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Abstract

Though surface water quality is a dynamic quantity; factors, such as increase in
population, changes in climate, and anthropogenic activities impose more variability in
recent times. The main objectives of this thesis were to: (i) develop models for
classification of raw surface water quality, (ii) analyze the spatial patterns and temporal
trends of surface water quality, (iii) obtain exceedances of parameters in each class; and
(iv) develop remote sensing based models for Canadian Water Quality Index (CWQI) and
turbidity. A methodology was developed using principal component analysis (PCA) and
clustering techniques on the basis of 19 water quality parameters for 18 lakes of Alberta.
Three principal components (PCs) were indicators of hardness, salinity and biological
activities for lakes. The surface water quality showed deterioration as the cluster number
increased from 1 to 5. The most deteriorated quality of water was found in Cardinal Lake,
Moonshine Lake, Winagami Lake, Miquelon Lake and Saskatoon Lake. A total
exceedance model was developed for clusterization of surface water quality for 12 major
rivers of Alberta. The PCs were the indicators of watershed geology, mineralization and
anthropogenic activities related to land use/cover for rivers. The clusters showed a strong
relationship with CWQI classes. Snow melting deteriorated the surface water quality of
rivers due to anthropogenic activities from different land uses/covers. There was
increasing trend for the mean exceedance of the parameters as the cluster number
increased from low to high. Empirical models were developed for Canadian Water Quality
Index and turbidity using 31 scenes of Landsat-5 TM satellite data for the Bow River. The
significant models were 14 for CWQI and 12 for turbidity. 100% matching was found for
72% and 83% of data in best-fit models for CWQI and turbidity respectively. The

variation in the Bow River water quality was due to climatic changes and irrigation.
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CHAPTER 1

INTRODUCTION



1.1 Background

In Alberta, Canada like in many jurisdictions of the world, the demand for safe drinking
water is growing with a growth in population and in the economy (Alberta Environment
2010). The main source of water for Albertans is surficial such as lakes and rivers. The
major rivers of this province originate from glaciers and snowpacks located in high
elevation of the Rockies. Snowmelt and rainfall are the largest contributors to the
annual flows of the rivers (Alberta Environment 2010). The quality of water in the
rivers changes as water flows through different land covers and watersheds (Bolstad &
Swank 1997). Land-use defines the type and amount of contaminants that flow into the
water bodies (Moss 1998). The deterioration in surface water quality occurs due to
various land uses like agriculture, forests, residential, commercial and industrial and the
runoff from these into water bodies. There are six different natural regions in Alberta,
which impact the quality of surface water. These include: (i) Boreal Forest, (ii)
Canadian Shield, (iii) Parkland, (iv) Foothills, (v) Rocky Mountain, and (vi) Grasslands.
The precipitation in boreal forests is higher as compared to that in grasslands and
parklands. The dark brown color of surface waters in lakes and rivers of boreal forests
are caused by presence of natural organic carbon. The presence of fine rock particles
and its dissolved components impact the quality of surface waters in the Canadian
Shield. The surface water in the Shield is neutral to slightly alkaline and low in
nutrients. The water in the Rocky Mountains is low in nutrients due to absence of rich
soil. Due to runoff from agricultural land, the surface waters have higher concentrations
of nutrients. Similarly, the impact of parkland and grasslands lead to changes in surface
water quality (Alberta Environment 2010).

Climate changes during to global warming can lead to floods, drought, biodiversity
loss, and even increase in infectious diseases which can degrade the water quality
(Murdoch et al. 2000, Watson et al. 1996, McKnight et al. 1996, Cushing 1997). Thus,
land use changes when combined with climatic changes can lead to significant
deterioration in the water quality of surface water bodies (Delpla et al. 2009). In
addition, the temperature changes due to seasonal impacts will impact the quality of

surface waters in Alberta. These variations are substantial and can cause increased



dissolution/precipitation of minerals significantly impacting the water quality. Because
of these variations, it is important to understand the surface water quality and to classify
it based on its characteristics such that the impact of land use/cover can be understood
and targeted treatment can be introduced. While changes to water quality and its
classification can be studied anywhere, Alberta has been identified as a target
jurisdiction for detailed study and classification.

In Alberta, the surface water quality is monitored for lakes and rivers on a regular
basis. The water samples are collected monthly for the rivers while for lakes the water
samples are collected only in the summer months. The quality of water is judged by
comparing the concentrations of various parameters against the water quality guidelines
set by Health Canada and Alberta Environment. The surface water quality data can be
utilized to obtain and study patterns in quality changes (Eneji et al. 2012; Singh et al.
2010). Classification methods can be utilized to identify dominant factors that impact
water quality. With geographic information system (GIS), the water quality data can
also be used to obtain spatial patterns and temporal trends to analyze the impact of land
use/cover and climate on surface water quality. Any water, prior to consumption has to
be treated. It is possible to target the treatment based on the quality of source waters to
be most effective. This has significant and almost immediate cost benefit to the
community.

It is understood that physical collection and analysis of water samples is labour
intensive and time consuming. . It is impractical to physically collect and analyse the
samples over a large geographic area. Further, to analyze the surface water quality for
the whole water body spatio-temporal aspects have to be studied. To address both the
spatial and temporal variability, remote sensing based models are useful (Mancino et al.
2009; Vignolo et al. 2006; Wang et al. 2006). In our study, application of remote
sensing will have significant benefits over traditional water quality monitoring methods.
These benefits include: (i) obtaining spatial coverage for large water bodies, (ii)
developing maps for water quality parameters, (iii) classifying the surface water quality,

and (iv) conducting the spatial and temporal analysis.



1.2

Thesis objectives

While it is understood that this is a large problem and everything can not be answered

in this thesis, the main objectives of this research are as following:

1.

Develop methodologies and models to cluster Alberta waters based on water
quality.

Analyze the spatial patterns and temporal trends of surface water quality.
Obtain exceedances of parameters in each cluster.

Develop remote sensing based models for Canadian Water Quality Index

(CWQI) and turbidity.

To meet these main objectives there are six specific objectives:

1.

Development of a methodology using principal component analysis (PCA) and
clustering techniques on the basis of water quality parameters for 18 lakes of
Alberta.

Development of a model for clusterization of surface water quality of 12 major
rivers of Alberta. Validation of clusters using CWQI. Application of clusters for
spatio-temporal analysis and impact of climate and land use/cover.
Development of a model for obtaining parameter exceedance in surface water
quality for 12 major rivers of Alberta. Review of literature on treatment
technologies for the exceeded parameters.

Development of remote sensing based models for obtaining CWQI classes
using the planetary reflectance of Landsat-5 TM and ground-measured data for
Bow River of Alberta.

Development of remote sensing based models for obtaining turbidity using the
planetary reflectance of Landsat-5 TM and in-situ data for Bow River of
Alberta.

Apply the selected remote sensing models to classify the surface waters of the

Bow River into CWQI and turbidity classes for spatial and temporal analysis.



1.3  Thesis structure

This thesis consists of seven chapters. The brief description for each chapter is given
below:

Chapter 1: In this chapter the background information on the Alberta surface water
quality is given. It also provides objectives and structure of this thesis.

Chapter 2: This chapter presents literature review on water quality index, multivariate
statistical analysis techniques, remote sensing, and geographic information system
related to the surface water quality.

Chapter 3: This chapter provides the research work accomplished on the development
and application of a methodology for clustering 18 lakes in Alberta using the mean
annual data of 19 water quality parameters during the period of 11 years (1988-2002).
Chapter 4: This chapter presents the research work accomplished on the development
and application of a clusterization model for analyzing the surface water quality of 12
major rivers of Alberta on the basis of 17 parameters during the period of five years
(i.e.,2004-2008).

Chapter 5: This chapter provides the research work accomplished on the (i)
development and application of exceedance model for obtaining the exceeded
parameters for the surface water quality of 12 major rivers of Alberta, and (ii) review on
treatment technologies for the exceeded parameters.

Chapter 6: This chapter presents the research work accomplished on the development
and application of remote sensing based models for Canadian Water Quality Index and
turbidity for the Bow River of Alberta using the satellite and ground measured data
during the period of five years (i.e., 2006-2010).

