

Variables Mean Min. Max. Std. Error  standard
WQlI 51.36 37.41 181.06 1.51 -
BODs (mg/l) 4.06 0.0 40.00 0.46 5
DO (mg/l) 7.60 0.04 12.70 0.18 5
pH 8.25 6.90 9.00 0.03 6.5-8.5
Ca*? (mg/L) 55.59 19.00 129.00 1.55 300
CIt (mg/l) 22.78 1.28 102.90 1.04 250
EC (uS/cm) 710.03 399.00 1903.00 14.66 250
Mg*? (mg/L) 39.81 17.60 105.20 0.94 30
Na** (mg/l) 37.83 10.16 73.80 1.02 200
NO2! (mg/l) 0.08 0.0 0.80 0.01 3
SO4%(mg/l) 54.50 16.80 352.00 3.20 250
TDS (mg/l) 461.16 241.00 1217.90 9.49 1000

4.2. Preparation of Input and Target Variables

The input data (i.e., WQ parameters and rainfall) and target data (WQI)) were
normalized by applying anatural logarithm (Ln) to minimize the adverse impact of

extreme values and achieve the normal time series distribution. Then, if any outliers
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remained after the normalization, it was adjusted. The box plot technique displayed
in (Figure 4.1) decreased the variation scale of normalization data compared to the raw
data. It also showed how the data had been cleaned from outliers.

After that, the SSA was applied to decompose the normalized and cleaned time
series into three different components to eliminate the noise. Also, the data pre-
processing technique enhanced the correlation coefficient (R) between the dependent
and independent factors, such as improving the correlation between WQI and chlorine
from 0.609 to 0.7106.

.
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Figure 4.1. Box plot drawings of WQI with some of the selected parameters before and after

Normalised and cleaned data

After that, the singular spectrum analysis technique (SSA) was applied to
decompose the original time series into three different components to eliminate the
noise. The initial time series (after normalised and cleaned) for WQI (1st shape), the

denoise time series (2nd shape) and two noise signals (3rd and 4th shapes) are shown
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in Figure 4.2.
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Figure 4.2. the WQI initial time series, the denoise time series and two noise signals

Also, We observed that the (SSA) technique enhanced the correlation coefficient
(R) between the water quality parameters and the target (WQI), such as improving the
correlation of the water quality index with Chlorine and magnesium (from 0.609 to
0.7106),(from 0.527 to 0.616) respectively.

Then, A tolerance approach was applied to select the optimal model input
scenario to simulate the WQI with high accuracy and prevent multicollinearity by
clearing superfluous parameters. According to (Pallant Julie, 2020), the tolerance
coefficient for the nominated input variables must be higher than 0.2. As shown in
Table 4.2 below, five variables were chosen; biological oxygen demand, Chlorine,

magnesium, potassium and rainfall as the optimal input data model.

Table 4.2. Collinearity statistics for the specified predictors

Predictors Tolerance value
BODs 0.645
cL* 0.352
Mg*? 0.543
Na*! 0.520
Rainfall 0.729

In the last step, according to (Gharghan, Nordin and Ismail, 2016; M Kulisz and
Kujawska, 2021), the preprocessing data were categorised into 70% training, 15%

testing, and 15% validation to create and evaluate the forecasting model.
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4.3. Configuring the Hybrid Model

The artificial neural network was hybridized with a metaheuristic approach to
locate the optimum LR, N1, and N2. The Matlab program was used for running the
hybrid models (i.e., MPA-ANN, CPSOCGSA-ANN,SMA-ANN and PSO-ANN) to
identify the optimum ANN's hyperparameters (LR, N1, and N2). This research utilized
swarm sizes (10, 20, 30, 40, and 50 pop) for every swarm repeated five times with (
200 iterations ) to achieve the minimum fitness function (MSE). For example, Figure
4.3 depicts the CPSOCGSA-ANN performance and exposes the optimum fitness

function for all swarms of WQI.
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Figure 4.3. CPSOCGSA algorithm Performance for WQI

In addition, Figure 4.4 depicts the effectiveness of the MPA-ANN algorithm and
the optimal fitness function for each swarm in WQI.Also,Figure 4.5 displays the
performance of the SMA-ANN algorithm and shows the best fitness function for each
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swarm in WQI.
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Figure 4.5. Performance of the SMA algorithm for WQI

Hwoever, Figure 4.6(A) shows that the swarm size (30s) was superior in the
CPSOCGSA algorithm and produced the minimum fitness function (MSE = 0.001283,
with five Iterations). While, swarm size (40s) for the MPA algorithm introduces the
best solution within the fitness function (MSE= 0.01341, with nine Iterations), as
shown in Figure 4.6(B). About the SMA algorithm Figure 4.6(C), the size (401)
outperformed other swarms and achieved the lowest fitness function (MSE = 0.0131,
with 18 Iterations). Finally, the PSO algorithm within swarm size (404) was superior
to other PSO swarms and gave less error (MSE=0.01479, with 94 Iterations), as shown
in Figure 4.6(D).
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Figure 4.6. Best performed of (CPSOCGSA, PSO, SMA, and MPA) algorithms for WQI modelling

Table 4.3 displays the hyperparameters for ANN models and optimal swarm
performance for each metaheuristic algorithm. Where Lr is the rate of learning and N1,
N2 is the number of nodes in the hidden layers. Also, For more clarification, find

Figure Figure 3.4 above.

Table 4.3. ANN hyperparameters of all algorithms

Model Lr N1 N2
CPSOCGSA-ANN 0.6622 3

MPA-ANN 0.013 4

SMA-ANN 0.0491 4 18
PSO-ANN 0.2321 1 4

4.4. Forecasting Results of Various Algorithms

After determining the optimal hyperparameters for the ANN approach, each
ANN method was run several times to identify the optimal network that delivers an
accurate result. Three statistical metrics (RMSE, MAE, and R2) were employed to
assess the model's effectiveness in predicting WQI data. The results of the performance
criteria indices for the CPSOCGSA-ANN, PSO-ANN, and MPA-ANN strategy in the
validation section are depicted in Table 4.4 (Dawson Christian W et al., 2007). The
CPSOCGSA-ANN was superior to other models because it realized the minimum
values of MAE, RMSE criteria and the highest value of R?.

Table 4.4. Performance assessment for validation data stage.

