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Abstract 

Groundwater supply is crucial to both anthropogenic and industrial activities in 

Canada. In Saskatchewan, around 63 percent of municipalities rely on groundwater as their 

primary water supplies. Recent data suggested groundwater quality in Condie aquifer 

might have been compromised due to the operations of an unlined municipal landfill and 

the industrial area upstream. The complex geographical conditions, hydrochemistry 

reactions in subsurface environment, missing data and inconsistent sampling has made the 

assessment of groundwater difficult.  

Two studies on the groundwater quality near the Regina landfill are conducted. In 

the first study, groundwater quality is evaluated with respect to its ions correlations, soil-

water processes, and suitability for drinking and irrigation. Unlike similar studies, 

geological locations of the water samples were explicitly considered. It is found that the 

abundance of cations in the groundwater was: calcium > magnesium > sodium > potassium > 

manganese (Ca2+ > Mg2+ > Na+ > K+ > Mn2+); and for anions: sulphate > bicarbonate > 

chloride (SO4
2- > HCO3

- > Cl-). Correlation analysis and ion plots pointed to gypsum and 

halite dissolution being the main factors affecting groundwater chemistry. Principal 

component analysis yielded three principal components, covering 80.7% of the total 

variance. Boxplots which show the variation of indicators suggests possible groundwater 

contamination from landfill operation. Wilcox diagrams indicate groundwater near landfill 

was not suitable for irrigation. Dual-step multiple linear regression (MLR) results 

suggested that total hardness is statistically related to calcium, magnesium, and chloride 
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ions. The model is able to accurately predict the concentration of total hardness with small 

errors (R2 = 0.995, slope = 0.995). 

In the second study, total dissolved solids (TDS) is selected and modeled using both 

conventional statistical approaches (Multiple Linear Regression, Hybrid PCR) and 

machine learning methods (Artificial Neural Network and Adaptive Neuro-Fuzzy 

Inference System). A total of twenty models are constructed and evaluated. Results show 

that Total Dissolved Solids is statistically related to parameters such as Ca, Mg, HCO3, 

SO4, Cl, EC, and pH. Multiple evaluation metrics such as Mean Absolute Error, Root Mean 

Squared Error, Coefficient of determination, and the Percentage error were used for model 

evaluation. It is found that Hybrid PCR provides model fit with high accuracy, and 

comparing observed with predicted values in testing stage, R2 varies from 0.96 to 0.980 

Mean Absolute Error from 72.64 to 97.55 , and Root Mean Square Error from 97.95 to 

123.55. The two machine learning methods produce larger variations from model to model. 
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CHAPTER 1: INTRODUCTION AND LITERATURE REVIEW 

1.1 Waste disposal at City of Regina  

Regina is the capital city of Saskatchewan, locates in Canada at a latitude of 50°26’ 

and a longitude of 104°37’. The city covers a land area of 118.4 km2
 with a total population 

of 247,000. According to Statistics Canada, and the population growth of the City was 26.0 

per thousand from 2015 to 2016, which was the second highest population growth in 

Saskatchewan, and roughly representing 20% of the total population in the province 

(Statistics Canada, 2018). High population growth makes waste disposal a significant 

problem. In 2014 there was in total 25 million tonnes of waste disposed in Canada, and 

about 40% (9.7 million tonnes) of waste was residential sources and the remaining 60% 

was from non-residential sources. The 2014 per capital waste disposal rate was 706 

kg/capita annually in Canada. The Saskatchewan per capita disposal rate, on the other hand, 

was 839 kg/capita, making Saskatchewan the second highest waste producer in Canada, 

only lower than Alberta with a rate of 997 kg/capita (Statistics Canada, 2016). Although 

Canadians have been employing the 3Rs – Reduce, Reuse, and Recycle regarding 

management of solid waste in the past decades, there is still waste residuals that require 

treatment (Environment and Climate Change Canada, 2017). Landfilling in Canada can be 

expensive (Pan et al. 2018; Richter et al. 2018). In addition, health and environmental 

issues of the use of landfill technology are some of the greatest concerns. Groundwater 

contamination due to the operation of landfill is not uncommon. Landfilling is the most 

commonly used waste treatment method in Canada, as such, monitoring and assessment on 

the impacts of landfilling on groundwater quality are warranted. 
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1.2 Groundwater use and Condie aquifer 

Groundwater is the major water source for consumption, domestic services, industry, 

manufacturing, agriculture, and almost all aspects of human life (Nagaraju et al., 2014; 

Spanos et al., 2015; Machiwal and Jha, 2015) in many populated areas around the globe. 

In Canada, many municipalities rely on groundwater as the primary water source. For 

example, 43 out of 68 municipalities in Saskatchewan use groundwater or combined 

groundwater and surface water as water sources (Rutherford, 2004). This source services 

about 45% of the population for washing, farming, and other domestic use in Saskatchewan 

(Government of Canada, 2013; Canadian Municipal Water Consortium, 2015; Natural 

Resources Canada, 2017; Environment and Climate Change Canada, 2017). In 

Saskatchewan, groundwater plays an important role in water supplying in Saskatchewan, 

especially in areas where the availability of surface water is limited, such as south of the 

boreal shield region (City of Regina, 2002; Pomeroy et al., 2005; City of Regina, 2013).  

The Condie aquifer is located in part, under the city’s sole municipal solid waste 

disposal facility. A variety of materials are accepted at the landfill, including municipal 

waste, shingles, asphalts, concrete, fill dirt and other materials (City of Regina, 2018). 

However, built in 1960s, the old cells which are located at the north side of the landfill, 

occupy over 97 ha without an engineering liner, which poses concerns regarding leachate 

penetration and potential contamination it could bring to the Condie aquifer (City of Regina, 

2016). The stratigraphy of the landfill site consists of 0.5 to 4 meters of topsoil and 

lacustrine clay, overlying the Condie Formation, Battleford and Floral Formation’s till, and 

Upper Floral Formation Sand and Gravel Unit (Maathuis and Van der Kamp, 1989). The 

groundwater level at the landfill is approximately eight to ten meters below ground surface, 
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with the regional groundwater flow towards west and southwest, in a flow rate of 400 

m/year (City of Regina, 2002), and the hydraulic conductivity in the aquifer varies from 

1.4 x 10-6 m/s to as high as 2.3 x 10-3 m/s, depending on the saturated thickness and effective 

grain size of the soil (City of Regina, 2016). According to the City of Regina (2013), the 

groundwater quality in the Condie aquifer has been affected by the lithology, geochemical 

processes, water-rock interactions, mineralization, and the surrounding environment such 

as the unlined landfill (City of Regina, 2016). Consequently, it is necessary to conduct an 

analysis to examine the impacts on groundwater quality. 

The impacts on groundwater quality from landfill operations is widely studied in 

Canada and abroad (Bakis and Tuncan, 2011; Van Stempvoort et al., 2011; Talalaj, 2014; 

Han et al., 2016; Pan et al. 2017; Pan and Ng, 2018). However, unlike many other studies 

on urban aquifers (Reyes-Lopez et al., 2008; Bakis and Tuncan, 2011; Greis et al., 2012), 

Condie aquifer examined in this study warrants a systematic statistical approach in 

groundwater quality assessment due to its geographical, climatic and technical 

complexities: (i) the majority of Regina MSW landfill site was built directly on native soil, 

a calcium-rich montmorillonite clay (Barbour and Fredlund, 1989), on top of the Condie 

aquifer in 1960s without an engineered liner (City of Regina, 2016; Bruce et al., 2017; Vu 

et al. 2017; Bruce et al., 2018); (ii) an elevated level of salt concentrations in groundwater, 

probably due to the extensive use of road salts common in cold climates (Marsalek, 2003), 

and (iii) missing data and inconsistent sampling time in the annual groundwater monitoring 

programs. As such, an integrated approach using various statistical techniques was required 

to assess the ground water quality of the Condie aquifer near the landfill (Pan et al., 2017; 

Pan and Ng, 2018).  
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1.3 Groundwater assessment approaches 

Due to their practical importance, many different methods and approaches were 

proposed for groundwater quality assessments in the past. In general, the studies can be 

categories into two broad groups: (i) the evaluations of groundwater data using guidelines 

and standards, water quality indicators, or empirical assessment methods; and (ii) the 

assessments of groundwater data using mathematical models to simulate or predict 

hydrochemical variables with respect to geographical locations and time.  

For the first category, guidelines published by the regulatory agencies such as 

Health Canada, or authorized institutes such as WHO are commonly adopted. Water 

quality indicators such as sodium adsorption ratio, sodium percentage, total dissolved 

solids, total hardness, concentrations of heavy metals and salts, and empirical assessment 

methods such as Gibb’s diagram, Piper chart, and Wilcox diagram are commonly used. 

Most of these studies aim to assess the suitability of groundwater for drinking or irrigation 

purposes. The second group of studies focus more on computations and numerical analysis. 

Statistical approaches such as multiple linear regression and principal component analysis, 

or machine learning methods such as artificial neural network, Bayesian network, and fussy 

logic are some examples of methods used in the second group. The objectives of these 

studies are to understand the inter-relationships of parameters, to predict changes in 

chemical concentrations, to simulate health and environmental impacts, and to assist 

decision making.  

Some studies involve both groundwater quality assessment and model development 

to comprehensively assess the groundwater and possible health and safety impacts. For 

instance, Talalaj (2014) proposed a new index known as the landfill water pollution index 
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(LWPI) to quantify the overall water quality near a landfill site in Poland. Hassen et al. 

(2016) evaluated the groundwater quality with respect to drinking and agricultural purposes 

using indicators such as residual sodium carbonate (RSC), water quality index (WQI), and 

several chemical and isotopic fingerprints. Machiwal and Jha (2015) used box-whisker 

plots to establish linkage between quality of groundwater and rainfalls. Nagaraju et al. 

(2014) and Gu et al. (2015) successfully used Piper plots to demonstrate the inter-

relationships of various ions qualitatively. Nagaraju et al. (2014) and Hassen et al. (2016) 

adopted the Wilcox diagram to determine the salinity and alkalinity hazards of water and 

to evaluate the suitability for irrigation in India and Tunisia, respectively.  In this research, 

water suitability for drinking and irrigation purposes is assessed by adopting water quality 

assessment indicators such as sodium adsorption ratio (SAR) and Wilcox diagram.  

As discussed, principal component analysis (PCA) is a commonly used dimension 

reduction method in natural science fields (Lucas and Jauzein, 2008; Zhao et al., 2012; 

Villegas et al., 2013; Selvakumar et al. 2017). For water quality assessment, PCA is also 

implemented for water sample classification, cluster feature identification, as well as 

sample groups’ hydro-chemical properties comparisons. Zhao et al. (2012) conducted 

water quality assessments using PCA at one of the largest freshwater lakes in Northern 

China and classified water samples into different water quality levels. Four principal 

components were identified with different pollutants and physio-chemical parameters 

(Zhao et al. 2012). Han et al. (2014) identified three PCA groups on groundwater quality 

in Zhoukou, China, and found that landfill leachate had a statistically greater impact on 

groundwater quality in winter seasons. Machiwal and Jha (2015) used PCA with 

hierarchical cluster analysis and geographic information system modelling (GIS) to 



6 

 

identify possible groundwater contamination sources in a hard-rock aquifer system. Jiang 

et al. (2015) used PCA to reduce the number of parameters from 22 to 4 and studied the 

concentration of arsenic in groundwater by applying various statistical techniques.  