Chapter 7: This chapter provides the concluding remarks, contribution and
recommendations on the research work accomplished in this thesis.

It should be noted that this thesis has led to a number of publications. This thesis is
written in "paper format" which means all chapters (except 1, 2 and 7) have been
presented as stand-alone papers. Figure 1.1 shows a schematic diagram of the objectives

and chapters of the thesis.
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CHAPTER 2

LITERATURE REVIEW



2.1 Introduction

Canada is a water-rich country and it has 20% of world’s fresh water. Alberta has 2.2 %
of Canada’s freshwater (Alberta Environment 2010). In Alberta, 97.5% of consumptive
use of water is from surface water. The major uses of surface water in Alberta are
drinking, agriculture, industry and recreation. The source for various major rivers in
Alberta is glaciers in Banff and Jasper National Parks.

Many natural and anthropogenic land use activities influence the water quality of
the rivers. Snowmelt and precipitation runoff from various land use activity areas like
wood logging, agricultural, mining and urban development can impact the water quality
(Alberta Environment 2010). Non-point point source pollutants from land-use activities
might include sediments, nutrients and other contaminants. Examples include: Intense
agricultural activities found in South Saskatchewan River Basin, which consists of six
major rivers (i.e., Bow River, Elbow River, Oldman River, Red Deer River and South
Saskatchewan River (Bruneau et al. 2009; Toth et al. 2009); deteriorating water quality
of Elbow River due to the runoff from the agriculture and residential developments
(Sosiak and Dixon 2006); the river water quality for the Oldman River Basin
deteriorating due to the anthropogenic activities like forestry, recreation, oil and gas
development, and agriculture (Koning et al. 2006); the naturally occurring process of
sulfide oxidation in Oldman River Basin observed due to the presence of extensive
network of drainage and irrigation canals (Rock and Mayer, 2008); Runoff from
forested and agricultural lands as a major potential source of contamination for North
Saskatchewan River (Zhang and Stanley 1997); Deterioration of the surface water
quality for Athabasca River and Wapiti River due to the discharge of sewage effluent
from pulp mill and municipalities (Chambers et al. 2001); The deterioration in the water
quality of Peace River and Smoky River due to oil sands refinery discharges and runoff
from the forest and agricultural activities (Wrona et al. 2000) and the discharge of
wastewater from various towns and cities deteriorating the water quality of Battle River
(Anderson 1999).

Due to different natural and climatic conditions and associated anthropogenic

activities nearby, the water quality varies significantly in the different rivers of Alberta.



This means the water may require varying levels of treatments prior to human
consumption. It is quite possible that in some places the water quality is intrinsically
good and advanced levels of treatment may not be necessary. For cost effectiveness, the
water treatment should be targeted towards the pollutants of concerns that exist in a
particular water body. This will lead to effective savings and proper utilization of
resources. To this end, it is important to classify the surface water quality in Alberta.
The classification can be used to analyze the surface water quality spatially and

temporally.

2.2 Water Quality Index

Water quality indices are used to monitor the water quality. It is a mechanism based on
numerical expression for defining the level of water quality (Bordalo et al. 2006). The
large amount of complex data is summarized into simplified mathematical numbers,
which can be interpreted into text classes (e.g., excellent, very good, good, moderate,
poor etc.). In a study the water quality index was developed by considering 10 most
commonly measured parameters, which are, dissolved oxygen, pH, coliforms, specific
conductance, alkalinity, and chloride. The index score was obtained with a linear sum
aggregation and index score range was from 1 to 4 (Horton 1965). A multiplicative
water quality index was developed on the basis of weights assigned to every parameter.
The weights were given to the parameters subjectively. The weight-based index was
found useful and had significant impact on the indices (Brown et al. 1972). Other
studies also incorporated weight-based schemes in their indices (e.g. Bolton 1978;
Inhaber 1975). An index was developed on the basis of empirical data for recreational
waters. In this index, sensitivity functions were used to assign a numerical value
between 0 and 1. Negative exponential curves were used to represent the sensitivity
functions. Sub-indices were defined which were combined to obtain the geometric mean
(Walski and Parker 1974).

The surface water quality for the major rivers of Alberta is monitored using Long-
Term River Network (LTRN) program and the Canadian Water Quality Index (CWQI).

In LTRN program, the representative water is collected for each of the major rivers at



fixed sampling sites. The samples are tested for a large number of parameters every
month. For the suitability of water for specific uses, the water quality is evaluated on the
basis of Canadian water quality guidelines and the quality is considered to be acceptable
when the measured values are within the limits of guidelines (Alberta Environment
2010). The Canadian Water Quality Index (CWQI) is a tool implemented by Canadian
Council of Ministers of the Environment (CCME) to provide reports on water quality in
Canada. There are three important factors in CWQI. All factors are calculated on the
basis of objectives, which provide guideline values developed by Federal-Provincial-
Territorial Committee on Drinking Water (CCME 2001). The different equations used
for calculation of CWQI are given in Table 2.1.

Table 2.1: Equations used for calculation of CWQI

Fi(Scope) =
Total number of parameters

Number of failed parameters)
X

Number of failed tests
F2 (Frequency) = X

Total number of tests

) Objectivej
excursioni = -1

Failed test valuei

. Failed test value
excursion; = -1

Objective;

Sn | excursioni
nse = | 7I=
number of tests

nse
Fs(amplitude)={
0.0Inse + 0.01

[g12 2 2

1.732

Where:
F, or Factor 1(scope) is the numbers of parameters for which objectives were not met;

F, or Factor 2 (frequency), is the percentage of tests that do not meet the objectives;
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F; or Factor 3 (amplitude), which shows the amount by which failed tests do not meet
the objectives; and nse is, normalized sum of excursion.

The CWQI produces value between 0 and 100 where 0 indicates poor water quality
and 100 represents excellent water quality. The water quality is ranked into five
categories, which are 1-Excellent (95-100), 2-Good (80-94), 3-Fair (60-79), 4-Marginal
(45-59), 5-Poor (0-44). The advantages of CCME WQI include: (i) user-friendly format
for understanding the overall general water quality (Rosemond et al. 2009), and (ii)
representation for the measurements of large number of parameters into a single index
value (CCME 2001). The limitations in using CCME WQI are (i) loss of information by
combining the different parameters to obtain a single index value (Rosemond et al.
2009), (ii) loss of interaction between the parameters (Zanderbergen and Hall 1998),
(ii1) sensitivity to input parameters (Khan et al. 2004), and (iv) Limitation for evaluating
spatial changes in water quality (Rosemond et al. 2009). In addition to these limitations,
CCME WQI needs large number of parameters obtained by physical monitoring of
water quality. Such type of physical monitoring is labour intensive, time consuming and
costly.

In a study conducted for Mackenzie River basin of Canada, CCME WQI and a
statistical approach was used to monitor water quality and it was found that the river is
influenced by high turbidity and total trace elements due to high suspended sediment
loads (Lumb et al. 2006). Another study used CCME WQI for comparative analysis of
regional water quality in Canada and found it to be a good tool for assessment of water
quality (Rosemond et al., 2009). CCME WQI values are calculated annually for each
sampling site of a major river on the basis of data collected monthly or quarterly
(Alberta Environment 2010).

In addition to CWQI, we have reviewed some other indices here. The Canadian
Ministry of Environment developed the British Columbia Water Quality Index
(BCWQI) (Rocchini and Swain, 1995). It is given in Eq. (2.1)

/ F12+F22+(?)2
BCWQI = ———) 2.1

1.453
Where:
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F, is the numbers of parameters for which objectives were not met;

F, is the percentage of tests that do not meet the objectives; and

F3 is the amount by which failed tests do not meet the objectives.

Like CWQI, BCWQI works on the basis of Water quality guidelines. The accuracy of
BCWQI improves by increasing the frequency of sampling. The disadvantage of this
index is does not indicate the water quality trend until it deviates from the guideline

values (Salim et al. 2009).