Model MAE RMSE R?
CPSOCGSA-ANN 0.01627 0.0187 0.965
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Model MAE RMSE R?

MPA-ANN 0.0308 0.0391 0.937
SMA-ANN 0.0186 0.0210 0.921
PSO-ANN 0.0324 0.0399 0.924

The Taylor diagram (Fig. 4.7) was utilized to evaluate the hybrid models’
performance in the validation phase. The measured WQI time series is constituted by
the red character (Reference) on the Taylor diagram's X-axis. Taylor's graphical
diagram compares three statistics, including correlation coefficient (R), standard
deviation (SD), and root mean square error difference (RMSD). It thus delivers a
dependable evaluation of the relative performance of various strategy (Ghorbani
Mohammad Ali et al., 2018; Tao Hai et al., 2021). Regarding the Taylor diagram, the
CPSOCGSA-ANN model was indicated to be the best forecast model compared with
the PSO-ANN and MPA-ANN models because it is the nearest to the reference point.
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Figure 4.7. Taylor diagrams for different forecasting models

Moreover, to increase the reliability of the CPSOCGSA-ANN strategy, the
Kolmogorov_Smirnov (K_S) and Shapiro_Wilk (S_W) tests were adopted to test the
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normality of the error data. The results showed that the (p-values) of K_ S and S W
tests were more than 0.05, indicating that the errors have a normal distribution
according to Valentini Marlon et al. (2021) (see Table 4.5).

Table 4.5. Tests of Normality

Target Kolmogorov-Smirnova (K_S) Shapiro-Wilk (5_W)
WQI 0.200 0.224

Based on the above results, it is possible to conclude that:

e The assessment result of Yesilrmak river varied from good to poor, except for
one point (June in 2000) that was unsuitable for drinking.

e The SSA and tolerance approach has high benefits for enhancing data quality
and picking the optimized scenario for input parameters.

e Comparing the performance accuracy of the hybrid models, including
CPSOCGSA-ANN, PSO-ANN,SMA-ANN and MPA-ANN, showed that the
CPSOCGSA-ANN was a reliable and superior model to predict WQI data.
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5. CONCLUSION AND RECOMMENDATIONS

The present research has assessed the WQ during the monitoring period (1995-
2014) for the Yesilrmak river within the provincial borders of Corum, Turkey. To this
end, eleven physicochemical parameters were assigned to calculate the WQI. The
result varied from good to poor, except for one point (June 2000) that was unsuitable
for drinking, as shown in Table 1. Additionally, this study employed novel
hybridization models combining pre-processing data and ANN approach optimized by
multiple metaheuristic methods (i.e., CPSOCGSA, MPA,SMA and PSO) to predict
the WQI. Also, to raise the accuracy of models, the implications of climate factors
cannot be neglected; hence, adopting rainfall beside the WQ parameters as predictors.
The results for the models presented two crucial aspects. The first aspect confirms that
pre-processing methods (i.e., SSA and tolerance) enhanced the dataset quality and
yielded appropriate scenario of predictors. The second aspect, the performance of
CPSOCGSA-ANN, was superior to other models (MPA-ANN,SMA-ANN and PSO-
ANN) that yielded Rz = 0.965, MAE = 0.01627, and RMSE = 0.0187.

For future research, it is recommended to use these metaheuristic algorithms to
integrate other machine learning models. Also, assess the impact of additional
predictors such as an expansion of urbanization, the volume of wastewater discharges,

and water consumption.
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Figure 2. The Ca*? initial time series, the denoise time series and two noise signals
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Figure 3. The CI* initial time series, the denoise time series and two noise signals
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Figure 4. The mg*? initial time series, the denoise time series and two noise signals
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Figure 5. The Na*2 initial time series, the denoise time series and two noise signals
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Figure 6. The rainfall initial time series, the denoise time series and two noise signal
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Table 1. Water Quality Index calculation

Date wQl DO pH BODs Ca*? Cl-1 EC (uS/cm) Mg*?2 Na*! (mg/l) NO; ' SO4s2(mg/l) TDS

(mg/l) (mg/l) (mg/L) (mg/l) (mg/L) (mg/l (mg/l)
199 46.540 3.472 11.624 7.590 0.390 0.742 7.718 7.487 1.049 0.1)37 2.384 3.949
fé29 39.806 8.547 8.205 2.872 0.747 0.196 7.641 4718 0.813 0.034 2.125 3.908
159/)2 55.609 10.150 7.521 10.462 0.079 0.359 8.705 10.598 1.085 0.137 2.051 4.462
'159/)% 53.411 8.480 9.368 10.974 0.687 0.423 8.266 7.017 0.994 0.650 2.290 4.263
155/9% 46.185 10.150 7.521 7.795 0.600 0.359 7.090 5.709 1.069 0.103 2.158 3.631
gglfill 65.277 4.674 7.521 22.769 0.546 0.774 10.590 7.043 1.815 0.034 4.094 5.415
159 55.421 8.360 9.368 12.779 0.687 0.306 8.559 7.026 1.000 0.650 2.256 4.432
fé‘; 65.114 13.889 8.889 20.513 0.636 0.056 8.026 7.060 0.333 0.000 1.600 4113
f@l)g 57.720 8.280 9.368 14.421 0.687 0.288 8.754 7.492 1.004 0.650 2.233 4.544
f@l)% 47.818 11.485 9.573 0.000 0.453 0.033 8.564 8.291 0.503 2.735 1.793 4.390
61/;; 58.982 8.280 8.889 14.359 0.870 0.288 9.474 7.573 1.177 1.368 1.854 4.851
175% 46.656 8.948 9.573 6.154 0.902 0.310 8.744 3.863 1.069 0.137 2.200 4,757
179/;91) 50.001 8.133 9.368 7.692 0.687 0.212 9.144 6.145 1.012 0.650 2.188 4.770
Iég 59.892 8.013 11.624 8.205 1.097 0.473 11.538 7.624 1.398 0.786 2.888 6.246
1753 38.366 6.277 9.573 2.051 0.805 -0.222 7.692 5.521 0.522 0.684 1.268 4.195
71;5;5 39.605 8.280 8.889 0.000 0.818 -0.101 8.013 5.128 0.705 2.017 1.497 4.359
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Date  WQI DO pH BODs Ca*? Cl-1 EC (uS/cm) Mg*? Na** (mg/l) NO;!'  SO42(mg/l) TDS