It is found that most groundwater quality studies neglect the spatial distribution of 

groundwater samples and water quality data in the vicinity of a site is analyzed collectively 

(Maiti et al., 2013; Machiwal and Jha, 2015; Viswanath et al., 2015; Hassen et al., 2016). 

Unlike previous studies, the present work explicitly considers the geographical locations 

of the monitoring wells and the landfill footprint with respect to the regional groundwater 

flow pattern. Distinct groups of monitoring wells were identified, and data in the groups 

was integrated into various plots and compared.  

Among other parameters, total hardness (TH, measured as CaCO3 in this study) is 

traditionally used as an indicator to assess suitability of drinking water. However, both the 

magnitude and range of TH in the present study are significantly different from other 

groundwater studies, probably due to the duration of the monitoring period (2011-2015) 

and other site-specific considerations such as the operation of the unlined landfill and the 

heavy use of road salts. Missing data at the site complicates the analysis and poses further 

challenges to the modeling of the target parameter for conventional approaches. For 

example, TH concentrations at the present site (< 200 ha) ranged from 390 to 2000 mg/L 

with a standard deviation of 451 mg/L. For comparison, the average value of TH from 78 

wells at a 18,000-ha Chinese site were 360 mg/L with a standard deviation of 147 mg/L 

(Gu et al., 2015), and the range of TH values from 30 wells at a 12,000-ha site in India 

were 9.3 to 180.2 mg/L (Viswanath et al., 2015). In this research, a prediction model of TH 
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is developed using multiple linear regression (MLR) to examine the influencing parameters 

and ion relationships at the study area.  

Recent groundwater assessment studies using MLR mostly focused on the 

prediction of water elevation or recharge modelling (Sahoo and Jha, 2013; Mogaji et al., 

2015; Ebrahimi and Rajaee, 2017; Salem et al., 2017) or contaminant concentrations (Cho 

et al., 2011; Arora and Reddy, 2014; Brix et al., 2017). The use of MLR on prediction of 

physical groundwater parameters such as TH are very limited. A study in India (Viswanath 

et al. 2015) developed a MLR model for total dissolved solids using concentrations of 7 

ionic species, however failed to verify the model accuracy using actual data. In the present 

study, a statistically significant MLR model is developed, and results are verified with 

observed data.  

Due to the complexity of chemical and geographical conditions of subsurface 

environment, most groundwater studies require to deal with complicated scenarios, large 

amount of data and correlated parameters. Apart from the conventional statistical 

approaches such as MLR, machine learning approaches such as artificial neural network 

(ANN) and fuzzy inference system (FIS) have become increasingly popular in groundwater 

studies recently. Many researchers reported the machine learning approach as versatile and 

effective these tool to solve complicated systems. For instance, Maiti et al. (2013) 

developed an ANN framework and formed a Bayesian neural network (BNN) to predict 

groundwater quality using geochemical and geophysical data. Some researchers attempted 

to compare the results from machine learning methods with the traditional multivariate 

regression approaches. Sahoo and Jha (2013) developed 17 site-specific MLRs for water-

elevation prediction in a basin located in Shikoku Island, Japan, and compared the results 
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with ANN using Levenberg-Marquardt training method. Sahoo and Jha (2013) found that 

their ANN models provided better results than MLR for most sites, but MLR was also 

recommended as an alternative and cost-effectiveness tool. Azadi and Karimi-Jashni (2016) 

compared the MLR and ANN prediction models for seasonal solid waste generation rate 

in Fars Province in Iran, and they found that the non-linear ANN model provides more 

accurate results. It appears that ANN methods consistently outperform the traditional MLR 

methods in several chemistry and environmental studies (Civelekoglu et al., 2007; Xu et 

al., 2011; Ebrahimi and Rajaee, 2017). In this study, both conventional statistical 

approaches and advanced machine learning approaches were applied to study the 

groundwater quality in the Condie aquifer. 

It is found that the majority of groundwater quality studies has been focusing on 

the use of conventional tools such as sodium adsorption ratio (SAR), water quality index, 

and Piper chart (Ishaku et al., 2011; Hu et al., 2013; Nagaraju et al., 2014; Khanna, 2015), 

or traditional multivariate statistical approaches (Zhao et al., 2012; Viswanath et al., 2015; 

Machiwal and Jha., 2015; Samantara et al., 2017). The use of machine learning approaches 

and multivariate statistical methods on groundwater quality is very limited (Jalali-Heravi 

and Kyani, 2004; Cho et al., 2011). Unlike other studies, the second study in this thesis 

explicitly addresses the differences of the machine learning approaches and multivariate 

statistical methods on non-time series groundwater quality data for an urban aquifer.  

1.4 Objectives 

This thesis is consisted of two studies, both evaluate the groundwater quality in 

Condie aquifer from different perspectives. 



9 

 

1.4.1 Systematic assessment of the Condie groundwater 

Assessments on the recent conditions of Condie aquifer using an integrated 

statistical and spatial approach are first conducted. Given the complexities and the site-

specific conditions of the study area, an integrated statistical approach using correlation 

analysis, principal component analysis, and ion plots is warranted. Spatial information is 

modeled by strategically grouping the monitoring wells with respect to their geographical 

locations and the groundwater flow pattern to reveal the potential impacts from the 

operation of the unlined landfill. A two-step MLR is developed and verified. Specifically, 

the objectives of the first study are: 

i. To investigate the ion correlations of the aquifer and identify mineral 

dissolution/precipitation processes given the complexities of the site;  

ii. To evaluate the groundwater quality for irrigation and drinking suitability using 

sodium adsorption ratio (SAR) and total hardness (TH) respectively; 

iii. To identify the influencing ions and their inter-relationships on TH and propose a 

MLR prediction.  

1.4.2 Development and evaluation of TDS models 

The second study focuses on the modelling of Total Dissolved Solids (TDS) in 

Condie aquifer using different approaches. According to the results from the first study, 

concentration of TDS was selected. Both statistical and machine learning methods are 

utilized to achieve the objectives, as addressed below: 
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i. To propose a new predicting model – Hybrid PCR, along with three other 

approaches: multiple linear regression, backpropagation neural network, and 

adaptive neuro-fuzzy inference system, to develop twenty predicting models 

ii. To conduct simulation of TDS concentrations based on the historical data using the 

proposed models;  

iii. To examine the bias and precisions of the methods, and schematically compare the 

models using performance evaluation metrics and statistical indices. 

1.5 Organization of the Thesis 

The thesis has been organized into four different chapters. Chapter one introduces 

the topic of groundwater studies and current knowledge and research results in the literature, 

as well as the objectives of the two studies of this thesis. Chapter two presents the 

methodologies, model construction, assumptions, and model evaluation of both studies. 

Chapters three and four discuss the results and implications of the works from the first and 

second study, respectively. Finally, chapter five summarizes the major findings and 

conclusions of the studies, and provides recommendations for future studies.  
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CHAPTER 2: METHODOLGOGY 

2.1 Data source and processing 

Starting from 1970s, the City of Regina has been conducting groundwater monitoring 

program, and installing monitoring wells in the vicinity of the landfill. Currently there are 

27 active monitoring wells in services, namely, monitoring well (MW) ID# 26, 28, 30, 32, 

35, 42, 43, 45, 62, 64, 65, 67, 69, 70, 71, 78, 81, 84, 85, 86, 87, 103, 104, 112, 114, and 

118. The location of MWs are shown as Figure 2-1. 

Each year, groundwater samples were taken from the monitoring wells and sent to 

third-party laboratories for chemical analysis. Analysis results regarding the chemical 

concentrations are published in the following year. However, due to the weather conditions 

of the sampling dates, well maintenance schedule, well drying or decommission, there are 

often missing or unavailable data in reports. For instance, in 2013 and 2014, only twelve 

and nine monitoring well data were reported, respectively (City of Regina, 2014; 2015). 

Hence, data in 2013 and 2014 are excluded. In some cases, data is partially reported, with 

missing information regarding certain chemicals. For instance, chloride is not reported for 

monitoring well 35 in 2011. Moreover, some of the monitoring wells such as MW 112, 

114, and 118 were not installed until recent years, which cause discontinuities in 

groundwater data.  
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Figure 2-1: Maps of Regina and the study area 
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Data from different time frame ranges are used in this thesis according to the specific 

study objectives. In the first study, only recent data (2011, 2012, and 2015) are considered 

for to assess the groundwater quality using various statistical analyses. In any given year 

of the study period, a data coverage over 93.5% is attained. Longer dataset range is required 

for the second study to construct and evaluate the models. Hence, data from the year of 

2008, 2009, 2010, 2011, 2012, and 2015 are used, and a total of 151 sampling sets are 

included in the second study. Moreover, dataset index numbers from 1 to 151 are assigned 

to the sampling sets in the second study, to compare the model performance. 

For the purposes of taking spatial information and groundwater flow direction into 

consideration, and investigating potential impacts from the landfill site, or the northern 

industrial area, the 27 monitoring wells are grouped into five distinct groups. The related 

locations, monitoring well IDs, and dataset index number are shown below: 

 Group 1 - Background Group. This group is located upstream, outside of the 

landfill site boundary. It includes monitoring wells 67, 69, 70, and 78 (dataset 

index No. 1 to 24)  

 Group 2 - East Group. This group is located within the landfill area along the East 

boundary. It includes monitoring wells 35, 45, 84, and 118 (dataset index No. 25 

to 44) 

  Group 3 - South Group. South Group is located immediate downstream, south 

of the landfill site. This group includes monitoring wells 103, 104, 112, and 114 

(dataset index 45 to 63) 
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 Group 4 - West Group, which is located downstream, to the west side of landfill. 

It includes monitoring wells 23, 25, 28, 30, 32, 71, and 81 (dataset index 64 to 

109) 

 Group 5 - Far West Group. This group is located in downstream area in the west, 

furthest away from the site. It includes monitoring wells 42, 43, 62, 64, 65, 85, 

86, and 87 (dataset index 101 to 151).  

In the first study, the complete dataset is used for the purpose of assessing water 

quality. In the second study, dataset is randomly divided into two parts for the machine 

learning methods, with 70% of data used for training, and 30% for testing. To minimize 

the bias from the inputs for the machine learning methods, five sets of random data are 

used, i.e.: five subsets of training and testing data are selected, and applied to each of the 

methods. By doing so, each method is tested five times with different datasets, and the 

same inputs are tested by different methods.  