The Oregon Water Quality Index (OWQI) determines the water quality on the basis of
integrated measurements of eight parameters which are temperature, dissolved oxygen,
biochemical oxygen demand, pH, ammoniatnitrate nitrogen, total phosphorus, total
solids, and fecal coliform (Cude 2001). OWQI is applied for water quality for
recreation, swimming and fishing. Mathematically the model is represented as in Eq.

(2.2) (Cude 2001):

n

oWQl = | (2.2)

i=1¢,2
s1?

Where n is the number of sub-indices and SI; is sub-index 1.

The benefits of this model include: (i) simplicity, (ii) easy interpretation, (iii) spatial
analysis, and (iv) temporal patterns. The disadvantages are: (i) loss of information, (ii)

parameter specific, (iii) site specific, and (iv) usage specific.

Overall Index of Pollution (OIP) was developed by Sargaonkar and Deshpande
(2003) for Indian Rivers on the basis of measurements and classification of pH,
turbidity, dissolved oxygen, BOD, hardness, total dissolved solids, total coliforms,
arsenic, and fluoride. The water quality observation is scored as excellent, acceptable,
slightly polluted, polluted, and heavily polluted on the basis of water quality guidelines
of India, World Health Organization and European Community. After categorization,

each sampling record for a parameter is given a pollution index. OIP is calculated using

Eq. (2.3) (Sargaonkar and Deshpande 2003):
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01P—Zn:P" 2.3
=2 (23)

i

Where P; is pollution index for i parameter and n is number of parameters.
p p p

2.3 Multivariate statistical analysis techniques

There are various water quality parameters, which are determined to monitor overall
water quality. Water samples are obtained from water bodies to test physical, chemical
and biological properties in the laboratories. Multivariate statistics is a useful way to
analyze source water quality on the basis of historical water sampling data. There are
different multivariate statistical methods, e.g., Multivariate analysis of variance
(MANOVA), Canonical correlation analysis, Discriminant analysis, Principal
components analysis (PCA), and Cluster analysis. Multivariate analysis of variance
(MANOVA) is used when there are two or more dependent variables. Canonical
correlation analysis is used to find linear relationship in two sets of variables.
Discriminant analysis is used to differentiate between two or more groups of cases. The
advantages of multivariate statistical methods include: (i) reduction in complexity of
data (Bengraine and Marhaba 2003), (ii) unbiasedness in methods (Wenning and
Erickson 1994), (iv) usefulness in water quality studies (Areerachakul and
Sanguansintukul 2010). The disadvantages of multivariate statistical methods include (i)
subjectivity (Liu et al. 2003), (ii) unreliability, and (iii) repetition of data. PCA and

cluster analyses are discussed in the following sub-sections.

2.3.1 Principal Component Analysis (PCA)

If a specified number of parameters are recorded but there exists inter-correlations
between the parameters such that they move in tandem, then this can lead to erroneous
conclusions. Principal Component Analysis (PCA) can be used to create a new set of
orthogonal variables, which contain the same information as the original set. In PCA, all
correlated parameters are combined into different principal components (PCs) with
positive and negative loading values, which can be used to interpret major processes,

involved in analyzing and characterizing the water quality. The use of PCA before
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clustering was suggested by Ben-Hur and Guyon (2003). It is useful to make use of data
with higher variance and remove the data with low variance. The application of PCA in

several studies has been discussed in the subsequent paragraphs:

(1) In a study the spatial and temporal variations of water quality was analyzed in Sanya
Bay of China using three-way principal component analysis. The water quality of one
sampling station was influenced by Sanya River and the water qualities of other nine
stations were impacted by South China Sea. It was also found that Sanya River as a
source of pollution. The influence of dry and rainfall season was observed on the water

quality of Sanya River. (Dong et al. 2010).

(i) The principal component analysis was applied for analyzing the water quality of
Neckar River, Germany on the basis of ten parameters during the period of five years
(1993-1998). Four principal components were identified accounting for 72% of total
variance. The principal component analysis was interpreted for: (i) biological activity,
(i1) dilution by high discharge, (iii) seasonal effects, and (iv) wastewater impact.

Eutrophication was the reason for the deteriorated water quality (Haag et al. 2002).

(ii1)) Groundwater samples from 10 different sources were collected in three different
years for 10 parameters. Q-mode principal component analysis was used to classify
water samples into four principal components. This classification could help planners
and field engineers for improvement of field data collection and preventing groundwater

contamination (Mahapatra 2012).

(iv) Principal component analysis was used to identify the factors, which caused
variation in water quality of Porsuk Tributary in the Sakarya river basin. Six principal
components explained 70% of the total variance of the data. It was found that small
domestic waste discharge, industrial waste discharge, nitrification and seasonal effects

were responsible for the variation of the water quality (Mazlum et al. 1999).
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(v) Principal Component Analysis was used for water characterization and seasonal
heavy metal distribution in the Odiel River of Spain. PCA showed that the first
component accounted for 40.88% of total variance. The second PC showed the minority
metals, such as nickel, cobalt, and cadmium. Heavy metals showed three different

seasonal patterns. (Montes-Botella and Tenorio 2003).

(vi) The evaluation of river water quality monitoring stations was done by PCA for
assessment on annual variations for the water quality of St. Johns River in Florida,
USA. The principal factor analysis (PFA) was used to identify the important water
quality parameters. It was found that the important parameters were total organic
carbon, dissolved organic carbon, total nitrogen, dissolved nitrate and nitrite,

orthophosphate, alkalinity, salinity, calcium, and magnesium (Ouyang 2005).

(vil) PCA was applied to identify six major factors, which explained 71% of total
variance using the water quality data of 24 parameters for a period of 5 years (1994-
1998) at three sampling sites of Gomti River in India. Three groups of similarity for
sampling sites were identified using cluster analysis. The large variations in temporal

and spatial analysis were obtained using discriminant analysis (Singh et al. 2004).

(viii) Statistical techniques were used to find spatial variation and source water
pollution for Qiantang River. Three pollution zones were developed, low, moderate and
high. With factor analysis, it was found that there are two pollution sources in each of
low and moderate pollution sources that explained 67% and 73% of total variance
respectively. It was found that there are three pollution sources in high pollution zone
with a total variance of 80%. The potential sources of pollution were industrial

wastewater, agricultural activities and urban runoff (Huang et al. 2010).

2.3.2 Cluster analysis

In cluster analysis, the objects are grouped on the basis of similarities within a class and

dissimilarities among different classes (Panda et al. 2006). The similarities and
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dissimilarities are obtained on the basis of distance measures which are Euclidean and
Manhattan (Kaufman and Rousseeuw 1990). There are two types of cluster analysis,

which are partitioning and hierarchical methods.

2.3.2.1 Partitioning methods

The partitioning methods belong to a class of cluster-based methods, which assign
weight vectors to the clusters. The common partitioning methods are discussed in the
subsequent paragraphs. K-means is a simple and efficient algorithm. It divides »
observations into K clusters and each observation belongs to cluster with nearest mean.
It uses the sum of square error criteria. The cluster pattern is assigned when sum of
square error is minimum. The sum of square error equation (SSE) for K-means is given
in Eq. (2.4) (Kanungo et al. 2002):

SSE:EEHX—’",-

C; xeC;

2

(2.4)

where m; 1s the mean of the i cluster and xeC; is a pattern assigned to that cluster. The
K-means clustering has advantage over other methods as it can be used to assign new
cases to the existing clusters.

K-mediod selects data point as centers (medians). After finding medians of clusters, the
clusters are developed by assigning each object of dataset to the nearest medians of the
clusters. The dissimilarities from each of the objects in the dataset from these medoids
of the clusters are determined using Euclidean distance or Manhattan distance. Medoids
are selected on the basis of the minimum distance. Silhouette is used for interpretation
and validation of clusters. Silhouette is a graphical representation for defining the
position of an object within its cluster (Kaufman and Rousseeuw 1990). The cluster
centres are not affected by outliers in K-mediods. K-mediod can be applied to obtain the

cost between any two points using Eq. (2.5) (Theodoridis and Koutroumbas 2006).
d
cost (x,¢) = ZIXl- — G (2.5)
i=1
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where x is any data object, ¢ is the medoid, and d is the dimension of the object.