(mg/1) (mg/l) (mg/L) (mg/l) (mg/L) (mg/l (mgl/l)
199  48.232 7.973 9.368 5.641 0.687 0.119 9.535 6.103 1.021 0.6250 2.143 4.995
fsl;:) 48.337 7.933 9.368 5.641 0.687 0.119 9.632 6.103 1.023 0.650 2.132 5.051
ZI%% 58.407 6.544 10.940 12.308 1.060 0.484 10.769 6.479 1.407 0.068 2.954 5.395
fé89 52.694 6.677 10.940 8.205 0.856 0.314 9.551 7.282 1.143 0.650 2.224 4.851
3/919]} 46.693 8.413 8.889 8.615 0.715 0.069 7.308 5.880 0.713 0.103 2.244 3.744
139 38.685 7.746 6.838 5.333 0.809 0.114 7.090 4.906 0.667 0.034 1.518 3.631
195/;519 50.482 7.879 7.521 11.692 0.420 0.265 8.513 6.342 1.169 0.068 2.252 4.359
i/)g 39.232 8.948 6.838 6.154 0.636 -0.154 6.538 4.889 0.503 0.068 1.469 3.344
fS/)% 41.576 6.811 6.838 4718 0.456 0.124 7.526 8.222 0.867 0.000 2.158 3.856
?2/01(% 44.590 8.547 7.521 6.769 0.438 0.078 7.756 6.632 0.785 0.205 1.887 3.969
S(IJZO 42.422 7.212 5.470 6.359 0.456 0.474 8.923 6.444 1.162 0.000 1.358 4.564
ZOgé 181.061 19.444 3.419 82.051 2.056 2.885 24.397 17.983 1.892 0.000 14.441 12.491
%% 56.782 14557  12.308 6.154 0.539 0.173 8.359 7.726 0.823 0.205 1.657 4.280
%% 49.527 9.215 7.521 8.205 0.557 0.242 8.936 7.453 0.823 0.068 1.932 4574
02/013 41.097 9.615 8.205 2.051 0.632 0.101 7.718 5.744 0.795 0.137 1.899 4.199
21(/)%) 43.866 11.485 8.889 1.846 0.575 0.219 8.038 5.556 0.767 0.137 1.986 4.369
21(/)% 46.186 12.153  10.940 0.000 1.034 -0.063 8.590 6.103 0.839 0.000 1.904 4.687
21(/)% 44.236 4541 11.282 6.154 0.853 -0.012 8.179 5.962 0.624 0.479 1.726 4.449
21/(/)% 48.521 10.817 8.889 6.154 0.608 -0.073 8.718 5.915 0.878 0.000 1.887 4.728
1/11
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Date  WQI DO pH BODs Ca*? Cl-1 EC (uS/cm) Mg*? Na** (mg/l) NO;!'  SO42(mg/l) TDS

(mg/1) (mg/l) (mg/L) (mg/l) (mg/L) (mg/l (mgl/l)
200  44.173 9.615 8.205 4.103 0.759 -0.150 8.308 6.034 0.735 0.6284 1.358 4,523
22(/;(1) 48.055 10.216 9.231 5.128 0.758 0.043 8.750 5.949 0.892 0.479 1.984 4.626
22(/;(1) 51.648 11.218 9.573 6.154 0.902 0.323 9.000 5.778 1.086 0.274 2.449 4.892
22(/)% 46.189 7.612 10.940 4.103 0.913 0.160 8.782 5.983 0.906 0.239 2.080 4.472
22(/)% 60.334 9.615 13.675 8.205 1.039 0.488 10.269 7.538 1.333 0.205 2.622 5.344
22/33 42.495 10.016 8.889 0.615 0.582 0.206 7.487 7.675 0.733 0.034 2421 3.836
23(/)%) 41.037 10.016 6.154 4,923 0.438 0.196 7.654 5.385 0.862 0.171 1.321 3.918
23(/;(1) 49.495 8.814 7.521 10.256 0.331 0.105 7.692 7.897 0.805 0.034 2.101 3.938
23(/)((5) 47.506 10.417 7.521 6.154 0.672 0.101 8.128 6.957 0.846 0.137 2.408 4.164
23(/)% 45.758 10.016 7.521 5.744 0.510 0.219 8.026 6.444 1.023 0.205 1.936 4113
35/013 42.523 9.215 6.154 6.154 0.456 0.101 7.846 6.632 0.751 0.068 1.124 4.021
;é%) 52.981 13.355 5.470 8.205 0.960 0.265 9.731 6.239 1.105 0.000 2.667 4.985
;gé 56.818 15.358 7.521 10.256 0.816 0.359 8.679 6.444 0.862 0.137 1.941 4.444
;é% 55.003 15.358 6.838 8.205 0.852 1.026 9.179 6.034 0.951 0.034 1.826 4.699
g(/)% 43.596 12.153 5.470 1.436 0.356 0.310 8.269 8.530 0.823 0.274 1.739 4.236
2/0101 54.233 8.814 10.940 10.256 0.564 0.288 8.385 7.402 1.026 0.034 1.965 4.559
g(/)%) 84.282 9.081 13.675 36.923 0.438 0.382 8.051 7.966 1.074 0.034 2.277 4.379
25(/)1(1) 64.411 8.347 12.923 18.462 0.657 0.278 8.705 7.147 1.013 0.034 2.110 4.735
25(;)2) 44.263 7.612 12.171 0.000 0.633 0.173 9.359 6.328 0.952 0.000 1.944 5.091
5
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Date  WQI DO pH BODs Ca*? Cl-1 EC (uS/cm) Mg*? Na** (mg/l) NO;!'  SO42(mg/l) TDS