2.2 Selection of groundwater guidelines and parameters 

Groundwater parameters are carefully selected according to their significances, 

data availability, and concentrations with respect to the guideline values stated in 

Saskatchewan standard (Saskatchewan Ministry of Environment, 2016) and the 

recommended values in the Guidelines for Canadian Drinking Water Quality (Health 

Canada, 2017). A total of 14 physical and chemical parameters are selected at each dataset, 

including heavy metals such as Arsenic (As), Calcium (Ca), Magnesium (Mg), Manganese 

(Mn), Potassium (K), Sodium (Na) and Uranium (U), as well as ionic species and general 

parameters: Bicarbonate (HCO3
−), Chloride (Cl−), Sulphate (SO4

2−), Total dissolved solids 

(TDS), Total hardness (TH), pH, and Electric conductivity (EC). Given the interactions of 
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the selected species in subsurface environment, correlations between variables are expected 

and statistical analysis is warranted.  

2.3 Assessments of Groundwater Quality and Suitability 

2.3.1 Water salinity and irrigation use 

Sodium ions can be released from groundwater-rock interactions, the use of 

sodium-rich fertilizer and road salts, and many other processes (Maiti et al., 2013).  High 

salinity in groundwater, however, reduces its usefulness as irrigation water, and may also 

impact the health of human receptors (Vineis et al., 2011; Maiti et al., 2013; Talukder et 

al., 2016). Water-use-efficiency decreases as the saline concentration increase in 

agricultural water, and causes adverse impacts such as reducing crop root water uptake 

(Wang et al., 2016). Also, soil-salt interactions may disperse negatively-charged clay 

particles and destabilize the soil structure, leading to yield loss (Ishaku et al., 2011). High 

sodium bicarbonate concentrations, for instance, can cause dissolution of organic fertilizers, 

weaken the physical properties of soil, and render the soil unsuitable for growing plants 

(Foster et al., 2008; Hassen et al., 2016; Pan et al., 2017). Salinity is an important indicator 

when assessing the irrigation suitability of water. In this paper, sodium adsorption ratio 

(SAR) is used to represent and measure salinity, which is defined as (Karanth, 1987):    

 
SAR = 

Na+

√Ca2++Mg2+

2

            
(1) 

Where all the parameters are in milliequivalents per litre (meq/L). 

Wilcox diagrams are used to examine the suitability of water for irrigation uses, 

and to classify water into different suitability levels (Wilcox, 1955; Nagaraju et al., 2014). 
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Two parameters are required to plot Wilcox diagram: electric conductivity (EC) and 

sodium percentage (SP). Electric conductivity refers to the capacity of groundwater to 

conduct electricity. High electric conductivity represents high concentration of dissolved 

metal cations and metal salts. Sodium percentage (SP) is used to signify the relative 

concentrations of sodium and potassium among other metal cations. Sodium percentage is 

defined by Wilcox (1955) as: 

 
Na (%) =

Na++ K+ 

Na++ K++ Ca2++ Mg2+ 
× 100%      

(2) 

All parameters are in meq/L. 

2.3.2 Total hardness and water quality for drinking purposes 

Total hardness (TH) is typically expressed as equivalent concentrations of Calcium 

Carbonate (CaCO3). Although there is no evidence showing immediate adverse health 

effects, hard water causes scaling and damages water supply infrastructure, affects the taste 

of water and reduces the ability to produce foam (Ishaku et al., 2011). Health Canada 

classifies water by its calcium carbonate concentration in four levels: soft - 0 to 60 mg/L; 

medium hard - 60 to 120 mg/L; hard - 120 to 180 mg/L; and very hard – greater than 180 

mg/L (Health Canada, 1979). Boxplots are used in this study to examine the scattering and 

the skewness of the TH data with respect to the spatial distributions of the wells. 

2.3.3 Ions correlation and ions exchange process 

The relative concentrations of the ionic species in groundwater reveal the chemical 

properties of the aquifer, the natural environment, and other nearby industrial activities. 

The correlation coefficient (CC) is used to identify the correlation between major cations 



17 

 

and anions. A coefficient > |0.75| is regarded as “strongly correlated” (Selvakumar et al., 

2017) and is adopted in this study.  

By plotting major cations such as calcium, magnesium, and sodium against 

bicarbonate, sulphate, or chloride, and by studying the data distribution patterns with ratio 

lines (such as the 1:1 ratio line), various ion-exchange, dissolution and mineralization 

processes in the aquifer can be identified and studied statistically.  

2.3.4 Principal component analysis and loadings 

Principal component analysis (PCA) is commonly used as a dimension reduction 

method. The analysis extracts eigenvalues from the original dataset, and forms new 

principal components (PC) which are orthogonal to each other (Ravikumar and 

Somashekar, 2015; Abou Zakhem et al., 2017). The number of new PCs can be determined 

manually or by default – the eigenvalue greater than one (Cattell and Jaspers, 1967). Each 

PC explains a portion of total variance, and the new formed PCs normally explain close to 

or over 80% of total variance, which is considered a sufficient coverage (Zhao et al., 2012; 

Hu et al., 2013; Viswanath et al., 2015; Selvakumar et al., 2017). PCA is used in the first 

study not only as a dimensional reduction technique, but also as a tool to study the 

association among variables. The analysis extracts eigenvalues from the original set, to 

form new principal components (PC) which are orthogonal, and therefore unrelated, to 

each other (Ravikumar and Somashekar, 2015; Abou Zakhem et al., 2017). Each PC 

explains part of the total variance, and typically only a few PCs are required to explain the 

majority of the variance.  Only PCs with eigenvalues greater than one are considered 

significant in this study (Cattell and Jaspers, 1967). Loadings larger than 0.5 (Abou 

Zakhem et al., 2017; Selvakumar et al. 2017) are grouped together to ensure significant 
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correlation of the variables within a given group. To ensure sufficient coverage of total 

variance, analysis is conduced adopting Varimax rotation and Kaiser Normalization by 

using MATLAB (v. R2016a) and SPSS (v. 25). 

2.4 Modelling of the Concentrations of TDS  

2.4.1 Multiple Linear Regression 

Multiple linear regression (MLR) is a statistical technique which is used to establish 

a linear relationship between one or more independent (also known as explanatory) 

variables and a dependent (or response) variable. When there are more than one parameters 

as independent variables, as in the present study, the method is also referred as multivariate 

regression analysis. The general expression form of MLR can be written as below 

(Bingham and Fry, 2010): 

 𝑌𝑖 =  𝛽0 + 𝛽1𝑋1,𝑖 + 𝛽2𝑋2,𝑖 + ⋯ ⋯ ⋯ + 𝛽𝑘𝑋𝑘,𝑖 + 𝜀𝑖 (3) 

Where: 

𝑌𝑖 : Dependent variable (response variable) 

𝑋1,𝑖 ,𝑋2,𝑖 , …… , 𝑋𝑘,𝑖 : regressors (the 𝑖th observations of each of the independent 

variables) 

𝛽0, 𝛽1, …… , 𝛽𝑘: the coefficients of each regressors which are unknown but fixed 

values 

𝜀𝑖: the noise (measurement error) 
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The goals for conducting MLR are to identify significant parameters, and to obtain 

the coefficients 𝛽0, 𝛽1, …… , 𝛽𝑘  for regressors. In this study, SPSS (v. 25) is used to 

achieve this goal.  

Prior to executing multiple linear regression, conditions need to be checked in order 

to ensure that MLR model is suitable for certain dataset. First of all, model is effective if 

the dependent variable is normally distributed. Therefore, the distribution pattern and 

normality of dependent variables need to be evaluated. In this study, Kolmogorov-Smirnov 

test (K-S test) is adopted to evaluate the normality of TDS. The null-hypothesis is that there 

is no statistical difference between the given dataset, and normal distribution. Hence, if the 

significance of K-S test is greater than 0.05 (95% confidence), null-hypothesis will be fail 

to reject, which means the dataset is statistically normally distributed. On the other hand, 

if the significance value is less than 0.05, null-hypothesis has to be rejected, therefore the 

dataset is not normally distributed. Secondly, linearity among the explanatory variables 

(i.e.: multicollinearity) will affect the accuracy of model, and need to be checked and 

avoided. Correlation coefficient is used to measure the linearity between two explanatory 

variables, which is compared with critical correlation coefficient Rcrit, defined as below 

(Sousa et al., 2007; Azadi and Karimi-Jashni, 2016): 

 
𝑅𝑐𝑟𝑖𝑡 =

𝑡𝑐𝑟𝑖𝑡

√𝑑𝑓 + 𝑡𝑐𝑟𝑖𝑡
2

 
(4) 

and 

 𝑑𝑓 = 𝑛 − 𝑘 (5) 
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where 𝑑𝑓  is the degree of freedom of the analysis. 𝑛  represents the number of 

datasets, and 𝑘 is the number of comparing variables. When computing the coefficient 

between each explanatory variable and the independent variable (in this case: TDS), 𝑘 =

2. 𝑡𝑐𝑟𝑖𝑡 is the cutoff value which determines whether or not the null hypothesis will be 

rejected. In this study, a two-tailed test with significance of 0.05 is adopted which leads to 

𝑅𝑐𝑟𝑖𝑡 = 0.16. The linearity is valid if the absolute value of correlation coefficient is greater 

than 𝑅𝑐𝑟𝑖𝑡, indicating the existence of multicollinearity. 

In addition, an investigation of the explanatory variables and dependent variable need 

to be conducted to evaluate the impact of each parameter on the dependent variable. 

Similarly, correlation coefficient between the dependent and independent variables are 

conducted in the second step of regression, and are compared with 𝑅𝑐𝑟𝑖𝑡. By comparing the 

coefficient, null-hypothesis will be rejected when the correlation coefficient > 𝑅𝑐𝑟𝑖𝑡 , 

indicating a significant linear relation between the two variables. Otherwise, null-

hypothesis will be retained, indicating the linear relation of two variables are not 

statistically significant.  

MLR does not only generates the linear relationship among parameters, it can also 

identify parameters which contribute to the target variable (Kicsiny, 2016). In this study, a 

Dual-step MLR method is used, in order to descript the concentration model concisely. The 

Dual-step MLR involves two steps. Step 1: conducting MLR with independent variable of 

thirteen parameters, and total dissolved solids (TDS) as the dependent variable. Obtain the 

results and identify the significant parameters; Step 2: using only the significant parameters 

which are identified in step 1 as inputs (independent variables), conduct MLR again.   
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2.4.2 Principal component analysis and regression 

PCA is commonly used in environmental studies to reduce the number of variables, 

extract useful information, and eliminate the noises of the data. PCA extracts eigenvalues 

from the original dataset, and forms new principal components (PC) that are linear 

combinations of the parameters. The resulting PCs are orthogonal to each other after 

Varimax Rotation (Ravikumar and Somashekar, 2015; Abou Zakhem et al., 2017), which 

helps to avoid multicollinearity between model parameters. PCs with eigenvalue greater 

than unity is considered as significant (Cattell and Jaspers, 1967; Abou Zakhem et al., 2017; 

Selvakumar et al. 2017), and each significant PC explains a portion of the total variance of 

dataset. A combination of all significant PCs should explain no less than 80% of the total 

variance for a sufficient coverage (Zhao et al., 2012; Hu et al., 2013; Viswanath et al., 2015; 

Selvakumar et al., 2017). In this study, only PCs with eigenvalues greater than unity are 

adopted to build models explaining at least 85% of total variances. 