Fuzzy partitioning clustering has the capacity to deal with the ambiguity of data. In this
clustering, each object can be placed into different clusters. The placement of objects is
quantified by membership coefficient, which lies between 0 to 1. This is called
fuzzification of the cluster and it is termed as Fanny cluster analysis. The benefit of
using this technique is that the objects are not forced to be the part of a specific cluster.
The disadvantage of this method is that there is a lot of information for interpretation.
Fanny aims at the minimization of the objective function as given in Eq. (2.6)

(Theodoridis and Koutroumbas 2006):

wu v
Objective function = z Z” 1 d(i,j) (2.6)
} 1 ]v
where
d (7, /) is the dissimilarities between objects i and j,
u;, is the unknown membership of object i in cluster v .

The membership functions are subject to the following two constraints:

(@) up =0foralli=1,—nandall v =1,—,k

(i) Zuiv =1=100% foralli=1,—n
v=1
Both these constraints indicate that the membership cannot be negative and that the total
membership of each object was distributed over various clusters. On the basis of this

convention, the total membership is normalized to 1.

2.3.2.2 Hierarchical methods
In this method, hierarchy of clusters are made. These are of two types: (i) agglomerative
and (ii) divisive (Fielding, 2007). The agglomerative is bottom up approach. In this each

observation has pairs of clusters, which are merged as one moves up in hierarchy.
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Divisive is top down approach. In this, the clusters are separated as one moves down the
hierarchy. In this approach we need to select suitable distance measure and linkage

algorithm. Some of the hierarchical methods are discussed here.

In single linkage (nearest neighbour) method, the distance between the two clusters is
obtained by the distance of the two closest objects in the different clusters as given in

Eq. (2.7) (SAS/STAT 9.2 Users Guide 2009; Székely and Rizzo 2005).
min{ d(a,b):a€ A,b € B} 2.7

For complete linkage (furthest neighbour) method, the distances between clusters are

identified by the largest distance between any two objects in the different clusters as

provided in Eq. (2.8) (SAS/STAT 9.2 Users Guide 2009; Székely and Rizzo 2005).
max{ d(a,b):a € A,b e B} (2.8)

The average distance is calculated between all pairs of objects in the two different
clusters in unweighted pair-group average method (See Eq. 2.9) (SAS/STAT 9.2 Users
Guide 2009; Székely and Rizzo 2005).

—— Y qea Ypes d(a, b) (2.9)

|A||B|

Cluster based pattern recognition techniques were widely used in the water quality

studies and the related examples are:

(1) Cluster analysis was used for interpretation of atmospheric and surface water
pollution using major inorganic ions, electrolytic conductivity and pH. They found that
the potential sources of pollution were fertilizers usage, road salting and erosion of

construction materials (Dubiella-Jackowska et al. 2010).

(i1) The water quality variance was analyzed in fresh and brackish water for 36 sampling

stations in Richibucto River drainage basin of New Brunswick using water quality data
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of 6 parameters from 1996 to 2001. With PCA, it was found that variance in fresh water
was due to pH, total organic carbon and salinity with high nutrient concentrations being
causative parameters for variance in brackish water. Cluster analysis explained the
importance of high concentrations of phosphorous and nitrate in water bodies from

treated municipal effluent (St-Hilaire et al. 2004).

(ii1) In a study conducted for Jajrood River of Iran, the PCA and cluster analysis were
used to evaluate spatial and temporal variation in using monthly water quality
monitoring data for 18 water quality variables. PCA identified five factors, which
showed 85% of variability. The water sampling monitoring stations were classified
using cluster analysis technique and it was found that the most polluted monitoring
station was Out-Meygoon. The organic pollution was the source of pollution from Ahar,
Baghgol, Rooteh, before Zaygan, Fasham, Roodak and Lashgarak (Razmkhah et al.
2010).

(iv) For partitioning process of Ulansuhai Lake, a multiplex model of fuzzy clustering
was developed and applied. The model was developed by integrating transitive closure
method, ISODATA algorithm in fuzzy clustering and fuzzy pattern recognition. The
model was useful for the determination of functional zones of the lake (Chuntao et al.

2008).

(v) Chemical classification of water was done for Salado River of Argentina. PCA and
K-means clustering were applied to the percentages of the major ions. The authors
found seven types of waters related to discharges from different sub-catchments. The
major reasons for variation in the river water quality were: (i) salts from groundwater,

(i1) weathering, and (iii) anthropogenic effects due to diversion (Gabellone et al. 2008).

(vi) The spatial water quality assessment for seven stations of Langat River was
investigated using hierarchical agglomerative cluster analysis (HACA), the discriminant
analysis (DA), the principal component analysis (PCA), and the factor analysis (FA).

HACA was used to develop three spatial clusters. DA was applied to discriminate six
19



and seven water quality variables. PCA and FA were used to obtain the impact of land

use activities on clustered region (Juahir et al. 2011).

(vil) The water quality sampling frequency was calculated by analytic hierarchy
process (AHP) for Jingmei and Xindian Rivers of Taiwan. The weighing factors of
variables were combined with the relative weights of stations to select sampling
frequency for each station. The results revealed that the frequency of sampling should
be increased for high weighted stations and it should be decreased for low weighted

stations (Do et al. 2012).

(viii) The spatial and temporal variations of main pollutants for water quality in Wen-
Rui Tang River watershed was obtained using the geographic information system,
cluster analysis and principal component analysis. The results showed that the
concentrations of certain parameters were obviously high in tertiary rivers as compared
to primary and secondary rivers. The correlation analysis showed that there is negative
correlation with 5-day cumulative rainfall and monthly rainfall. The results of cluster
analysis indicated that the northern part of the river was highly polluted. PCA indicated
that water quality is deteriorated due to anthropogenic activities and poor wastewater

management (Lu et al. 2011).

(ix) Cluster analysis, discriminant analysis, and support vector machines were used for
analyzing water bodies in the Polish Tatra Mountains. The results from cluster analysis
indicated reconsideration for the geographical distinction. With discriminant analysis it
was confirmed the geographical separation of water bodies and it also stated that the

sampling time is a crucial factor in environmental analysis (Prikler et al. 2003).

2.4 Remote Sensing

Remote sensing is the science of getting information about the earth’s surface remotely.
It is obtained by recording the reflected energy using electromagnetic radiation by

sensors which is sent to ground station where it is converted into satellite data. The
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satellite data is analyzed, processed and interpreted for different types of applications.
The two main types of remote sensing are passive and active. Passive sensors detect the
natural radiation, which is reflected by the object e.g. reflected sunlight. Active sensors
emit energy to scan the objects of interest e.g. RADAR and LIDAR. The remote sensing
data consists of spatial, spectral, radiometric and temporal resolutions. The spatial
resolution represents the pixel size and it can be coarse or fine. The large features are
visible in coarse resolution whereas the small objects are visible in fine resolution. The
spectral resolution describes the wavelength intervals of the different frequency bands
recorded. The radiometric resolution gives the number of different intensities of
radiation of the sensor that ranges between 8 to 14 bits. The absolute temporal
resolution is defined as the time period required to image the same area at same viewing
angle for the second time. In Alberta, the water quality is monitored by collecting the
water samples physically. The manual water sample collection is laborious and time
consuming. The analysis is also site specific and it cannot provide information for large
geographic areas. Remote sensing is an alternate and effective way to analyze the spatial
and temporal aspects of the surface water quality. The benefits of remote sensing
include: (i) spatial analysis for large geographic areas, (ii) temporal analysis for specific
period of time or season, (iii) accessibility to remote areas, (iv) economical, and (v)
efficient. The disadvantages include: (i) coarse resolution, (ii) difficult data
interpretation, (iii) finding the suitable images matching with the date of sampling, and
(iv) measurement uncertainty.