(mg/1) (mg/l) (mg/L) (mg/l) (mg/L) (mg/l (mgl/l)
200  43.318 9.615 9.846 0.000 0.657 0.061 9.083 6.506 0.872 0.300 1.737 4.941
g/gg 42.518 11.619 7.521 0.000 0.826 -0.051 8.808 6.684 0.791 0.000 1.530 4.790
26(/)%) 37.411 10.150 10.940 4.103 0.544 -0.435 5.115 3.573 0.261 0.000 0.689 2472
%‘(‘) 53.321 9.215 9.573 8.205 0.924 0.242 10.744 5.983 1.021 0.103 2.400 4.913
g(/)% 58.244 10.283 8.205 16.410 0.910 0.117 8.628 6.564 0.877 0.137 1.764 4.349
g(/)% 60.060 11.619 10.940 8.205 1.006 0.669 10.667 6.786 1.429 0.615 2.708 5.415
e;/gg 49.917 10.337 6.154 8.205 0.758 0.235 9.195 6.568 0.919 0.068 2.216 5.262
27(/)%) 51.667 10.337 6.222 11.077 0.758 0.235 9.187 6.568 0.922 0.000 2.207 4.154
27(/)% 55.123 9.348 6.838 13.744 0.546 0.173 8.731 7.282 0.908 0.068 2.347 5.138
27(/)% 47.180 11.351 8.889 2.051 0.798 0.173 10.244 5.932 0.815 0.000 2.219 4.708
27(/)% 53.926 8.948 7.521 13.538 0.672 0.588 9.038 6.120 1.000 0.342 2.219 3.938
72/33 59.805 10.283 6.838 20.513 0.600 0.265 7.731 5.915 1.003 0.068 1.760 4.831
%% 47.771 9.482 6.154 6.154 0.510 0.392 8.987 8.308 0.962 0.000 2.166 4.656
%ﬁ) 63.171 13.221 8.205 16.410 0.277 0.405 8.372 8.205 0.995 0.068 1.977 5.035
S(/)% 46.816 10.150 6.154 4.103 0.906 0.242 9.513 7.795 0.641 0.068 2.059 5.186
S(/)% 40.324 11.752 -0.684 4.103 0.575 0.242 9.551 6.564 0.915 0.034 1.969 5.303
%/0101 46.933 10.016 6.838 4.103 0.862 0.219 9.308 7.282 0.977 0.034 2.211 5.084
3(/)%) 46.236 10.817 6.838 4.103 1.473 0.569 10.205 3.009 1.264 0.068 2.757 5.133
3(;)‘(1) 48.708 10.417 6.838 4.103 1.247 0.178 9.744 7.145 1.042 0.342 2.470 5.183
9/6
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Date  WQI DO pH BODs Ca*? Cl-1 EC (uS/cm) Mg*? Na** (mg/l) NO;!'  SO42(mg/l) TDS

(mgll) (mg/l) (mg/L) (mg/l) (mg/L) (mgl/l (mg/l)
200  43.563 9.348 7.111 2.051 0.561 0.099 9.641 6.474 0.890 0.300 2.081 5.308
3(/)% 45.277 8.146 9.573 3.077 0.234 0.101 8.846 7.077 0.938 0.000 2.002 5.283
%/01% 42.883 10.150 4.786 4.103 0.750 0.019 8.885 6.667 0.909 0.000 1.846 4.769
g(/)zl 43.816 9.882 6.838 2.051 0.993 0.086 9.064 6.342 0.922 0.068 2.187 5.383
g(/)i 43.052 9.749 8.889 0.000 1.132 0.184 9.295 5.197 1.056 0.034 1.957 5.559
g(/)i 45.537 12.153 10.256 0.000 0.747 0.067 7.897 6.325 0.860 0.137 1.936 5.159
g(/)?L 43.746 10.283 7.658 0.000 0.758 0.235 9.054 6.568 0.972 0.068 2.048 6.103
%/311 53.593 9.482 7.248 8.697 0.697 0.206 10.282 9.333 0.526 0.103 2.363 4.656
21(/)i 49.470 10.150 7.521 8.697 0.349 0.219 8.103 6.137 0.946 0.137 2.539 4.672
21(/)1 47.103 9.348 7.521 2.872 0.834 0.359 10.038 8.103 1.010 0.137 2.408 4.472
21(/361 52.080 9.749 10.256 5.128 0.564 0.265 9.205 8.308 0.972 0.000 2.392 5.241
215 63.274 8.013 7.521 21.538 0.438 0.402 9.128 8.017 1.149 0.068 2.322 4.677
l2/311 49.763 3.606 8.205 12.308 0.780 0.219 9.449 7.983 1.041 0.068 2.146 3.959
22é21 58.185 9.215 6.838 16.410 0.456 0.359 9.103 8.513 0.564 0.034 2.088 4.605
22(/;1 53.183 8.681 8.205 10.256 0.618 0.542 9.833 7.692 1.149 0.000 1.920 4.286
22(/361 52.422 9.215 8.205 8.205 1.057 0.565 10.128 5.419 1.067 1.368 2.322 4.872
22(/)2 50.843 7.212 9.573 8.205 0.981 0.196 10.346 6.547 0.985 0.068 1.838 4.892
22/0111 48.182 7.786 9.231 4.103 0.823 0.274 10.188 6.564 1.097 0.684 2.370 5.064
22(;)21 45,943 7.626 9.436 1.436 0.823 0.274 10.030 6.564 1.128 0.684 2.391 5.552

4
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Date  WQI DO pH BODs Ca*? Cl-1 EC (uS/cm) Mg*? Na** (mg/l) NO;!'  SO42(mg/l) TDS