To conduct PCR, the PCs identified by a PCA are used as independent variables in 

MLR. PCR is more advantageous than conventional MLR modelling since it retains more 

original predictor variables and minimizes multicollinearity between variables. Unlike 

other PCR studies, independent training and testing datasets are separately utilized in the 

proposed Hybrid PCR. For a given trial, PCs on TDS are first identified from the training 

data set and a MLR is carried out using the significant PCs (with a total variance > 85%) 

to obtain a TDS prediction model. Likewise, a different set of PCs are obtained using 

another testing data set following the same loading vectors derived by PCA for training set, 

and they are substituted to the original MLR equation derived from the training dataset to 

obtain another TDS value for validation purposes. The PCA are conducted using R (ver. 
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3.5.1), from which PCs and loading vectors are obtained, and MLR equation are obtained 

using SPSS (ver. 25). 

2.4.3  Backpropagation Neural Network Models 

Backpropagation neural network (BPNN) is a type of artificial neural network, 

which uses backpropagation as the learning algorithm. Figure 2-2 illustrates a schematic 

diagram of a simple BPNN structure. A basic BPNN structure contains three layers: the 

input layer, the hidden layer, and the output layer. The hidden layer represents the 

transferring function and relationships between the inputs and outputs (Chen et al., 2010). 

In every layer, processing units that contain values are known as nodes. Weight and bias 

are assigned to each iteration according to the membership functions to approximate the 

output. The output therefore can be obtained as the sum of the weighted inputs as shown 

below (Sahoo and Jha, 2013): 

 
𝑌𝑘 = 𝑓 (∑ 𝑊𝑖𝑗𝑋𝑖 + 𝜃𝑗

𝑖

) 
(6) 

where: 𝑌𝑘 = output at node k,  𝑓(∙) = transferring function, 𝑊𝑖𝑗 = the weight applied 

between node 𝑖 and 𝑗, 𝑋𝑖  = input at node 𝑖, and 𝜃𝑗  = bias at node 𝑗.  
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Figure 2-2: Schematic diagram of a one-hidden layer feedforward neural network 
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When BPNN can contain more than one hidden layers, it is found that in most cases 

one hidden layer is sufficient to provide required accuracy (Azadi and Karimi-Jashni, 2016). 

In this study, BPNN with one hidden layer that contains 10 neurons is used. When 

conducting neural network, one major concerns is the overfitting, meaning that the network 

“memorizes” certain combinations during training stage instead of “learning” and building 

a proper algorithm. A very well fitted model in training stage and poorly fitted model in 

testing stage can be observed when overfitting occurs. To avoid overfitting, early stopping 

technique is adopted, and the rule of training (70%), testing and validating (30%) random 

division of inputs is used for all trials. Levenberg-Marquardt Backpropagation training 

method is adopted. This method is performed using MATLAB (v. 2016a).  

2.4.4 Adaptive Neuro-Fuzzy Inference System 

Adaptive neuro-fuzzy inference system (ANFIS) is an adaptive system which 

combines neural networks and fuzzy inference system. Unlike neural networks which 

“learn” the algorithms by the inputs of data, fuzzy models on the other hand, can utilize 

linguistic terms instead of numerical inputs to form the structure of IF-THEN statement. 

Linguistic terms can be defined as input variables and associated with membership 

functions (Mathur et al, 2016). There are three types of fuzzy systems, Mamdani’s system, 

Tsukamoto’s system, and Sugeno’s system. Sugeno’s system is deemed as the more 

efficient type, and is adopted in the study. The function allocates 70% of data for training, 

30% for testing and validating. Hybrid algorithm is used as the optimization method. 

Moreover, in order to include different scenarios, different input variables are selected, and 

the total number of input parameters are limited to be within six variables, based on several 

trial-and-error tests. In trial one, Ca, Na, Cl, SO4 are used as input variables, namely ANFIS 
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(Ca, Na, Cl, SO4). In trial two, Na, Cl, TH, and pH are selected, namely ANFIS (Na, Cl, 

TH, pH). In trial three, Na, Cl, and pH are chosen to be variables, namely ANFIS (Na, Cl, 

pH). In trial four, Na, HCO3, SO4, and TH are chosen as input variables, namely ANFIS 

(Na, HCO3, SO4, TH). In trial five, in total six variables, Ca, Na, HCO3, SO4, pH, and EC 

are selected as input parameters, namely ANFIS (Ca, Na, HCO3, pH). 

The structure of ANFIS differs slightly from trials to trials, due to the different 

parameters. However, the basic structure and layers are similar. Figure 2-3 shows the 

structure of the first trial, ANFIS model one, which can be used to illustrate a general 

ANFIS structure. The structure contains five layers: the first layer is the input layer, which 

contains input variables represented by the black dots, and connecting next layer with 

membership functions (MFs). Second layer is input membership function layer, which 

assign weights to each MFs. Three membership functions are assigned to each input 

variable, represented by the three nodes in second layer. The third layer is the antecedent 

rule layer, performing a pre-process matching for fuzzy rules. Next layer, the consequent 

rule layer, receives fuzzy inference and generates output variables which are passed to next 

layer. Outputs therefore, are released by the last layer, layer 5 (the inference rule layer) 

(Uzuner and Cekmecelioglu, 2016).  
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Figure 2-3: Structure of ANFIS model one 
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2.4.5 Model performance evaluation and error quantification  

A number of statistical indicators are used to examine the behaviors of the models 

and to quantify the accuracy and precision results. R2 describes the portion of variance 

explained by the linear model. P-value in ANOVA model and the results in MLR indicates 

the effectiveness of model and the significance of parameters (Sahoo and Jha, 2013; Hanley, 

2016). In the present study, a confidence interval of 95% is used (p<0.05). When evaluating 

MLR, R2 and Adjusted R2 are both examined: 

 
𝑅2 =

Σ(𝑌�̂� − �̅�)
2

Σ(𝑌𝑖 − �̅�)2
=

SSR

SST
 

(7) 

and 

 Adjusted 𝑅2 = 1 −  (
𝑛−1

𝑛−𝑝−1
) (1 − 𝑅2) (8) 

where SSR= sum of squares regression, SST= total sum of squares, 𝑌𝑖= observed 

values of the target (dependent) variable, 𝑌�̂� = estimated (predicted) values, �̅� = the average 

value of a dependent variable, n = the number of observations, and  p = the number of 

independent variables. 

R2 provides an intuitive measurement between the observed and modelled values, 

but they may be less reliable for non-linear problems (Azadi and Karimi-Jashni, 2016). 

Mean Absolute Error (MAE) measures how closely the predicted values are to the observed 

values, and provides the mean value of the model errors. The closer MAE values to zero, 

the better performance the model is. RMSE describes the global discrepancy between the 
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predicted and observed values (Zhao et al., 2011). Similar to MAE, a small RMSE denoted 

a better fit. RMSE is, however, more sensitive to the erroneous data.  

 
MAE =

1

𝑛
∑|𝑌𝑖 − �̂�𝑖|

𝑛

𝑖=1

 
(9) 

 

 

RMSE = √
1

𝑛
∑(𝑌𝑖 − �̂�𝑖)2

𝑛

𝑖=1

 

(10) 

In addition, a simple error percentage is also included: 

 
Error percentage =  

|�̂�𝑖 − 𝑌𝑖|

𝑌𝑖
 ×  100% 

(11) 

In above equations, 𝑌𝑖 = observed values of the target (dependent) variable, 𝑌�̂�  = 

estimated (predicted) values, �̅� = the average value of a dependent variable, and n = the 

number of observations.  
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CHAPTER 3: GROUNDWATER QUALITY ASSESSMENT 

3.1 Hydrochemical and Physical Characteristics  

The hydrochemical and physical characteristics of groundwater samples from Condie 

aquifer are studied. Table 3-1 compares the parameters with their respective guideline 

values. On average, the abundance of ion concentrations in this study is in the order of 

Ca2+ > Mg2+ > Na+ > K+ > Mn2+ for cations, and SO4
2 − > HCO3 

− > Cl – for anions. The 

observed trends from 2011, 2012 and 2015 were consistent with previous findings at the 

Regina landfill site when only 2015 data were considered (Pan et al., 2017; Pan and Ng, 

2018). No significant changes in groundwater chemical composition are identified at the 

study area, at least from 2011 to 2015. Unlike other cations, the average Mg2+ concentration 

(3.7 mg/L) is noticeably higher than the guideline value. It is also interesting to note that 

the standard deviation of the Na+ concentrations is relatively high (60.3 mg/L). The mean 

values of SO4
2−, TDS, and TH all exceeded the guideline values. 

It is observed that the concentrations of TDS varied considerably in different wells, 

with a standard deviation of 693 mg/L (Table 3-1). Water with high TDS concentrations 

have an unpleasant taste and are not suitable for drinking (World Health Organization 

2011). Further, the average TDS concentration was 1,779 mg/L, 89% higher than the 

benchmark value. Elevated TDS in all groundwater samples suggests possible 

contamination from the landfill site (City of Regina 2015) or a high degree of heterogeneity 

of the subsurface environment. Similarly, the mean value of total hardness (TH) was 266% 

higher than the benchmark value. As such, TH and TDS are selected for further study, and 

used as target parameters for modelling in the first and second parts of this thesis.  
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Table 3-1: Magnitude and variability of the target parameters and the guideline values 

Tested Items 
Canadian 

Guidelines a  
All Monitoring Wells 

Trace Metals    Max Mean Min STD 

Arsenic 0.01 0.028 0.006 0.0003 0.006 

Calcium no value b 500 319 100 106 

Magnesium no value b 220 116 32 47 

Manganese 0.05  190 3.7 0.06 21.1 

Potassium no value b 49 13 5 8.4 

Sodium 200 360 62 16 60.3 

Uranium 0.02 0.054 0.016 0.0054 0.0 

General Parameters           

Bicarbonate no value b 850 415 290 100 

Chloride 250 560 62 1.3 99 

Sulphate 250 1800 995 170 420 

Total Dissolved Solids 1000 3400 1779 500 693 

Tot. Hardness CaCO3 500 2000 1277 390 451 

Lab pH 6.5 − 8.5 8.2 7.8 7.27 0.2 

Lab Conductivity (µs/cm) no value b 4800 2262.9 750 825.9 

a: Units for all parameters are in mg/L, except for pH and Lab Conductivity (µs/cm)  

b: “No value” represents health-based guideline not available for drinking water (WHO, 2011) 
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3.2 Ions Correlations 

 

Correlation coefficients (CC) is used to measure the relationship between two sets 

of data, and therefore can reveal connections and relationships between hydrochemical 

parameters (Hassen et al., 2016). In this study, Pearson correlation coefficient is used, 

defined as below: 

 
CC =

∑(𝑥 − �̅�)(𝑦 − �̅�)

√∑(𝑥 − �̅�)2 ∑(𝑦 − �̅�)2
 

(12) 

The coefficient values of all analyzed parameters are presented in  

 

 

Table 3-2 to investigate the possible soil-water interactions. Correlation 

coefficients greater than |0.75| are regarded as “strongly correlated” (Selvakumar et al., 

2017) and are shown in bold. For instance, sulphate is strongly and positively correlated 

with calcium and magnesium (CC = +0.90 and +0.85, respectively), it is therefore logical 

to assume the possible dissolution of gypsum (CaSO4· 2H2O). Moreover, bicarbonate and 

calcium are mildly correlated (CC = +0.55), suggesting that calcite may not be the sole 

source of calcium. As reported by Barbour and Fredlund (1989), Regina clay in the area is 

predominantly Ca-rich montmorillonite. The strong correlation between sodium and 

chloride (CC = +0.93) suggests halite dissolution may be one of the major chemical 

reactions affecting water chemistry near the landfill site. Similar results were also reported 

in other aquifers (Reddy, 2013; Nagaraju et al., 2014; Hassen et al., 2016). Calcium and 

magnesium also have a strong correlation (CC = +0.94), suggesting the possible dissolution 
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of dolomite (CaMg(CO3)2). Similar to other studies (Khanna, 2015; Abou Zakhem et al., 

2017), both calcium and magnesium have strong and positive correlations with TDS and 

TH (all CC > +0.94). Correlation analysis results support the use of Ca2+ and Mg2+ to model 

TDS and TH. Principal component analysis is applied in order to further study the 

correlations among parameters.
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Table 3-2: Correlation coefficient matrix of the 14 target parameters. 