The Landsat program is a series of earth-observing satellites under the control of
NASA and the US Geological Survey since 1972. Landsat has launched eight satellites
for earth observation, which are Landsat 1, Landsat 2, Landsat 3, Landsat 4, Landsat 5,
Landsat 6, Landsat 7, and Landsat 8. These satellites were launched in 1972, 1975,
1978, 1982, 1984, 1993, 1999 and 2013 respectively. In this research, we have used the
satellite data of Landsat 5-TM. This satellite is still functioning and it has seven spectral
bands. The spectral and spatial resolutions of these bands are given in Table 2.2. The

temporal resolution is 16 days and the image size is 185km x 172km (NASA 2013).
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Table 2.2: Spectral and spatial resolution for Landsat 5-TM (NASA

2013).
Band Number Wavelength (um) | Resolution (m)
1 0.45-0.52 30
2 0.52-0.60 30
3 0.63-0.69 30
4 0.76-0.90 30
5 1.55-1.75 30
6 10.4-12.5 120
7 2.08-2.35 30

The Moderate-resolution Imaging Spectroradiometer (MODIS) was launched by NASA
in 1999 and it has two satellites, which are Terra and Aqua. MODIS capture data in
thirty six spectral bands with wavelengths range from 0.4 pm to 14.4 um and spatial
resolution varies between 250 m to 1 km. The spatial resolutions of two bands are at
250 m, five bands at 500 m and twenty-nine bands at 1km for MODIS. The application
of Landsat satellite and MODIS data in various water quality studies has been discussed

in the subsequent paragraphs:

(1) In a study, the ground measured data of Secchi depth, turbidity and chlorophyll
were used to develop models using the surface reflectance of Landsat-5 TM and
MODIS for water quality studies in New York Harbor. The red reflectance correlated
positively with turbidity for areas affected by river runoff. r* was 0.85 for Secchi depth
using red band. 1* was 0.78 for chlorophyll using green/red band (Hellweger et al.
2004).

(i1) In another study conducted for Monticchio lakes of southern Italy, the Secchi disk
depth and chlorophyll were investigated using Landsat TM data. The statistical

techniques were used to determine the relationship between TM data and water quality
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parameters. The visible bands (particularly blue and green band) and especially some of
their ratios (blue/red, red/blue, red/green) were significantly correlated with
transparency and chlorophyll concentration. The blue band showed the best relationship
with Secchi Disk depth as suggested by the correlation analysis; r* was 0.82 for Secchi
Disk and it was 0.72 for chlorophyll (Mancino et al. 2009).

(iii) The water quality of Omerli Dam was assessed using blue, green, red and infrared
bands of Landsat 7-ETM satellite data. The water quality parameters, which were
analyzed, include chlorophyll, suspended solid matter, Secchi disk and total phosphate.
The regression analysis has been used to develop empirical equations using the ETM
satellite data and ground measured water quality data. r* values for suspended solid
matter, Secchi disk and total phosphate were 0.9999, 0.9996 and 0.9906 (Alparslan et
al. 2007).

(iv) The Landsat-5 TM images and in-situ observations were used from 15 stations on
Lake Simcoe, Ontario, Canada for estimation of Secchi Disk Transparency. TM based
Linear regression model has been developed using ratios of blue to red band and red
band. The results are validated using in-situ data by linear regression and the accuracies

are measured by the coefficient of determination (r*) (Guan et al. 2011).

(v) The water quality in Reelfoot Lake, Tennessee, USA was investigated for Secchi
disk depth, turbidity, chlorophyll, and total suspended solids. The relationship between
green band and turbidity, chlorophyll, and total suspended solid was positive. The
relationship was negative between red band and turbidity, chlorophyll, and Total
suspended solid was negative. The values of r* were 0.705, 0.588, 0.537, and 0.522 for
chlorophyll, Secchi disk depth, turbidity and total suspended solid respectively (Wang
et al. 20006).

(vi) Two Landsat-7 ETM+ bands (blue and green) were used to study the contaminated
waters of Medrano Creek, Argentina. Vignolo et al. (2006) developed a model that

predicts the water quality index (WQI) of surface waters in the study area and uses
23



linear regression analysis. The model has been validated using a data set of 12
physicochemical parameters obtained during the last 3 years. The physicochemical
parameters used for this study were temperature, hardness, dissolved oxygen, pH,
conductivity, alkalinity, turbidity, and the concentration of nitrate, nitrite and ammonia,
chloride and sulfate. With r* values as 0.82, the best correlation of water quality index

was found with blue and green bands (Vignolo et al. 2006).

(vii) The water quality mapping was accomplished for Secchi disk depth, turbidity,
chlorophyll, and temperature using the ground measured data and Landsat-5 TM data.
Blue and green bands were used for Secchi disk depth and their r* was 0.83. For
turbidity green band was used and its r* was 0.52. Blue and green bands were used for
chlorophyll and its r* was 0.84. The temperature has been obtained from green band and

its r* was 0.55 (Khorram et al. 1991).

(viii) In a study, the chlorophyll-a concentration was obtained for Pearl River using
MODIS land bands (band 1 and band 2). A model was established between the ratio of
band 2 to band 1 and water sampling data for chlorophyll-a. The coefficient of
determination (r*) was 0.85 and the range of chlorophyll-a concentration was between 5

and 60mg-m” (Liu et al. 2010).

(ix) A study was conducted for Lake Erie, MODIS red/near-infra-red for estimation of
suspended particulate matter. Remote sensing maps were generated for monthly mean
distribution of surface concentrations of suspended particulate matter using MODIS
water-leaving radiance at 748 nm for the period of five years (2003 to 2007) (Binding et
al. 2010).

(x) The MODIS data was used for quantitative measurement and characterization for
inland freshwater Lake Taihu, China. Seasonal, inter-annual variability and spatial
distributions of lake water properties were analyzed from 2002 to 2008. Climatological
water property maps, including normalized water-leaving radiance spectra, chlorophyll-

a concentration, and water diffuse attenuation coefficient at the wavelength of 490 nm
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were derived from MODIS-aqua data. MODIS-Aqua—based water-leaving radiance at
the blue band was constantly low in various regions, which indicate high algae

concentration used (Wang et al. 2011).

(xi) The turbidity in Tampa Bay of Florida was estimated using MODIS Band 1 (620—
670 nm) for estimation of turbidity in Tampa Bay, Florida. The coefficient of
determination (r*) was 0.76 between MODIS based surface reflectance and in situ

turbidity after rainfall events (Moreno-Madrinan et al. 2010).

A literature survey has been done to compile different types of sensors in Table 2.3,
which have been used for analyzing water quality parameters in inland waters. Most
researchers used Landsat TM/ETM data for analyzing water quality parameters in
inland waters, which clearly indicates the usefulness of this sensor for such types of
studies. The use of environmental satellite sensors such as Landsat TM to assess water
quality is one such technology as it offers wealth of remotely sensed data from the
earth’s surface at a resolution practical for the sensing of inland water bodies. Positive
correlation of TM imagery to in situ measures of optically and thermally sensible water
quality parameters (i.e. suspended sediments, chlorophyll and surface temperature)
indicate satellite imagery as a potential data source for inland water quality monitoring
(Cox et al. 1998). There are five most dominant water quality parameters, which were
studied in various research. These are chlorophyll, turbidity, secchi disk depth, total

suspended solids and temperature.
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Table 2.3: Satellite measurements of water quality in inland waters