(mg/1) (mg/l) (mg/L) (mg/l) (mg/L) (mg/l (mgl/l)
)
201  50.526 8.681 9.573 4.103 1.189 0.351 9.872 6.581 1.171 1.299 2.425 5.282
3/6
201  52.304 9.348 9.573 8.205 0.840 0.181 9.756 6.162 0.938 0.000 2.055 5.245
3/8
201  43.882 7.171 9.983 0.000 0.823 0.178 9.821 7.082 1.221 0.308 2.454 4.841
3/11
201  58.366 8.146 10.256 12.308 0.952 0.174 9.885 8.000 1.023 0.615 2.174 4.831
4/2
201  55.057 6.864 10.393 10.256 0.823 0.336 10.192 7.137 1.283 0.342 2.497 4.933
4/4
201  50.889 2.537 10.940 10.256 1.233 0.497 10.500 6.274 1.229 0.068 2.297 5.056
4/6
201  56.575 6.143 10.256 12.308 1.061 0.498 10.474 6.479 1.298 1.436 2.581 4.041
4/8
201  60.376 8.146 11.624 8.697 1.127 0.893 11.538 7.863 1.826 0.103 3.602 4.957
4/11
Table 2. Preprocessing Data
Date Rainfall ~ WQI DO pH BODs(mg/l) Ca* ClI? EC Mg*? Na*! NO; S04 TDS
(mg/l) (mg/L) (mg/l) (uS/cm) (mg/L) (mg/l) (mg/l) (mg/l) (mg/l)
1995/2 35 3.84 2.13 2.12 1.41 3.78 3.15 6.43 3.61 3.63 0.03 3.97 5.99
1995/4 3.47 3.87 2.09 2.11 1.46 3.83 3.17 6.45 3.59 3.63 0.05 3.97 6
1995/6 3.45 3.89 2.06 2.11 1.56 3.83 3.2 6.44 3.61 3.66 0.06 3.97 6
1995/8 3.38 3.94 2.07 2.1 1.74 3.86 3.29 6.47 3.63 3.7 0.07 3.99 6.02
1995/11 3.45 3.98 2.11 2.1 1.91 3.86 3.34 6.48 3.65 3.74 0.07 4.01 6.04
996/2 3.3 4.04 2.15 2.1 2.09 3.89 3.32 6.52 3.67 3.71 0.07 4 6.08
1996/4 3.06 4.07 2.12 2.11 2.15 3.91 3.2 6.52 3.7 3.64 0.08 3.95 6.08
1996/6 2.53 4.08 2.04 2.12 221 3.9 3.05 6.51 3.75 3.54 0.1 3.88 6.07
1996/8 2.29 4.04 2 2.12 2.14 3.91 2.98 6.51 3.78 3.56 0.14 3.86 6.07
1996/11 2.38 3.99 1.98 2.12 2.04 3.93 2.98 6.53 3.78 3.61 0.15 3.84 6.09
1997/2 2.88 3.96 2.04 2.12 1.87 4.01 3.06 6.55 3.72 3.7 0.15 3.88 6.12
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1997/4
1997/6
1997/8
1997/11
1998/2
1998/4
1998/6
1998/8
1998/11
999/3
1999/4
1999/6
1999/8
1999/11
2000/2
2000/4
2000/6
2000/8
2000/11
2001/2
2001/4
2001/6
2001/8
2001/11
2002/4
2002/4
2002/6
2002/8
2002/11
2003/2
2003/4

3.43
3.69
3.66
3.56
3.63
3.63
3.6
3.54
3.6
3.61
3.58
3.49
3.45
3.45
3.63
3.74
3.68
3.46
3.26
3.13
2.89
2.78
2.87
3.32
3.51
3.62
3.37
3.41
3.54
3.63
3.29

3.94
3.92
3.88
3.81
3.79
3.83
3.91
3.96
3.92
3.86
3.79
3.78
3.75
3.76
3.82
3.92
4.03
4.01
3.93
3.82
3.79
3.8
3.82
3.83
3.84
3.86
3.9
3.91
3.9
3.84
3.82

2.08
2.14
2.17
2.19
2.18
2.18
2.19
2.21
2.21
2.18
2.16
2.15
2.14
2.16
2.12
2.03
191
1.86
1.88
1.89
191
1.93
2.02
2.01
1.98
1.95
1.97
2.01
2.01
2.01
1.99

2.13
2.13
2.14
2.13
2.13
2.12
2.13
2.14
2.13
2.12
21
2.09
2.08
2.08
2.08
2.08
2.09
2.11
2.11
2.12
2.12
2.14
2.14
2.13
2.12
2.12
2.13
2.14
2.13
2.12
2.1

1.68
1.49
1.3
1.13
1.11
1.25
1.46
1.63
1.63
1.62
1.55
1.54
1.45
1.4
1.46
1.56
1.69
1.54
131

0.93
1.02
1.19
1.27
1.26
1.25
1.29
1.2
1.13
1.04
1.2

4.08
413
4.15
412
4.08
4.05
4.08
412
412
4.04
3.95
3.85
3.79
3.73
3.71
3.71
3.74
3.79
3.83
3.9
3.98
4.06
4.07
4.03
4.03
4.07
414
4.15
4.08
3.9
3.77

3.12
3.11
3.01
2.83
2.74
2.82
2.99
3.12
3.09
3.02
2.95
2.94
2.9
2.94
3.05
3.22
3.29
3.19
3.08
2.94
2.86
2.71
2.63
2.58
2.67
2.81

3.1
3.16
3.09
3.02

6.58
6.6
6.59
6.54
6.53
6.56
6.62
6.62
6.55
6.46
6.39
6.37
6.35
6.39
6.46
6.56
6.62
6.58
6.52
6.46
6.46
6.47
6.48
6.5
6.5
6.52
6.55
6.55
6.53
6.47
6.43

3.66
3.62
3.6
3.56
3.52
3.53
3.59
3.63
3.61
3.56
3.5
3.52
3.56
3.65
3.7
3.77
3.81
3.79
3.72
3.6
3.55
3.54
3.55
3.55
3.55
3.55
3.57
3.63
3.67
3.7
3.68

3.74
3.77
3.74
3.65
3.58
3.63
3.73
3.78
3.67
3.55
3.48
3.52
3.52
3.55
3.58
3.66
3.67
3.59
3.5
3.44
3.41
3.4
3.37
341
3.46
3.55
3.64
3.66
3.66
3.55
3.51

0.14
0.15
0.17
0.19
0.19
0.16
0.14
0.1
0.09
0.05
0.04
0.02
0.02
0.02
0.02
0.02
0.02
0.03
0.03
0.03
0.04
0.04
0.07
0.08
0.11
0.11
0.1
0.07
0.05
0.04
0.03

3.95

3.99
3.9
3.84
3.9
3.99
4.08
4.01
3.94
3.82
3.82
3.79
3.83
3.84
3.85
3.84
3.82
3.83
3.84
3.84
3.83
3.81
3.82
3.86
3.92
3.99
4.03
4.05
4.01
3.97

6.17
6.19
6.19
6.14
6.13
6.15
6.19
6.18
6.1
6.01
5.94
5.92
591
5.94
6.01
6.11
6.17
6.13
6.09
6.05
6.06
6.08
6.09
6.1
6.11
6.12
6.14
6.13
6.1
6.02
5.98
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2003/6
2003/8
2003/11
2004/2
2004/4
2004/6
2004/8
2004/11
2005/2
2005/4
2005/6
2005/8
2005/11
2006/2
2006/4
2006/6
2006/8
2006/11
2007/2
2007/4
2007/6
2007/8
2007/11
2008/6
2008/4
2008/6
2008/8
2008/11
2009/2
2009/4
2009/6