  As Ca Mg Mn K Na U HCO3 Cl SO4 TDS TH pH EC 

As 1              

Ca -0.24 1             

Mg -0.11 0.94 1            

Mn 0.05 0.20 0.19 1           

K 0.18 0.02 0.12 0.01 1          

Na 0.30 0.42 0.59 -0.02 0.38 1         

U 0.07 0.67 0.71 0.08 0.16 0.60 1        

HCO3 0.23 0.55 0.75 0.01 0.24 0.79 0.66 1       

Cl 0.19 0.41 0.57 -0.03 0.34 0.93 0.50 0.82 1      

SO4 -0.16 0.90 0.85 0.05 0.04 0.46 0.71 0.49 0.36 1     

TDS -0.10 0.95 0.96 0.08 0.13 0.64 0.76 0.72 0.61 0.90 1    

TH -0.19 0.96 0.94 0.19 0.06 0.48 0.69 0.59 0.46 0.86 0.94 1   

pH 0.05 -0.56 -0.55 -0.12 0.20 -0.31 -0.43 -0.42 -0.29 -0.51 -0.60 -0.57 1  

EC -0.04 0.88 0.94 0.03 0.17 0.75 0.73 0.79 0.73 0.84 0.97 0.88 -0.58 1 

Note: Strong correlations with coefficient > |0.75| are shown in bold 

TDS: total dissolved solids 

TH: total hardness 

EC: Electrical Conductivity
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Table 3-2 provides the coefficients of parameters for each component in descending 

order. As Table 3-2 shows, a total of three principal components are identified. The first 

principal component (PC1) takes 49.6% of total variance, suggesting that nearly half of the 

set can be statistically represented by PC1 alone. The second principal component (PC2) 

contains 5 parameters and explains 23.5% of the total variance. The third principal 

component (PC3), which contain only one parameter (Mn2+), explains 7.6% of the total 

variance. The selected three principal components explain a total of 80.7% of the total 

variance, providing adequate representation of the set (Hu et al., 2013; Jiang et al, 2015; 

Hassen et al., 2016).  

Based on the rotated component matrix (Table 3-3), each principal component can 

be represented by parameters which provide main contribution (bolded). Therefore, 

principal component 1 (PC1) can be represented by eight parameters (Ca, TH, SO4, TDS, 

Mg, EC, U, and pH). Among which, some of the parameters are strongly correlated 

(coefficient > |0.75|), including three types of parameters: (1): physical parameters (electric 

conductivity, total dissolved solids, and total hardness); (2) major metallic cations (calcium 

and magnesium); and (3) the anion sulphate, which can be combined with calcium and 

magnesium to form highly dissolvable salts and minerals, including gypsum 

(CaSO4·2H2O), anhydrite (CaSO4), and cranswickite (MgSO4·4H2O). PC2 includes 

mainly two types of parameters: (1) metallic cations such as sodium and potassium, and (2) 

major anions such as chloride and bicarbonate. Similar to PC1, the cations and anions in 

PC2 can easily form highly dissolvable salts and minerals include sylvite (KCl), nahcolite 

(NaHCO3), and halite (NaCl) in normal range of pH. This finding is consistent with the 



35 

 

results from the correlation matrix (Table 3-2). PC3 contains only one parameter, 

manganese, suggesting the possibility of multiple sources of manganese near the site.  
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Table 3-3: Rotated component matrix and principal components. 

Parameters 

Principle Component 

1 2 3 

Ca 0.973 0.073 0.053 

TH 0.967 0.157 0.060 

SO4 0.965 0.079 − 0.075 

TDS 0.938 0.322 − 0.036 

Mg 0.926 0.298 0.066 

EC 0.870 0.459 − 0.082 

U 0.686 0.408 0.045 

pH − 0.661 − 0.044 − 0.114 

Na 0.398 0.857 − 0.068 

Cl 0.372 0.832 − 0.110 

HCO3 0.542 0.727 − 0.015 

K 0.052 0.608 − 0.024 

As − 0.335 0.595 0.362 

Mn 0.156 − 0.071 0.935 

 

Note: Only coefficients > |0.5| are considered significant and bolded. 
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The results from the correlation matrix, ion plots and PCA provide an integrated 

assessment on the hydro-chemical properties of the aquifer. Minerals such as gypsum and 

halite dissolution are identified as the dominant process which may affect the groundwater 

chemistry. 

3.3 Soil-Water Interactions 

Relative ionic strength of major cations and anions are plotted in order to study ion 

exchange and chemical dissolution processes. Together with the correlation coefficient 

between parameters, minerals and soil-water interactions can be identified. For example, 

the correlation coefficient between sodium and chloride is 0.93, indicating a high 

correlation between the two ions. The scatter plot of sodium and chloride (Figure 3-1) also 

shows a linear relationship (R2 = 0.87, slope = 0.88), indicating that halite (NaCl) may be 

a source contributing water chemistry. Most of the data points are located in the lower 

concentration area (Na+ or Cl- < 4 meq/L) due to the relatively low abundance of the salts. 

Also, the plot shows greater concentrations of sodium than chloride ions, which suggests 

other sources of sodium. In the region of study area, the use of road salts (Marsalek, 2003) 

may be another reason for salinity. More work is required to confirm the exact source or 

combination of sources.  

Plots of (Ca2+ + Mg2+) against (HCO3
− + SO4

2 −) in Figure 3-2 also shows a linear 

pattern (R2 = 0.95) which is close to 1:1 line (slope =0.91), suggesting the possible 

dissolution of dolomite (Ca(HCO3)2), gypsum (CaSO4•2H2O), and calcite (CaSO4) 

(Hassen et al., 2016). More data points are located below the 1:1 ratio line, indicating 

excessive concentration of bicarbonate and sulphate over calcium and magnesium, which 

may lead to ion exchange.  
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Even from plot Figure 3-2 identified dolomite as a possible source of calcium and 

bicarbonate, the correlation coefficient of the two ions are not very high (CC = 0.55), 

indicating that there are other source contributing calcium and bicarbonate ions. A plot of 

calcium against sulphate (Figure 3-3) shows a linear pattern (R2 = 0.91) which indicates 

the possible dissolution of gypsum (CaSO4· 2H2O) or anhydrite (CaSO4). However, over 

80% of the data points are located below the 1:1 ratio line, and the slope of the best-fit line 

is less than unity (Slope = 0.58). The sulphate concentration is generally higher than the 

calcium concentration, indicating excess sulphate which is possibly originating from other 

sources. This is especially true in higher concentration ranges (Ca2+ > 10 meq/L). To 

identify the source of excess sulphate, a plot of calcium and magnesium versus sulphate 

(Figure 3-4) is plotted. The figure shows a linear pattern (R2 = 0.91) with a best-fit line 

slope of 1.01, suggesting possible dissolution of kieserite (main component: MgSO4· H2O).  

Most data points are located on top of the 1:1 line, and with more data scattering in the 

higher concentration range (Ca2+ + Mg2+ > 35 meq/L), it suggests a more complicated 

mineralization process (Hassen et al., 2016).  
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Figure 3-1: Ion plot of sodium versus chloride. 
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Figure 3-2: Ion plot of calcium and magnesium versus bicarbonate and sulphate
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Figure 3-3: Ion plot of calcium versus sulphate. 
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Figure 3-4: Ion plot of calcium and magnesium versus sulphate 
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3.4 Salinity Hazard and Irrigation Suitability 

In this study, Sodium Absorption Ratio (SAR) is used to evaluate the salinity of 

water samples during the study period. Figure 3-5 compares the SAR with respect to 

different spatial groups. The central bar of the boxplot indicates the median, the circle 

symbol represents the mean value, and the bottom and top edges of box represent the first 

and third quantile (25th and 75th percentile, denoted as Q1 and Q3, respectively) of each 

group. Whiskers outside of the box represent the maximum and minimum values. 

It is clear from Figure 3-5 that the Background Group, located immediate upstream 

of the landfill, shows the lowest mean and median SAR values. The mean and median 

values are approximately equal and the data points are narrowly spread with a normal 

distribution. A similar data spread pattern is observed in the Far West Group, located 

downstream furthest away from the landfill site. The magnitude of SAR in this group is 

comparable to the Background group (median = 0.51 mg/L), with a narrowly spread data 

set (Q1 = 0.50 mg/L, Q3 = 0.59 mg/L).  

East Group has a slightly higher median SAR value than the Background Group, 

with a reasonable spread of data. South Group (median = 0.685 mg/L, Q1 = 0.58 mg/L, Q3 

= 0.79 mg/L) and West Group (median = 0.677 mg/L, Q1 = 0.56 mg/L, Q3 = 0.86 mg/L) 

are both located immediate downstream of the landfill, and have the highest median values 

and data spreading among the groups. The mean SAR value of the West Group is 

noticeably greater than the respective median value, indicating the data set is heavily 

skewed. It is believed that a number of overestimates might be responsible for the upward 

skew of the West Group, although no evidence is available to verify this claim. With the 

exception of the West Group, insignificant variability exists in SAR values at a given group 
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and between groups. For all groups, the mean SAR value is generally close to, or less than, 

unity. Although the SAR values are found in general at low values near the site, comparing 

with other studies (Nagaraju et al., 2014; Aminiya et al., 2016), differences among the 

groups suggest possible groundwater contamination from the operation of the unlined 

landfill.  
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Figure 3-5: Boxplot of SAR with respect to monitoring well spatial location. 
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Classification of water based on sodium percentage can be represented by a Wilcox 

diagram (Nagaraju et al., 2014; Hassen et al., 2016). As shown in Figure 3-6, most water 

samples fell between “Good to Permissible” (17.7%) and “Doubtful to Unsuitable” (62.0%) 

zones. One “unsuitable” sample is observed due to the excessive sodium percentage and 

EC. In total, 50 out of 79 samples (63.2%) exceeded the permissible EC of 2000 ms/cm. 