References Locations Sensors Water Quality Parameters
(Wang et al. Reelfoot Lake, ™ chlorophyll-a, turbidity,
2006) Tennessee, USA Secchi disk depth, and total
suspended solids
(Cox et al. Catawba River, ™ turbidity, secchi desk depth,
1998) North Carolina, chlorophyll, temperature
USA
(Koponen et al. | Finland Lakes AISA, Secchi depth, turbidity, and
2002) MERIS chlorophyll a.
(Mancino et al. | Monticchio Lakes, | TM Secchi Disk depth and
2009) Italy chlorophyll concentration
(Ostlund et al. Lake Erken, CASI, TM chlorophyll and turbidity
2001) Sweden
(Alparslan et al. | Omerli Dam, ETM chlorophyll-a, suspended
2007) Istanbul City, solid matter, secchi disk and
Turkey total phosphate
(Vignolo et al. Medrano Creek, ETM water quality index
2006) Argentina
(Lillesand et al. | Lakes in T™M, MSS Secchi depth, chlorophyll,
1983, Kloiber et | Minnesota, USA turbidity
al. 2002)
(Verdin 1985) Flaming Gorge MSS Secchi depth, chlorophyll
Reservoir,
Wyoming , Utah,
USA
(Baruah et al. Lake Kasumigaura, | TM total suspended solids,
2002) Japan chlorophyll
(Schiebe et al. Lake Chicot, MSS total suspended solids
1992) Arkansas, USA
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(Giardino et al. | Lake Iseo, ™ total suspended solids,
2001) Lombardy, Italy chlorophyll
(Fraser 1998) Lakes in Nebraska, | TM turbidity
USA
(Dekker et al. Frisian Lakes, TM, HRV total suspended solids
2001) Netherlands
(Brivio et al. Lake Garda, Italy ™ chlorophyll
2001)
(Mayo et al. Lake Kinneret, ™ chlorophyll
1995) Israel
(Barale et al. Black Sea CZCS, MOS chlorophyll
2002)

(Lathrop 1992) | Lakes, Green,Bay, | TM
Lake Michigan,

USA

Secchi depth, total suspended
solids, chlorophyll, turbidity

2.5 Geographic Information System (GIS)

Geographic information system (GIS) is used for collection, storage, and analysis of
processes where geographic location is involved (Aronoff 1993). GIS was used to
assess the relationship between land use and water quality (Osborne and Wiley 1988;
Rhodes et al. 2001; Tufford et al. 2003). The spatial patterns of different places impact
the relationship of land use with the surface water quality (Zampella et al. 2007). The
water is acidic and nutrients are low for the water bodies surrounded by forests whereas
pH and dissolved solids are higher for water around agricultural lands in the
surroundings (Johnson and Watt 1996; Dow and Zampella 2000; Hunchak-Kariouk and
Nicholson 2001). There was significant impact from agricultural lands on pH, specific
conductance, and chloride (Zampella et al. 2007). Another study found that the increase
in phosphorus and ammonia was due to sewage (Zampella 1994). The higher
concentration of nitrates was due to urban land and agriculture (Smith et al. 1987).
Calcium and magnesium were found as indicators of geological formation (Patrick

1996; Rhodes et al. 2001). A study showed that after obtaining temporal trends and
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sources of water pollution using multivariate statistical techniques, GIS was applied to
develop yearly pollution index maps (Su et al. 2011). In another study, clusters were
developed for different water pollution levels for the Nile Delta in Egypt using
multivariate clustering technique and GIS (Shaban et al. 2010).The concentration of
nonpoint source pollutants in surface water depends upon the spatio-temporal variations
due to impact of land cover/use and precipitation (Wilson and Weng 2010). The
climatic changes impact the quality of surface water adversely (Alvarez-Cobelas et al.
2005). It was found from the data for long-term ecosystem monitoring and research
stations in North America that changes in climate (i.e. precipitation and temperature)
affect the quality of surface waters significantly (Murdoch et al. 2000). GIS and remote
sensing tools were used to develop simple predictive models that define relationships
between watershed variables known to influence lake DOC concentrations and lake
water color in the Absaroka-Beartooth Wilderness in Montana and Wyoming, USA.
The resulting GIS model predicts DOC concentrations at the lake watershed scale with a
high degree of accuracy (r* = 0.92; P < 0.001) by including two variables: vegetation
coverage (representing sites of organic carbon fixation) and areas of low slope (0-5%)
within the watershed (wetland sites of DOC production). Modeling with Advanced
Land Imager satellite remote sensing data provided a weaker relationship with water
color and DOC concentrations (r* = 0.725; P < 0.001). Model extrapolation is limited by
small sample sizes but these models show promise in predicting lake DOC in subalpine

and alpine regions (Winn et al. 2009).
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CHAPTER 3

A METHODOLOGY FOR CLUSTERING LAKES IN ALBERTA ON THE BASIS OF

WATER QUALITY PARAMETERS

Akbar T. A., Hassan Q. K., Achari G., A Methodology for Clustering Lakes in Alberta
on the Basis of Water Quality Parameters. CLEAN-Soil, Air, Water 2011 Volume 39,

Issue 10, pp. 916-924.
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Abstract

In this study, a methodology for clustering 18 lakes in Alberta, Canada using the data of
19 water quality parameters for a period of 11 years (1988-2002) is presented. The
methods consist of (i) principal component analysis (PCA) to determine the dominant
water quality parameters, (ii) cluster analysis techniques to develop the characteristics
of the clusters, and (iii) pattern-match lakes to determine the appropriate cluster for each
of the lakes. The PCA revealed that three principal components (PCs) were able to
explain ~88% of the variability and the dominant water quality parameters were total
dissolved solids, total phosphorus, and chlorophyll-a. We obtained five clusters for the
period 1994—-1997 by using the dominant parameters with water quality deteriorating as
the cluster number increased from 1 to 5. Upon matching cluster patterns with the entire
dataset, it was observed that some of the lakes belonged to the same cluster all the time
(e.g., cluster 1 for lakes Elkwater, Gregg, and Jarvis, cluster 3 for Sturgeon, cluster 4 for
Moonshine, and cluster 5 for Saskatoon), while others changed with time. This
methodology could be applied in other regions of the world to identify the most suitable
source waters and prioritize their management. It could be helpful to analyze the natural
controlling processes, pollution types, impact of seasonal changes and overall quality of
source waters. This methodology could be used for monitoring water bodies in a cost
effective and efficient way by sampling only less number of dominant parameters

instead of using a large set of parameters.

Keywords: Chlorophyll-a; K-means clustering; Principal component analysis; Total

dissolved solids; Total phosphorus

30



3.1 Introduction

In Alberta, Canada, approximately 97.5% of consumptive use of water comes from
surface water, which serves numerous communities big and small (www.water.ca/sat-
82308.asp) (The Water Chronicles, 2008). With an increase in population, there is an
increase in pressure on water resources. A good understanding of the quality of different
source waters is essential for effective treatment prior to distribution. The water quality
may potentially be affected by several natural processes such as precipitation,
weathering, soil types, and watershed geology as well as anthropogenic activities such
as agricultural runoff, municipal sewage, and industrial waste (Reghunath et al. 2002;
Akbar and Lin 2010; Kog¢ 2010; Tokalioglu et al. 2010). Since these processes impact
the quality of water, each water body can be considered unique. If a particular water
body is to serve as source for a drinking water system then it has to be treated to meet
the Canadian drinking water guidelines. While large municipalities have the financial
resources to remove all kinds of pollutants from source waters, most small water
systems do not. These financially constrained water systems have to use technologies
that are economical, effective and targeted to pollutants of concern in its source waters.
In this paper, a methodology is presented to cluster water bodies so that these clusters
could be used to identify technologies for effective treatment. At this stage, we intend to
use water quality data from 18 lakes in Alberta to demonstrate the methodology and

develop the clusters.

In determining the water quality, water samples are collected and analyzed in a
laboratory to determine the physical, chemical, and biological properties. These water
quality-related parameters are analyzed further using statistical methods in order to
develop clusters having similar characteristics (Barreto et al. 2008; Shrestha and
Kazama 2007). The most commonly employed statistical methods are the use of
principal component analysis (PCA) and cluster analysis techniques (e.g., K-means, K-
medoid, fuzzy, etc.) (Cunjie et al. 2010; Panda et al. 2006; Ragno et al. 2007; Westra et
al. 2007) These techniques have also been proven to be effective techniques to analyze
large and complicated data with numerous parameters and different units (Ragno et al.

2007). As a variation to statistical methods, fuzzy logic may also be used to investigate
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the uncertainties (Garg et al. 2007; Senevirathna et al. 2011).

PCA is an effective way for separating variables in subgroups (Tokalioglu et al.
2010). In PCA correlations among various parameters are investigated and all correlated
parameters are combined into different principal components (PCs). Each PC comprises
of groups of correlated parameters with positive and negative loading values, which are
used for the interpretation of major processes involved in analyzing and characterizing

the surface water quality.