2.67
2.34
2.5
2.93
3.29
3.49
3.57
3.73
3.74
3.63
341
3.34
3.5
3.63
3.52
3.31
3.12
3.21
3.39
3.42
3.42
3.25
3.4
3.28
3.13
2.9
3.02
3.47
3.86
3.9
3.72

3.82
3.83
3.84
3.86
3.92
3.96
3.96
3.95
4.01
4.05
4.03
3.91
3.8
3.76
3.79
3.91
3.99
4.02
3.99
3.96
3.95
3.95
3.97

3.99
3.96
3.89
3.83
3.82
3.83
3.84

1.99
1.98
1.95
1.89
1.79
1.71
1.72
1.81
1.95
2.05
21

2.07

1.94
1.93
1.94
1.92
1.89
191
1.92
1.95
1.94
1.97
1.95
1.95
1.9
1.89
1.87
1.89
191
1.96

2.09
2.09
2.08
2.07
2.07
2.07
2.08
2.1
2.13
2.15
2.17
2.15
2.14
2.13
2.12
2.13
2.12
2.11
2.09
2.09
2.09
2.09
2.09
2.09
2.08
2.08
2.08
2.08
2.08
2.08
2.09

1.35
1.45
1.44
1.47
1.57
153
1.43
1.39
1.66
1.92
2.04
1.9
17
1.56
1.54
1.64
1.75
1.77
1.78
1.69
1.65
1.61
1.74
1.88
1.83
1.68
1.38
1.22
11
1.05
0.99

3.7
3.75
3.81

3.9
4.01
4.02
3.97
3.81
3.77
3.77
3.85
3.91
3.95
3.98
4.01

4.1
4.14
4.16
4.08
4.02
3.96
3.96
3.92
3.83
3.77
3.75
3.88
4.01

4.2
4.28
4.21

2.95
2.93
2.96
3.01
3.12
3.2
3.26
3.24
3.21
3.17
3.1
2.97
2.8
2.72
2.74
2.92
3.07
3.2
3.16
3.1
3.07
3.12
3.21
3.24
3.25
3.21
3.15
3.15
3.15
3.17
3.07

6.41
6.43
6.45
6.49
6.53
6.54
6.53
6.5
6.48
6.49
6.52
6.54
6.54
6.54
6.54
6.59
6.6
6.63
6.59
6.59
6.58
6.57
6.55
6.51
6.51
6.53
6.57
6.6
6.62
6.63
6.62

3.69
3.68
3.67
3.64
3.62
3.64
3.68
3.76
3.79
3.78
3.72
3.68
3.63
3.59
3.56
3.57
3.61
3.65
3.67
3.66
3.65
3.61
3.62
3.66
3.76
3.8
3.79
3.71
3.66
3.62
3.64

3.49
3.52
3.56
3.56
3.6
3.57
3.58
3.58
3.64
3.67
3.66
3.6
3.53
3.5
3.5
3.6
3.66
3.73
3.67
3.61
3.56
3.57
3.6
3.63
3.6
3.55
3.49
3.56
3.64
3.72
3.69

0.03
0.04
0.03
0.03
0.02
0.03
0.03
0.04
0.03
0.02
0.01

0.01
0.04
0.06
0.07
0.05
0.03
0.02
0.03
0.04
0.03
0.02
0.01
0.01
0.01
0.02
0.03
0.04

3.95
3.93
3.92
3.91
3.93
3.89
3.85
3.83
3.88
3.92
3.91
3.84
3.76
3.75
3.79
3.89
3.95
4.01
4.02
4.03
4.01
3.98
3.94
3.9
3.9
3.89
3.91
3.95
4.02
4.07
4.05

5.96
5.98
6.01
6.04
6.09
6.09
6.1
6.07
6.08
6.1
6.13
6.16
6.15
6.12
6.07
6.1
6.13
6.17
6.17
6.15
6.12
6.1
6.08
6.1
6.14
6.19
6.21
6.23
6.23
6.23
6.23
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2009/8
2009/11
2010/2
2010/4
2010/6
2010/8
2010/11
2011/2
2011/4
2011/6
2011/8
2011/11
2012/2
2012/4
2012/6
2012/8
2012/11
2013/2
2013/4
2013/6
2013/8
2013/11
2014/2
2014/4
2014/6
2014/8
2014/11

3.49
3.56
3.68
3.73
3.58
3.18
2.99
3.01
3.18
3.09
2.9
2.88
3.13
3.13
3.02
2.9
3.24
3.45
3.34
2.92
2.6
2.6
2.85
3.15
3.44
3.54
3.67

3.81
3.8
3.78
3.78
3.78
3.81
3.84
3.89
3.9
3.93
3.96
4.01
4.01
4.01
3.98
3.96
3.92
3.89
3.88
3.89
3.91
3.93
3.96
3.98
4.01
4.01
4.03

2.03
2.01
1.96
191
1.88
191
1.95
1.98
2.01
2.06
21
2.12
21
21
2.11
2.15
2.16
2.15
2.12
2.11
2.15
2.19
2.25
2.27
2.29
2.27

2.09
2.09
2.08
2.09
2.1

2.11
2.1

2.1

2.1

2.1

2.11
21

21

2.09
2.1

2.11
2.12
2.12
2.13
2.13
2.13
2.14
2.14
2.14
2.15
2.15
2.15

0.92
0.9
0.93
0.97
1.06
1.18
1.34
1.41
1.39
1.4
1.56
1.87
2.02
2.01
1.84
1.66
1.4
1.14
1.02
1.16
1.45
1.71
1.82
1.84
1.83
1.83
1.8

4.04
3.95
4.02
4.14
4.19
412

3.91
3.85
3.85
3.85
3.84
3.84
3.88
3.99
411
417
4.19
4.18
4.2
4.18
4.16
417
4.22
4.29
4.32
4.36

2.95
2.85
2.83
2.85
291
2.94

3.05
3.1
3.16
3.17
3.19
3.2
3.27
3.31
3.3
3.2
3.16
3.13
3.12
3.06
3.05
3.09
3.2
3.35
3.43
3.52