Results from the Wilcox diagram indicate that groundwater in the Condie aquifer is 

generally not suitable for direct irrigation due to high salinity. Filtration and dilution of 

groundwater is recommended to reduce water salinity for irrigation purposes.  
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Figure 3-6: Wilcox diagram for samples collected near the Regina landfill from 2011 to 

2015. 
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3.5 Total Hardness and Drinking Suitability  

Total hardness is a measurement of the concentration of calcium and magnesium 

ions, expressed in terms of calcium carbonate concentration (Selvakumar et al., 2017). 

Similar to the SAR results, box plots (Figure 3-7) are used to study the data distribution 

from different spatial groups due to the skew of the data.  The central line of the box plot 

and the circle symbol represent the median and mean value, respectively. The bottom and 

top edges of the box represent the first and third quantile (25th and 75th percentile) of each 

group. Whiskers represent the maximum and minimum values. With the exception of the 

East and West Groups, significant different mean and median values are observed due to 

the skew in distribution of the TH data. Unlike SAR data (Figure 6), significant variability 

exists at a given group and between groups (Figure 8). 

The median TH concentration in the Background Group is 455 mg/L and is less 

than the mean due to the skew of the data. An extreme TH value of 1500 mg/L was 

observed during the study period. Median values from all non-background groups, however, 

have exceeded the guideline value of CaCO3 = 500 mg/L (Table 3-1). In East Group, the 

median value of TH is 1600 mg/L, slightly higher than the West Group and Far West Group 

(median of both groups = 1500 mg/L), and higher than the South Group (median TH = 

1300 mg/L). Both the South and West groups are located immediate downstream of the 

landfill. A significant spread of TH data is observed in the South Group (Q1 = 900 mg/L, 

Q3 = 1600 mg/L), followed by the West group (Q1 = 1300 mg/L, Q3 = 1775 mg/L). 

TH concentrations at the Regina landfill are noticeably greater than the 

concentrations suggested in the guidelines (Table 3-1). TH concentrations from non-

background groups are at least 0.86 to 3 times greater than the guideline concentration. A 
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MLR model on TH is developed to explore the elevated TH values and to investigate the 

influencing parameters and their respective chemical interactions.  
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Figure 3-7: Comparison of total hardness with respect to spatial locations from 2011 to 

2015. 
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To further study the concentrations of TH, a Dual-step multiple linear regression 

on TH is conducted and verified in this study. In the first regression, TH is selected as the 

dependent variable, and all 13 remaining parameters (As, Ca, Mg, Mn, K, Na, U, HCO3, 

Cl, SO4, TDS, pH, and EC) are used as independent variables. Similar to other groundwater 

studies, a confidence interval of at least 95 percent is used (Civelekoglu et al., 2007; 

Viswanath et al., 2015). Three ions are identified as significant factors on the regression 

model: Ca2+ (p <0.0001), Mg2+ (p < 0.0001), and Cl– (p < 0.02). The remaining ten 

parameters with p-values greater than 0.05 are excluded. The significance of the model is 

verified using ANOVA, with a p-value < 0.0001, and the fitted linear model adequately 

describes the data set with an adjusted coefficient of determination (Radj
2) > 0.99. A second 

MLR is then conducted by using Ca2+, Mg2+, and Cl- as independent variables and TH as 

the dependent variable. The significance of three selected parameters in the MLR model 

are all acceptable: Ca2+ with p < 0.0001, Mg2+ with p < 0.0001, and Cl- with p = 0.01. The 

Radj
2 of the three-parameter linear model is 0.995, with a p-value <0.0001 from f-test. The 

prediction equation of total hardness obtained by the dual-step MLR is: 

TH = 2.393 × Ca + 4.502 × Mg − 0.136 × Cl − 1.793     (13) 

The equation (13) is derived for ion ranges within: Ca2+: (100 ~ 500 mg/L), Mg2+: 

(32 ~ 220 mg/L), Cl-: (1.3 ~ 560 mg/L). All parameters are in mg/L. Unlike Ca2+ and Mg2+, 

the coefficient of Cl- is negative (−0.136) for TH. This is probably due to the electrical 

attraction between the negatively charged Cl- and the cations. Similar studies were 

conducted regarding the concentration of TDS, and found that both calcium and chloride 

are correlated to TDS (Viswanath et al, 2015; Selvakumar et al., 2017).  
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Predicted TH using the MLR model are plotted against the observed values (Figure 

3-8). The fitted line (slope = 0.995) compares well to the 1:1 line (grey line). The adequacy 

of the linear model is confirmed with a R2 = 0.995, for the range from 390 mg/L to 2000 

mg/L. Predictions in extreme ranges (TH concentrations < 700 and >1500 mg/L) are 

comparable with the mid-range values, demonstrating the robustness of the proposed linear 

model. Results suggest that the two-step MLR model adequately describes TH using data 

in this study.   
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Figure 3-8: Comparison between the observed TH and the predicted TH using the 

proposed MLR model. 
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CHAPTER 4: MODELLING OF TDS CONCENTRATION  

4.1 Prediction and Performance of Dual-step MLR 
 The dual-step MLR is applied to the observed data. TDS is the dependent variable, 

and the remaining 13 parameters are independent variables. Five models are generated 

from five trials using different random sets, as shown in Table 4-1. In training stage, R2 

varies from 0.96 to 0.99, and similar results are obtained in testing stage. ANOVA of the 

model shows that p-value <0.001, indicating the validity of the models. The results indicate 

that among all 13 variables, sodium, bicarbonate, chloride, sulphate, total hardness, pH, 

and EC are statistically significant to the concentrations of TDS, and have met the 95% 

confidence (p-value <0.05) in different scenarios.  

The performance of models (Table 4-6) obtained during training and testing stage 

shows that Dual-step MLR models perform very well, even though the models are 

relatively simple. The last two models, trial 4 and trial 5, both perform very well in all 

aspects of evaluations (R2, MAE, RMSE are 0.991 and 0.992, 43.259 and 44.481, 67.128 

and 62.829, respectively), as discuss further below. 
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Table 4-1: Dual-step MLR models 

Models Prediction models 

1 TDS = -34.886+2.61×Ca+1.315×Na+0.598×Cl+0.484×SO4+0.173×EC 

2 TDS = 1804.031+2.525×Na-0.020×HCO3+0.305×Cl+1.208×TH-223.878×pH 

3 TDS = 2216.516+0.831×Na+1.583×Cl+1.273×SO4-238.356×pH 

4 TDS = -57.579+2.624×Na+0.335×HCO3+0.554×SO4+0.776×TH 

5 TDS = 615.925+2.318×Ca+1.591×Na+0.497×HCO3+0.508×SO4-97.832×pH+0.170×EC 
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Table 4-2 shows that the coefficients of seven explanatory variables (Cl, SO4, HCO3, 

Cl, Na, TH, and EC) are positive, except pH which has a negative coefficient with TDS. 

TDS increases with Cl, SO4, HCO3, Cl, Na, TH and EC, but decreases with pH value. 

Similar trend can also be observed from the results from the Dual-step MLR. 

A check regarding the collinearity among explanatory variables is also conducted, as 

shown in Table 4-2. The absolute value of most coefficients in Table 4-3 are greater than 

𝑅𝑐𝑟𝑖𝑡 = 0.16  (marked bold), indicating that multicollinearity exists among some 

explanatory variables and may affect the final results of model.  
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Table 4-2: Correlation coefficients of explanatory variables and TDS (dependent 

variable) 

  Ca Na HCO3 Cl SO4 TH pH EC 

TDS 0.95 0.67 0.72 0.64 0.93 0.97 -0.64 0.97 
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Table 4-3: Correlation coefficient of variables for multicollinearity (Model one) 

  EC Cl Ca Na SO4 

EC 1 -0.437 -0.541 -0.408 -0.454 

Cl  1 0.017 -0.589 0.431 

Ca   1 0.403 -0.455 

Na    1 -0.053 

SO4     1 
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K-S test is conducted using SPSS (v. 25). The results for the five trials are shown in 

Table 4-4. It is noticed that the significance values of K-S test are all less than 0.05, 

indicating that the TDS set is not normally distributed, possibly due to the highly 

concentrated values. It is found that the 5 highest values occur in Group 4 (index No. 71, 

74, 72, 73, 70, from the highest to the lower), and all of the 5 lowest values occur in Group 

1 (index No. 1, 2, 5, 3, 8, from the lowest to the higher). This result suggests that even 

though MLR provides a well-fitted linear model, TDS set is not considered normally 

distributed, and therefore, MLR may not be the most appropriate model to describe the set 

as the assumptions of MLR are not completely met.  

The Dual-step MLR results of Model 1 can be graphically compared with observed 

data. The scatter plot of model and observed values show a linear relationship (Figure 12). 

In the line graph, the percentage error (dash grey line) is plotted using the right-hand-side 

secondary axis (Figure 13). The errors are generally low, with an average percentage error 

of model 1 of only 3.66%. A peak is observed at the index NO. 127, giving the maximum 

percentage error of 38.46%. 
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Table 4-4: Normality check for Dual-step MLR models 

  
Kolmogorov-Smirnov Shapiro-Wilk 

Statistic df Sig. Statistic df Sig. 

MLR1 0.090 151 0.004 0.952 151 0.000 

MLR2 0.091 151 0.004 0.955 151 0.000 

MLR3 0.079 151 0.023 0.955 151 0.000 

MLR4 0.082 151 0.015 0.958 151 0.000 

MLR5 0.084 151 0.011 0.955 151 0.000 

Note: Df=degree of freedom, sig.= significance 
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Figure 4-1: Dual-Step MLR model 1 vs. observed value
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Figure 4-2: Dual-Step MLR model 1 vs. observed value with index numbers
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4.2 Hybrid Principal Component Regression 

PCR models is constructed to minimize multicollinearity of the explanatory variables. 

On any given set, it is found that the largest 4 PCs provide sufficient coverage of variance 

(>85%). The accumulated covariance for Hybrid PCR model 1 to 5 are 85.8%, 85.8%, 

86.2%, 85.9%, and 86.6%, respectively. MLR is then conducted using the four PCs as 

independent variables. ANOVA test reveals p-value < 0.001 for all models, indicating the 

model is statistically significant. All four PCs are effectively contributing to the target 

parameter, with p-values for all factors < 0.001. The Hybrid PCR models are shown in 

Table 4-5. It is worth noticing that the absolute values of the PC1 coefficients are at least 

3 times larger than the PC2 coefficients, and the sign each principal component varies from 

model to model. 