In cluster analysis, the objects (e.g., a set of water quality parameters) are grouped on
the basis of similarities within a class and dissimilarities among different classes (Panda
et al. 2006). This technique has been used to evaluate spatio-temporal variations of
surface water quality-related studies (Ragno et al. 2007; Kambe et al. 2007; Singh et al.
2004; Sundaray et al. 2004). A distance measure is used to determine the similarity
and/or dissimilarity among objects of interest. The two most commonly used distance

measures are Euclidean and Manhattan (Kaufman and Rousseeuw 1990).

The advantages of multivariate statistical methods include: (i) reduction in
complexity of large-scale dataset (Bengraine and Marhaba 2003), (ii) unbiasedness in
methods which help in natural association between samples and parameters and it
reveals the information which cannot be observed from the dataset at first glance
(Wenning and Erickson 1994), (iii) related parameters can be identified by reducing and
organizing large dataset into groups with similar characteristics (Jayakumar and Siraz
1997), and (iv) usefulness and efficiency in water quality studies (Areerachakul and

Sanguansintukul 2010).

The disadvantages of multivariate statistical methods include (i) subjectivity in terms
of interpretation for controlling the sources and processes (Liu et al. 2003), (ii)
unreliability in water quality data which might not give appropriate results, (iii)
existence of same parameters in different PCs which might change the interpretations,

and (iv) difficulty in determination of suitable number of clusters.

Previous research work accomplished for analyzing water quality using multivariate
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statistical methods is discussed in the subsequent paragraphs. Prikler et al. (2003)
applied cluster analysis, discriminant analysis, and support vector machines for
analyzing water bodies in the Polish Tatra Mountains. The results from cluster analysis
suggested reconsideration for the geographical distinction. Discriminant analysis also
confirmed the geographical separation of water bodies and it also revealed that the
sampling time is a crucial factor in environmental analysis. Dubiella-Jackowska et al.
(2010) used multivariate statistical techniques for interpretation of atmospheric and
surface water pollution. The hierarchical cluster analysis was used for major inorganic
ions, electrolytic conductivity, and pH. The potential sources of pollution were
anthropogenic activities like fertilizers usage and transport, road salting in winter and
semi-natural like sea salt aerosols, and erosion of construction materials. Zhao et al.
(2010) wused statistical methods to analyze spatial and temporal patterns of
phytoplankton in Namuka Co saline Lake of Tibet, China. The investigation was
performed on a monthly water quality data collected between June 2001 and July 2002.
It was found that total phytoplankton was lower in winter and higher in spring and
summer. A negative correlation was found for phytoplankton with salinity. Jose Barreto
et al. (2008) analyzed 17 parameters for a hydroelectric reservoir in South Brazil.
Multivariate PCA and hierarchical group analysis (HGA) were used to identify the
major parameters for differentiating between origin of source water for Tibagi and the
Primeiro de Maio River. The major discriminating parameters were the absorbance
relation, Fe(Ill), Mn(IIl), and Ni(II). The potential anthropogenic source of pollution

due to Ni(II) and orthophosphate were town sewage discharge.

Su et al. (2011) obtained temporal trends and sources of water pollution in functional
zones of Qiantang River, China. The water quality monitoring data for 13 parameters
from 41 monitoring sites for a period of 9 years (1996-2004) were used. The
discriminant analysis was used to identify the four significant parameters. A geographic
information system (GIS) based yearly pollution index was used to develop maps for all
monitoring sites. PCA was used to obtain information on potential pollution sources.
Huang et al. (2010) applied statistical techniques to obtain spatial variation and source

water pollution for Qiantang River of China. In this study 13 water quality variables
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were analyzed for 46 monitoring sites. Three pollution zones (low, moderate, and high)
based on national quality standards were developed using fuzzy comprehensive
analysis. Factor analysis was used to identify two pollution sources that explained 67%
of total variance in low pollution zone, two pollution sources that explained 73% of the
total variance in moderate pollution source, and three pollution sources that explained
80% of total variance in high pollution source. The potential sources of pollution for the
most water quality variables were industrial waste-water, agricultural activities, and
urban runoff. The statistical-based approach supported the idea for developing better
pollution control strategies. Astel et al. (2006) used chemometrics (multivariate
techniques) in monitoring spatial and temporal variations in drinking water quality by
interpretation of monitoring data for chloro/bromo disinfection by-products in drinking
water at 12 locations in Gdansk area of Poland for a period of 8 years (1993-2000).
Cluster analysis showed two different groups of sources of drinking water for sampling
locations. Analysis of variance (ANOVA) was applied to classify and confirm the
cluster groups and it was also used to prove the existence of difference between the
concentrations of CHCl;, CHBrCl,+C,HCl;, CHBr,Cl, and CH,Cl,. The temporal
changes showed improvement in drinking water quality. The statistical methods proved
powerful tools to understand spatial and temporal variations in water quality. Singh et
al. (2004) used water quality data of 24 parameters for a period of 5 years (1994—1998)
at three sampling sites for Gomti River of India. PCA identified six major factors,
which explained 71% of total variance. Cluster analysis defined three groups of
similarity among sampling sites. Discriminant analysis indicated major parameters for

large variations in temporal and spatial analysis.

Shaban et al. (2010) detected and mapped variation of water pollution in the Nile
Delta of Egypt using multivariate clustering and GIS techniques. The pollution levels of
different drainage system were categorized using clustering method and these clusters
were visualized in GIS. Finally, a GIS-based decision support system was developed by
producing thematic maps for entire Nile Delta. Razmkhah et al. (2010) evaluated spatial
and temporal variation in Jajrood River of Iran using pattern recognition techniques.

The monthly water quality monitoring data for 18 water quality variables were analyzed
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for a period of 3 years. PCA identified five varifactors, which showed 85% of both
temporal and spatial changes. Cluster analysis was used to classify water quality of
monitoring stations and results indicated that Out-Meygoon was the most polluted one.
Ahar, Baghgol, Rooteh, before Zaygan, Fasham, Roodak, and Lashgarak were found
affected by organic pollution. Yidana et al. (2008) applied hierarchical cluster and PCA
to surface water hydrochemical data for three locations in Ghana. PCA reduced 30, 33,
and 33 data points, respectively, for Ankwaso, Dominase, and Prestea to four, three, and
four PCs. It was found that hydrochemistry of basin was controlled by weathering of
minerals like silicates, carbonates, gypsum and apatite, and the decay of organic matter

due to forest region.

Lumb et al. (2006) applied a water quality index (WQI) developed by Canadian
Council of Ministers for the Environment (CCME) and statistical approach to monitor
water quality for Mackenzie River basin of Canada. CCME WQI consists of three
elements which are scope, frequency and amplitude. The scope indicates the number of
water quality parameters not meeting water quality guidelines. The frequency shows the
number of times the water guidelines are not met and amplitude identifies the extent to
which the guidelines are not met. CCME WQI shows water quality range between 0
(worst) to 100 (best). The result indicated that river is impacted by high turbidity and
total trace element due to high suspended sediment loads. Rosemond et al. (2009) found
CCME WQI as a good tool to assess absolute water quality guidelines for the protection
of aquatic life but it had limitation for evaluating the spatial changes in water quality
downstream of point source discharges. Usunoff and Guzman (1989) used statistical
techniques called factor analysis and correspondence analysis and it was found that
three factors accounted for the ion variations in the Milk River, Alberta Canada. St-
Hilaire et al. (2004) used data of 6 parameters for 36 stations in Richibucto River
drainage basin of New Brunswick province of Canada for a period of 6 years (1996—
2001). PCA was applied on the data for a period of 6 years to analyze water quality
variance in fresh and brackish water. The results showed that the most of variance in
fresh water was due to pH, total organic carbon, and high nutrient concentrations

whereas salinity with high nutrient concentrations explained the variance in brackish
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water. Cluster analysis showed the importance of high phosphorous and nitrate

concentrations in water bodies receiving treated municipal effluent.