6.6
6.57
6.56
6.54
6.54
6.53
6.55
6.57
6.58
6.59
6.58
6.59
6.59

6.6
6.63
6.66
6.67
6.67
6.66
6.65
6.64
6.65
6.66
6.68
6.71
6.72
6.74

3.65
3.68
3.63
3.59
3.55
3.62
3.68
3.77
3.78
3.82
3.83
3.86
3.86
3.82
3.74
3.65
3.63
3.63
3.64
3.64
3.66
3.71
3.74
3.72
3.69
3.67
3.69

3.64
3.59
3.59
3.6
3.62
3.59
3.58
3.56
3.6
3.64
3.68
3.7
3.69
3.68
3.7
3.71
3.72
3.74
3.75
3.76
3.74
3.77
3.79
3.85
3.88
3.91
3.92

0.02
0.01
0.01
0.01
0.02
0.03
0.03
0.03
0.03
0.03
0.02
0.02
0.01
0.03
0.05
0.09
0.11
0.14
0.14
0.12
0.09
0.1

0.1

0.11
0.1

0.1

0.08

3.98
3.91
3.88
3.89
3.88
3.9
3.95
4.02
4.07
4.08
4.06
4.02
3.97
3.94
3.92
3.93
3.95

4.02
4.04
4.01
4.02
4.03
4.06
4.08
411
4.12

6.23
6.22
6.22
6.24
6.27
6.27
6.25
6.19
6.15
6.13
6.13
6.11
6.07
6.07
6.09
6.13
6.17
6.21
6.24
6.24
6.22
6.19
6.17
6.15
6.14
6.12
6.12
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Table 3. The correlation of the WQI parameters and the rainfall after the SSA technique

WQI BODs Ca*? CI? DO EC Mg*? Nat NO,1 pH S0472 TDS Rainfall

WQI Pearso 1 787 -0.050 .716™ 0.086 .398™ .616™ 518" 0.154 0.193 .348™ 0.060 -.219"

n

Correla

tion

Sig. (2- 0.000 0.623 0.000 0.394 0.000 0.000 0.000 0.127 0.055 0.000 0.551 0.028

tailed)

N 100 100 100 100 100 100 100 100 100 100 100 100 100
BOD Pearso 787" 1 -.226" 480™ 233" 0.096 456" .329™ 0.040 0.157 0.056 -.255" -.298™

n

Correla

tion

Sig. (2- 0.000 0.024 0.000 0.020 0.341 0.000 0.001 0.692 0.119 0.579 0.011 0.003

tailed)

N 100 100 100 100 100 100 100 100 100 100 100 100 100
Ca*? Pearso -0.050 -.226" 1 -0.021 244" .680™ -407™ 488" 491 436™ 445™ .585™ 0.171

n

Correla

tion

Sig. (2- 0.623 0.024 0.834 0.014 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.090

tailed)

N 100 100 100 100 100 100 100 100 100 100 100 100 100
CIt Pearso .716™ 480™ -0.021 1 0.122 4117 .556™" 672" -0.050 -0.122 .556™" 0.034 0.064

n

Correla

tion

Sig. (2- 0.000 0.000 0.834 0.226 0.000 0.000 0.000 0.620 0.225 0.000 0.741 0.524

tailed)

N 100 100 100 100 100 100 100 100 100 100 100 100 100
DO Pearso 0.086 .233" 244" 0.122 1 .208" -0.096 542" 511*" 501" .348™ -0.112 0.053

n

Correla

tion

Sig. (2- 0.394 0.020 0.014 0.226 0.038 0.343 0.000 0.000 0.000 0.000 0.267 0.600

tailed)

N 100 100 100 100 100 100 100 100 100 100 100 100 100
Mg*? | Pearso .398™ 0.096 .680™" 4117 .208" 1 .255" 722" 321" 275" 574" 7417 0.058

n

Correla

tion
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waQl BODs Ca*? CIt DO EC Mg*? Na? NO2! pH S04 TDS Rainfall

Sig. (2- 0.000 0.341 0.000 0.000 0.038 0.010 0.000 0.001 0.006 0.000 0.000 0.563

tailed)

N 100 100 100 100 100 100 100 100 100 100 100 100 100
Mg*? Pearso .616™" 456™ -407™ 556" -0.096 .255" 1 .255" -.239" -0.159 217" 0.109 -.326™

n

Correla

tion

Sig. (2- 0.000 0.000 0.000 0.000 0.343 0.010 0.010 0.017 0.115 0.030 0.281 0.001

tailed)

N 100 100 100 100 100 100 100 100 100 100 100 100 100
Nat Pearso .518™ .329™ 488" 672" 542" 722" .255" 1 4117 .321™ .716™ .368™" 0.158

n

Correla

tion

Sig. (2- 0.000 0.001 0.000 0.000 0.000 0.000 0.010 0.000 0.001 0.000 0.000 0.117

tailed)

N 100 100 100 100 100 100 100 100 100 100 100 100 100
NO;! | Pearso 0.154 0.040 491" -0.050 511" 321" -.239" 4117 1 514" 232" 0.183 -0.097

n

Correla

tion

Sig. (2- 0.127 0.692 0.000 0.620 0.000 0.001 0.017 0.000 0.000 0.020 0.069 0.337

tailed)

N 100 100 100 100 100 100 100 100 100 100 100 100 100
pH Pearso 0.193 0.157 436™ -0.122 501" 275" -0.159 3217 .514™" 1 0.129 0.160 -0.024

n

Correla

tion

Sig. (2- 0.055 0.119 0.000 0.225 0.000 0.006 0.115 0.001 0.000 0.201 0.111 0.816

tailed)

N 100 100 100 100 100 100 100 100 100 100 100 100 100
S04 Pearso .348™ 0.056 445™ .556™ .348™ 574" 217" 716" 232" 0.129 1 .320™ 0.017

n

Correla

tion

Sig. (2- 0.000 0.579 0.000 0.000 0.000 0.000 0.030 0.000 0.020 0.201 0.001 0.867

tailed)