Figure 4-3 graphically compares the Hybrid PCR1 results. The scatter plot shows a 

good linear relationship (R2=0.980). Slightly more data points are located below the 1:1 

line (not shown), suggesting the tendency of the Hybrid PCR1 model to underestimate the 

target parameter.  

The percentage errors are shown in Figure 4-4, and are generally larger than dual-

step MLR models, with an average of 7.6%. Unlike the MLR1 model, it appears that 

percentage errors of Hybrid PCR1 model are inversely related to the TDS concentrations, 

Hybrid PCR1 model shows larger percentage errors in the Background group (index 1-14), 

probably due the smaller observed TDS values. More peaks in percentage errors are 

observed than the MLR1. The maximum value is observed at index 98 (West group), 

corresponding to a percentage error of 38.9%. 
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Table 4-5: Hybrid PCR predicting equations 

Trials Hybrid PCR equations 

Hybrid PCR1 TDS =  1754.858 −  257.971 × PC1 −  78.145 × PC2 −  33.133 × PC3 + 29.469 × PC4 

Hybrid PCR2 TDS =  1689.274 − 244.061 × PC1 + 59.241 × PC2 − 16.552 × PC3 − 20.784 × PC4 

Hybrid PCR3 TDS = 1783.132 − 248.295 × PC1 + 71.535 × PC2 + 24.981 × PC3 + 27.244 × PC4 

Hybrid PCR4 TDS = 1634.047 + 263.709 × PC1 − 70.708 × PC2 − 21.321 × PC3 − 17.648 × PC4 

Hybrid PCR5 TDS = 1739.132 − 252.759 × PC1 − 75.037 × PC2 − 31.487 × PC3 + 2.027 × PC4 
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Figure 4-3: Observed TDS vs. Hybrid PCR 1 predicted values 
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Figure 4-4: Hybrid PCR1 vs. observed values with index number 
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4.3 Verifying the Performance of Neural Network Model  

In order to compare with other methods, different datasets are applied to BPNN, 

using the same structure of 13-10-1, representing 13 input variables, 10 nodes in hidden 

layer, and 1 output variable. The model is trained using LM training algorithm. Training 

samples are received by the network for the purpose of algorithm training, which is 

achieved by continuously adjusting and updating the network weights and biases to reduce 

errors. Validation samples are used to measure the generalization of network, and stops the 

training process when the network is not improving. Testing samples are independent to 

the rest two sets, and measures the performance of the network during and after the training 

process (Azadi and Karimi-Jashni, 2016). Figure 4-5 demonstrates an example when the 

model detecting overfitting and identifying a stop epoch. As the figure shows, Mean Square 

Error (MSE) variates during different iterations, and keeps decreasing initially for all three 

sample sets when the model begins to process. However, at the eleventh iteration, the errors 

of validation and testing samples reach to the lowest values, and begin to increase 

afterwards as iterations process. The increase of errors indicate that the network begins to 

overfit. In this situation, the model will perform early stopping and stop the training process 

at 11 epochs, reporting the weights and biases at this point to the network. 
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Figure 4-5: Performance for different epochs of the BPNN model 1 
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Model one of the network (BPNN) is used to demonstrate model performance 

verification. The scatter plot in Figure 15 indicates a general linear relationship between 

observed values and model values with a R2 = 0.975 and slope = 0.969. Most data points 

(61 percent) fell into the middle concentration range, between 1500 to 2500 mg/L. In the 

line graph (Figure 16), great variations of error percentage are observed, and the values are 

larger in certain segments, such as index No. 1 - 17 (which belongs to MW Group 1), and 

No. 45 – 56 (which belongs to MW Group 3). Similar to MLR prediction model, at index 

No. 127, the error percentage is 26%, much larger than other neighboring data points. The 

maximum percentage error occurs at index No. 1 at 27%. And the overall average of 

percentage error is 7%.  
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Figure 4-6: Backpropagation network model 1 vs. observed values 
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Figure 4-7: Backpropagation network model 1 vs. observed values with index numbers 
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4.4 Performance of Adaptive Neuro-Fuzzy Inference System  

ANFIS models are established based on various inputs. Assuming linear functions, 

triangular-shaped membership function type of input (MFTI) is used for all the test. 20 

epochs are executed for each trial, and 5 scenarios with different input variables are 

conducted. Models are designed and generated using MATLAB Fuzzy Logic Toolbox as 

well as the GUI editor.  

In ANFIS model one, Ca, Na, Cl, and SO4 are the four input variables, and the output 

is TDS. The structure of fussy logic system is shown as Figure 4-8. Training dataset is first 

applied to the system. Asterisks in Figure 4-11 indicates the predicted/modelled data by 

FIS, and the circles are the observed data. Clearly, the closer the asterisks with circles, the 

better the training model is. A separate testing dataset is applied following FIS, and the 

map of modelled values and observed values is indicated as Figure 4-10 (with testing data 

represented by dots, and modelled data represented by asterisks). It is found that even with 

less amount of sample data, the model is still able to fit the observed values reasonably. In 

order to test the model and apply the model to entire sample data, FIS is checked using all 

the sampled dataset. As illustrated by Figure 4-11, the data (“+”) agree well with the 

modelled data (“*”).  

The performance of model can be illustrated by scatter plot and line graph, as shown 

in Figures 21 and 22, respectively. It is clear that the predicted values are generally very 

close to the observed value, with R2 = 0.988 and a slope =0.980. In the line graph (Figure 

22), a larger percentage error is again observed at index No. 127. The percentage error at 

this location is 32.8%, while the average of ANFIS model one is only about 2.5%.  
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Figure 4-8: Fuzzy logic system for ANFIS model 1 
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Figure 4-9: Training data and FIS output of ANFIS model one 
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Figure 4-10: Testing data and FIS output of ANFIS model one 
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Figure 4-11: Observed values compared with model fit data of ANFIS model one 
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Figure 4-12: ANFIS model 1 vs. observed TDS 
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Figure 4-13: ANFIS model 1 vs. observed TDS with index number 
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Unlike BPNN, ANFIS models are conducted with only selected input parameters. To 

further illustrate the impacts from different variables, a 3-D surface diagram (Figure 4-14) 

of chloride and sodium is generated by GUI using FIS Toolbox. The surface diagram shows 

a dip at the middle region, indicating a lower TDS concentration.  Around this area, the 

concentration of sodium is roughly from 100 mg/L to 250 mg/L, and the concentration of 

chloride is around 200 to 350 mg/L. In the area near the origin, however, TDS shows a 

higher value even though both chloride and sodium concentration is low. In reality, it is 

very rare for an aquifer to maintain such high concentrations of chloride or sodium. 

Considering all samples at the study area, only 7% of samples contain sodium greater than 

100 mg/L, or sodium greater than 200 mg/L. Hence, it would be unrealistic to reduce TDS 

concentration by maintain high concentrations of chloride or sodium. Caution should be 

used when applying the model findings. Also, results from different models should be 

considered collectively. For example, Figure 4-15 shows the concentration of TDS as 

surface map, and the other two factors are chloride and pH. It is found that pH can affect 

TDS concentrations in both ways, while the higher TDS concentrations occur when pH is 

around 7.8, the larger or smaller value of pH appear to have a negative impact on TDS 

concentration. 
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Figure 4-14: Surface of ANFIS model one with Cl, Na against TDS 
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Figure 4-15: Surface performance of ANFIS model three with Cl and pH against TDS
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4.5 Comparison of Models 

Models are evaluated by statistical indices include coefficient of determination, 

RMSE, and MAE. In the model fitting stage, the built model is applied to the entire sample 

data, and values is compared with all TDS samples. In general, performance indices of 

training stage are not good references for evaluating model accuracy, as inputs from train 

dataset had made the model “aware” of the input values (Bagheri et al., 2017). Instead, 

testing and validation stage provides more insights on the model performance and 

capability of fitting a complex system.  

In this study, testing stage is able to provide more unbiased information due to the 

independent sample sets from the training stage.  

 

Table 4-6 provides the performance of each model and the corresponding evaluation 

indices for training, testing, and model fitting stage, and the best performance (i.e.: the 

highest R2, lowest MAE or RMSE values) are marked bold. R2 is typically used to describe 

how well the model fits with actual data in a linear model. It is noted that all the models 

have generally good fit, with almost all the R2 greater than 0.8. The only exception is the 

fifth model of ANFIS, with the R2 = 0.7 in testing stage. This value goes up to 0.910 in 

model fitting, however, this could only because of the overlapped data points which has 

been used for training. Comparing the R2 for all models in testing stage, it is found that the 

first model of all four methods happen to provide the best performance, with R2 = 0.990, 

0.973, 0.955, and 0.990 for Dual-step MLR, Hybrid PCR, BPNN, and ANFIS models, 

respectively. It is possible that the training dataset assigned for first trial contains less 
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extreme values, or could be because of other reasons, since that different models are applied 

to different sample datasets.  

When evaluating MAE and RMSE for testing stage, results are similar to comparing 

R2. The models that perform better with R2 are tend to have smaller values of MAE and 

RMSE, indicating a more accuracy model. Models that provide the smallest MAE values 

in testing stage are the first Dual-step MLR model (MAE=52.3), followed by Hybrid PCR 

(model 5, MAE=72.6), the second BPNN model (MAE=102.2), and the first ANFIS model 

(MAE=43.3).  

Although the MAE results of model fitting is similar to R2, it should be noted that 

slight variations are observed using MAE and RMSE. For instance, both MAE and RMSE 

values are higher when using BPNN, and much less when conducting Dual-MLR, Hybrid 

PCR and ANFIS approaches. The largest MAE value that Dual-step MLR models produce 

is 96.2, which is even less than the most accurate model in BPNN category (MAE=102.2). 

This result suggests that in Condie aquifer, statistical approaches such as linear model 

offers reasonable accuracy for predicting the concentration of TDS, and can even out-

perform more sophisticated machine learning approaches.  
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Table 4-6: Statistical indices of model performances in training, testing, and model fitting stage 

    Training Testing Model fit 

  Model R2 MAE RMSE R2 MAE RMSE R2 MAE RMSE 

Dual-step MLR 

1 0.988 53.932 78.697 0.990 52.269 66.872 0.988 53.481 75.370 

2 0.976 77.918 103.476 0.972 96.210 128.463 0.975 83.372 111.510 

3 0.965 73.516 127.256 0.986 67.014 83.281 0.973 71.556 115.910 

4 0.991 43.259 67.128 0.973 68.047 101.189 0.987 50.656 78.833 

5 0.992 44.481 62.829 0.986 56.263 83.610 0.990 47.946 69.677 

 1 0.982 73.701 96.050 0.973 84.377 107.966 0.980 76.882 99.750 

Hybrid PCR 2 0.975 79.247 104.972 0.974 97.553 123.548 0.975 84.703 110.834 

 3 0.978 78.561 102.095 0.980 75.440 99.115 0.979 77.631 101.216 

 4 0.978 79.941 106.970 0.965 91.705 114.441 0.976 83.446 109.249 

 5 0.976 84.342 108.451 0.980 72.645 97.949 0.977 80.856 105.430 

BPNN 

1 0.982 76.047 94.952 0.955 114.666 139.095 0.975 87.556 109.976 

2 0.898 51.678 213.416 0.951 102.212 170.902 0.917 66.738 201.686 

3 0.886 168.616 230.499 0.888 167.049 234.883 0.891 168.149 231.814 

4 0.981 70.819 99.172 0.865 133.568 226.267 0.955 89.519 148.867 

5 0.919 147.356 198.700 0.862 211.882 258.538 0.903 166.586 218.255 

ANFIS 

1 0.994 36.188 55.507 0.990 43.327 66.522 0.993 38.316 59.005 

2 0.990 51.107 68.335 0.853 174.105 296.474 0.940 87.762 171.675 

3 0.988 50.983 73.936 0.982 67.233 95.422 0.987 55.826 80.938 

4 0.987 60.670 82.390 0.869 138.194 222.678 0.960 83.773 139.794 

5 0.997 25.028 36.704 0.700 134.675 381.808 0.910 57.704 210.687 

R2 = coefficient of determination, MAE=mean absolute error, RMSE = root mean squared error
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The statistical indices from model fitting stage are summarized in Table 4-7. The 

percentage errors are within 10%. In the categories of maximum and minimum model 

predictions, however, several models show much higher percentage error than others. For 

instance, the minimum predicted TDS value by BPNN model three is 201 mg/L, with a 

56.1% percentage error. Similar situation occurs in BPNN model five, with an observed 

minimum value of 460 mg/L. The predicted value, however, is 673 mg/L, with a 46% 

percentage error. For example, the highest TDS concentration using ANFIS model five is 

larger than 5000 mg/L, about 49% higher than the actual value (3400 mg/L).  

Unlike some studies (Sahoo and Jha, 2013; Azadi et al., 2016) which reported better 

performance of machine learning approaches than regression models, this study found that 

BPNN, a machine learning method, is not superior than the regression models considered 

in this study. Advanced regression methods such as the Dual-step MLR and Hybrid PCR 

are better in terms of model accuracy and precision, at least using TDS concentrations of 

an urban aquifer considered in this study. 

The Dual-step MLR models perform well and are less sensitive to the variability of 

the inputs. However, collinearity of the explanatory variables is difficult to eliminate given 

the nature of the groundwater parameters. Hybrid PCR models eliminates collinearity 

issues and provide reasonable prediction of the target parameter. The proposed Hybrid PCR 

approach demonstrates its advantage of dimension reduction and dealing with multiple 

variables. It is also overall a more suitable and applicable approach in monitoring TDS in 

this study. 
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Table 4-7: Statistics summary of the model fitted TDS values for all approaches 

Approaches Models Average Percentage of error Median Percentage of error Maximum Percentage of error Minimum Percentage of error 

Observed TDS 
 

1699.79 -- 1800 -- 3400 -- 460 -- 

Dual-step MLR 

1 1700.31 0.03% 1791.20 0.49% 3379.25 0.61% 447.51 2.7% 

2 1705.93 0.36% 1781.52 1.03% 3639.60 7.05% 481.77 4.7% 

3 1706.21 0.38% 1812.90 0.72% 3566.47 4.90% 503.63 9.5% 

4 1703.33 0.21% 1828.89 1.61% 3461.70 1.81% 471.12 2.4% 

5 1704.20 0.26% 1837.53 2.08% 3381.12 0.56% 447.54 2.7% 

Hybrid PCR 

1 1694.80 0.29% 1781.45 1.03% 3497.44 2.87% 406.76 11.6% 

2 1714.15 0.84% 1807.05 0.39% 3647.04 7.27% 438.00 4.8% 

3 1710.09 0.61% 1798.57 0.08% 3501.75 2.99% 422.16 8.2% 

4 1697.94 0.11% 1790.80 0.51% 3584.00 5.41% 409.53 11.0% 

BPNN 

5 1705.95 0.36% 1795.27 0.26% 3538.68 4.08% 405.58 11.8% 

1 1715.45 0.92% 1776.09 1.33% 3364.15 1.05% 557.98 21.3% 

2 1712.56 0.75% 1804.74 0.26% 4088.32 20.24% 464.51 1.0% 

3 1547.48 8.96% 1687.29 6.26% 2965.57 12.78% 201.81 56.1% 

4 1727.21 1.61% 1844.71 2.48% 4103.15 20.68% 498.02 8.3% 

5 1733.31 1.97% 1790.70 0.52% 3306.01 2.76% 673.05 46.3% 

ANFIS 

1 1695.30 0.26% 1811.37 0.63% 3399.98 0.00% 487.23 5.9% 

2 1708.14 0.49% 1818.59 1.03% 4314.06 26.88% 414.31 9.9% 

3 1702.74 0.17% 1847.81 2.66% 3398.94 0.03% 496.13 7.9% 

4 1687.56 0.72% 1783.26 0.93% 3399.99 0.00% 450.37 2.1% 

5 1727.36 1.62% 1813.54 0.75% 5069.19 49.09% 483.65 5.1% 



87 

 

CHAPTER 5: CONCLUSIONS AND RECOMMENDATIONS 

5.1 Conclusions of the studies 

5.1.1 Groundwater Quality assessment and Suitability for irrigation  

In the first study, hydrochemical groundwater properties of an urban aquifer were 

systematically assessed, using three years (2011, 2012, and 2015) of water samples from 

27 monitoring wells near an unlined landfill site. The abundance of the cations are in the 

order of Ca2+> Mg2+> Na+> K+ > Mn2+, and abundance of the anions are in the order of 

SO4
2 − > HCO3 

− > Cl −.  

By conducting correlation coefficient, a strong correlation exists between sulphate 

and calcium (CC = +0.90), sodium and chloride (CC = +0. 93), as well as sulphate and 

magnesium (CC = +0.85). Calcium and magnesium are also strongly correlated (CC = 

+0.94). Ion plots revealed the correlation of the ions and suggested the water chemistry of 

the aquifer is affected by gypsum, halite, calcite and dolomite dissolution processes. 

Principal component analysis identified three principal components, PC1, PC2, and PC3, 

which represents 49.6%, 23.5%, 7.6% of total variance, respectively. The three 

components adequately represent over 80.7% of total variance. 

Over 63.2% of the samples fell into categories of “Doubtful to unsuitable” and 

“unsuitable” using the Wilcox diagram, indicating the unsuitability of the groundwater for 

irrigation purposes. With the exception of the West Group, insignificant variability exists 

in SAR values at a given group and between groups. The box plots revealed the spread of 

the TH data, and they are generally skewed. TH from non-background groups are 



88 

 

significantly greater than the drinking water guideline (500 mg/L), rendering the water 

unsafe for human consumption. 

Results from a dual-step multiple linear regression model (R2 > 0.99) suggested that 

calcium and magnesium are positively correlated to the concentration of TH, whereas 

chloride is negatively correlated. The TH values of the regression model were verified by 

the actual data.  

It is found that the integrated spatial multivariate statistical approach adopted in 

this study has provided a comprehensive assessment of the groundwater quality near an 

unlined landfill site. 

5.1.2 Modelling of TDS Concentrations with different approaches 

The second study proposed 20 different models on total dissolved solids (TDS), 

using three different modelling approaches (Dual-step Multiple Linear Regression, Hybrid 

Principal Component Regression, Backpropagation neural network, Adaptive fuzzy 

inferences system), based on 13 groundwater parameters at the study site. Results show 

that the concentrations of total dissolved solids can be modeled in a relatively high 

accuracy. The simulated TDS from Duel-step MLR is very close to the observed values, 

and shows a linear relationship (R2=0.988). Duel-step MLR also identifies that Ca, Na, 

HCO3, SO4, TH, pH, and EC are the significant parameters that impact the concentration 

of TDS. However, correlation coefficient among the independent variables indicates that 

multicollinearity exists in models. Hybrid PCR avoids the multicollinearity and retain 

information from more parameters. R2 for all five Hybrid PCR models vary from 0.965 to 

0.980 in testing stage, which is generally higher than BPNN models (R2 from 0.862 to 

0.955) and ANFIS models (R2 from 0.700 to 0.990). The percentage errors are also found 
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to be within 10% for most of the cases for all statistical indicators. PCR as a new approach 

proposed by this study, is found to be the most reliable and applicable approach, which 

performs well in different stage, as well as using different datasets (R2 = 0.965 to 0.980, 

MAE = 75.550 to 97.553, RMSE = 97.949 to 123.548, for testing stage for all models). 

The two machine learning approaches - BPNN and ANFIS, indicated more 

variation of model performance. For instance, BPNN successfully simulates TDS with R2 > 

0.95, and the MAE and RMSE less than 200 (model 2 and 3), but predicts the value 56% 

higher in model 5. ANFIS model five also yielded the lowest R2 values (R2 = 0.700) among 

the twenty models in testing stage, which makes this model less reliable.  

The study demonstrated the effectiveness of integrating multivariate statistical 

approaches as a new proposed approach, and the performance when using different 

predicting methods. Hybrid PCR can not only be used to deal with multicollinearity, but 

also significantly improve the accuracy of parameter concentration modelling even with 

limited data available. The study indicates that linear modelling describe ions relationship 

accurately regarding the hydrochemistry of Condie aquifer.  

5.2 Recommendations for Future Study 

5.2.1 Assessments of other groundwater pollutants 

In the first study, parameters are studied mostly based on the salinity hazard and 

drinking suitability such as TH and TDS, due to the elevated concentrations found in the 

study area. In general, water contains heavy metals (such as arsenic, uranium, lead) above 

the maximum allowable concentrations is not suitable for drinking. Due to the general low 

concentrations from samples in this study, these ions are not specifically studied. Future 

studies can focus on heavy metals, or other parameters to the interests of the public or 
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decision makers as needed. Probability models can be established to investigate the 

relationships of certain heath concerns or disease with respect to the concentrations of the 

pollutants. This might bring awareness to the public regarding drinking water safety, and 

for decision makers to reduce the concentrations of heavy metals and improve water quality.  

5.2.2 Alternative models and data uncertainties 

The simulation models selected by the second study are in general widely used in 

many disciplines, and they provide reasonable results. However, there are other alternative 

modelling approaches, which can be helpful in different scenarios. Moreover, with the 

development of powerful simulation software, it will be easier for researchers to conduct 

complicated models and obtain useful information. For instance, one of the approaches that 

were attempted but not included in this thesis is to simultaneously conduct simulations with 

a number of different models and approaches, using SPSS Modeler (Ver. 1.0). Approaches 

such as Regression, Generalized Linear, KNN Algorithm, Linear support vector machine 

(L-SVM), Random Trees, and Neural Network, are all available with the software package. 

This integrated approach is recommended for future studies.  

Similar to most groundwater studies, observation and sampling errors associated with 

the groundwater data are not consider in this study. To improve the robustness of the 

models, observation errors or uncertainties can be modeled using probability distribution 

functions (e.g.: Gaussian distribution). Future study can also integrate methods to deal with 

missing data.  
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