N 100 100 100 100 100 100 100 100 100 100 100 100 100
TDS Pearso 0.060 -.255" 585" 0.034 -0.112 7417 0.109 .368™" 0.183 0.160 .320™ 1 0.121

n
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waQl BODs Ca*? CIt DO EC Mg*? Na? NO2! pH S04 TDS Rainfall
Correla
tion
Sig. (2- 0.551 0.011 0.000 0.741 0.267 0.000 0.281 0.000 0.069 0.111 0.001 0.230
tailed)
N 100 100 100 100 100 100 100 100 100 100 100 100 100
Rainf | Pearso -.219" - 0.171 0.064 0.053 0.058 -.326™ 0.158 -0.097 -0.024 0.017 0.121 1
all n .298™
Correla
tion
Sig. (2- 0.028 0.003 0.090 0.524 0.600 0.563 0.001 0.117 0.337 0.816 0.867 0.230
tailed)
N 100 100 100 100 100 100 100 100 100 100 100 100 100
**_Correlation is significant at the 0.01 level (2-tailed).
*, Correlation is significant at the 0.05 level (2-tailed).
Table 4. The correlation of the WQI parameters and rainfall before the SSA technique
wWaQl BODs Ca* CIt DO EC Mg*? Na? NO2?! pH S04 TDS  Rainfall
waQl Pearson 1 754** 0.024 .609** -0.023 480** 527** .509** 0.074 .212* .336**  .334**  -0.150
Correlation
Sig. (2- 0.000 0.811 0.000 0.822 0.000 0.000 0.000 0.462 0.034 0.001  0.001 0.136
tailed)
N 100 100 100 100 100 100 100 100 100 100 100 100 100
BOD Pearson 754** 1 -0.155 .367** 0.163 0.165 .338** .332** -0.021 0.102 A27**0.024  -0.166
Correlation
Sig. (2- 0.000 0.123 0.000 0.104 0.101 0.001 0.001 0.835 0.313 0.000 0.813 0.099
tailed)
N 100 100 100 100 100 100 100 100 100 100 100 100 100
Ca* Pearson 0.024 -0.155 1 0.107 0.083 .502** -.304** .298** .281** .269** - .365**  0.042
Correlation 279%*
Sig. (2- 0.811 0.123 0.291 0.412 0.000 0.002 0.003 0.005 0.007 0.005  0.000 0.675
tailed)
N 100 100 100 100 100 100 100 100 100 100 100 100 100
CIt Pearson .609** .367** 0.107 1 0.102 542** .333** 719** 0.005 -0.012 .354**  204**  0.095
Correlation
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waQl BODs Ca* CIt DO EC Mg*? Na! NO2*! pH SOs2  TDS  Rainfall

Sig. (2- 0.000 0.000 0.291 0.314 0.000 0.001 0.000 0.958 0.905 0.000 0.003 0.349

tailed)

N 100 100 100 100 100 100 100 100 100 100 100 100 100
DO Pearson -0.023 0.163 0.083 0.102 1 0.108 -0.009 .256* .259** 297** .228* -0.083  0.038

Correlation

Sig. (2- 0.822 0.104 0.412 0.314 0.283 0.928 0.010 0.009 0.003 0.022 0.412 0.708

tailed)

N 100 100 100 100 100 100 100 100 100 100 100 100 100
Mg*? Pearson A480** 0.165 .502** 542%* 0.108 1 .325** .654** 0.169 0.158 -0.006 .747**  0.016

Correlation

Sig. (2- 0.000 0.101 0.000 0.000 0.283 0.001 0.000 0.094 0.115 0.954  0.000 0.876

tailed)

N 100 100 100 100 100 100 100 100 100 100 100 100 100
Mg*? Pearson 527** .338**  -304** .333** -0.009 .325%* 1 .201* -0.048 -0.003 .198*  .209* -.205*

Correlation

Sig. (2- 0.000 0.001 0.002 0.001 0.928 0.001 0.045 0.635 0.979 0.048  0.037 0.041

tailed)

N 100 100 100 100 100 100 100 100 100 100 100 100 100
Nal Pearson .509** .332%* .298** 719%* .256* .654** .201* 1 .216* .229* 0.165  .484**  0.164

Correlation

Sig. (2- 0.000 0.001 0.003 0.000 0.010 0.000 0.045 0.031 0.022 0.101  0.000 0.104

tailed)

N 100 100 100 100 100 100 100 100 100 100 100 100 100
NOy? Pearson 0.074 -0.021 281** 0.005 .259%* 0.169 -0.048 .216* 1 .307** 0.105  0.075 -0.046

Correlation

Sig. (2- 0.462 0.835 0.005 0.958 0.009 0.094 0.635 0.031 0.002 0.300  0.460 0.652

tailed)

N 100 100 100 100 100 100 100 100 100 100 100 100 100
pH Pearson 212* 0.102 .269** -0.012 297%* 0.158 -0.003 .229* .307** 1 0.008 0.127 -0.115

Correlation

Sig. (2- 0.034 0.313 0.007 0.905 0.003 0.115 0.979 0.022 0.002 0.934  0.207 0.253

tailed)

N 100 100 100 100 100 100 100 100 100 100 100 100 100
S04 Pearson .399** 0.090 .310** .601** 212* 572** .261** 672** 0.159 0.174 0.076  .401**  0.023

Correlation

Sig. (2- 0.000 0.372 0.002 0.000 0.034 0.000 0.009 0.000 0.113 0.083 0.451  0.000 0.823

tailed)

N 100 100 100 100 100 100 100 100 100 100 100 100 100
TDS Pearson .334** 0.024 .365** .294** -0.083 4T .209* A84** 0.075 0.127 -.234* 1 0.005

Correlation
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waQl BODs Ca* CIt DO EC Mg*? Na! NO2*! pH SOs2  TDS  Rainfall

Sig. (2- 0.001 0.813 0.000 0.003 0.412 0.000 0.037 0.000 0.460 0.207 0.019 0.962

tailed)

N 100 100 100 100 100 100 100 100 100 100 100 100 100
Rainfall | Pearson -0.150 -0.166 0.042 0.095 0.038 0.016 -.205* 0.164 -0.046 -0.115 -0.087  0.005 1

Correlation

Sig. (2- 0.136 0.099 0.675 0.349 0.708 0.876 0.041 0.104 0.652 0.253 0.391  0.962

tailed)

N 100 100 100 100 100 100 100 100 100 100 100 100 100

**_Correlation is significant at the 0.01 level (2-tailed).
*, Correlation is significant at the 0.05 level (2-tailed).
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