In this paper, our objectives are to (i) determine the dominant water quality
parameters impacting Alberta lakes, (ii) identify the optimum number of clusters and
their characteristics, and (iii) pattern-match the lakes and investigate their temporal

dynamics.

3.2 Materials and methods
3.2.1 Study area and data used

In this study, data from 18 lakes in Alberta were considered. The relative position of
Alberta, in the Canadian context and geographical location of the lakes are shown in
Figure 3.1. The lakes of interest are: Beauvais, Cardinal, Crimson, Dillberry, Elkwater,
Gregg, Gregoire, Jarvis, Long, Mcleod, Miquelon, Moonshine, Reesor, Saskatoon,
Spruce Coulee, Steele, Sturgeon, and Winagami. The total surface area of these lakes is
216.08 km® and their catchment area is 2174.45 km”. The surface area of the lakes
ranges from 0.21 to 52 km” with an average of 3 km”. The catchment areas of the lakes
vary between 1.75 and 571 km” with an average of 25 km®. The mean depth of these

lakes varies between 1.3 and 25 m.

The water quality data for the lakes were obtained from Alberta Environment, the
regulatory body responsible for collecting and storing the data. The data included mean
annual values for 19 water quality parameters including alkalinity (ALK), bicarbonate
(HCO3), calcium (Ca), carbonate (CO3), chloride (Cl), chlorophyll-a (CHL-a), fluoride
(F), hardness (HARD), iron (Fe), magnesium (Mg), pH, total phosphorus (TP),
potassium (K), Secchi depth (SD), silica (SiO;), sodium (Na), specific conductivity
(SC), sulfate (SO4), and total dissolved solids (TDS). In this study, data of water quality
parameters for 11 years (i.e., 1988—-1989, 1992—-1999, and 2002) are used. These years

had the maximum amount of required data.
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Figure 3.1: a) Location of Alberta in Canada and (b) Location of the 18 lakes in
Alberta

3.2.2 Methods

Figure 3.2 shows a schematic diagram of the methodology used in this study. The

major components of the methodology are (i) the use of PCA on all eighteen lakes with

nineteen water quality-related parameters for the period 1994—1997 to determine the

dominant parameters, (ii) the use of cluster analysis to determine the characteristics of

the clusters using data from 1994 to 1997, and (iii) pattern-match lakes to allocate

clusters and investigate their temporal dynamics. A brief description of the three major

components is provided in the subsequent paragraphs. PCA is used to obtain major PCs

using an eigenvalue of 1 as a cutoff (Cunjie et al. 2010; Panda et al. 2006). The loading

values for all the parameters under major PCs were obtained using varimax normalized

rotation (Shrestha and Kazama 2007; Panda et al. 2006).
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Mean annual water quality data of 19 parameters for 18 Alberta lakes
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Figure 3.2: Schematic diagram for PCA and cluster analysis.

The cluster analysis is conducted to determine (i) the suitable number of clusters, (ii)
identify the characteristics of clusters using the dominant parameters, and (iii) pattern-
match the lakes to allocate clusters and analyze the temporal dynamics. K-fold cross-
validation with expectation maximization (EM) clustering algorithm (Boyce et al. 2002;
Dempster et al. 1977; Fielding et al. 1997; McLachlan et al. 2004) on raw water quality
data of 4 years (1994-1997) by considering all of the 19 parameters for the period 1994—
1997 to decide the total number of suitable clusters, is conducted. In K-fold cross-
validation, the original data are randomly divided into K sub-samples. In this process,
one sub-sample is retained for validation and the remaining (K-1) sub-samples are used

as training data set. The cross-validation is conducted K times (folds) with each of K
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sub-samples being used once for validation. Finally a single value obtained by
averaging or combining the K results is determined. In this study, 10-fold cross-
validation is used as it is the most preferred method in literature (McLachlan et al.
2004). The EM algorithm is a statistical method, which uses the means and standard
deviations of each cluster for obtaining the maximum likelihood estimates of parameters
(Dempster et al. 1977). We considered all 19 parameters because it allowed for
optimizing the number of clusters between 3 and 11. On the contrary, considering the
dominant three parameters we are only able to select clusters between 2 and 3, which
may not be suitable representation of clusters for the whole data. This step revealed that

the optimum number of clusters should be 5 (see Figure 3.4, discussed later).

Prior to employing the dominant parameters in determining the cluster characteristics,
those are normalized over the entire dataset for the period 1988-2002. Normalization is
done by dividing the raw values of individual parameter by its respective maximum
value (Panda et al. 2006; Liu et al. 2003). The maximum values of TDS, TP and CHL-a
are 6371mg/L, 1.07 mg/L, and 173.55 mg/L, respectively. Note that the highest value of
TDS (i.e., 6371 mg/L) is found in Miquelon Lake, which indicated that it is saline. As
salinity is uncommon in inland lakes, the second highest value of TDS in the dataset
(757mg/L) is used and the normalized value of TDS for Miquelon Lake is set to 1. On
the normalized dataset for the period 1994-1997, K-means clustering technique is
applied to generate five clusters for each of the year individually. In K-means algorithm,
a cluster centroid is obtained randomly according to initial value. The clusters of objects
are assigned based on the distance between the mean value of the object and centroid of
the cluster. The distance is a measure of either Euclidean or L1 distance (Kanungo et al.
2002). K-means clustering algorithm showed five different patterns of clusters using the
mean values of TDS, TP, and CHL-a for each of the years individually. As, the K-
means algorithm was applied on the normalized data from individual years, thus it was
possible that a particular cluster might have different patterns over the period of interest.
In order to address this issue, we aggregated the clusters of similar patterns for the
period 1994-1997 by averaging the mean values of parameters; and generated the

generalized patterns for the characteristics of all five clusters (see Figure 3.5, discussed
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later).

The generalized cluster characteristics are applied over the entire normalized dataset for
the period 1988-2002. For a particular lake during a year of interest, the sum of squared
error (SSE) with respective to the each of the five generalized patterns, is computed

using Eq. (3.1):

SSE=EE||x—ml.

C; x€C;

2

(3.1)

where m; 1s the mean of the i cluster and xeCi is a pattern assigned to that cluster. A
p g

particular lake is assigned to a cluster, where the SSE is observed to be the minimum.

3.3 Results and discussion

3.3.1 Principal component analysis

Using the data from the period 1994-1997, the PCA produced a set of PCs and their
respective eigenvalues (see Figure 3.3). The first three PCs (i.e., PC-1, PC-2, and PC-3)
have eigenvalues >1 and are considered as major PCs like other studies (e.g.,
Tokalioglu et al. 2010; Cunjie et al. 2010). These three PCs captured approximately
88% of the variability in the dataset (see Tab. 1). PC-1, PC-2, and PC-3 accounted from
61.97 to 62.73%, 18.17 to 18.40%, and 6.06 to 9.07% of the total variance, respectively.
Table 3.1 also reveals the corresponding loading values for each of the major three PCs.
The loading values are categorized into three classes (i.e., strong > 0.75, 0.75 >
moderate > 0.5, and 0.5 > weak > 0.4) (Panda et al. 2006; Liu et al. 2003) with
parameter loading values less than 0.40 not being considered because of their less

significance.
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Figure 3.3: Eigenvalues to obtain major PCs in water quality data for the period of

1994-1997.
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Table 3.1: PCs with loading values for 19 water quality parameters in 4 years
(1994-1997).

Year 1994 1995 1996 1997
Parameter PC-1 PC-2 PC-3 PC-1 PC-2 PC-3 PC-1 PC-2 PC-3 PC-1 PC-2 PC-3
ALK 0.925 0.949 0.961 0.989
HCO; 0.912 0.908 0.916 0.952
Ca -0.614 -0.694 | -0.419 -0.661 | -0.498 0.583
COs 0.957 0.975 0.986 0.995
Cl 0.968 0.975 0.980 0.897
CHL-a 0.401  -0.763 -0.874 -0.883 0.646
F 0.834 0.845 0.863 0.439  0.725
HARD 0.958 0.974 0.962 0.953
Fe 0.940 0.948 0.917 0.926
Mg 0.966 0.983 0.976 0.988
pH 0.581 0.600 | 0.675 0.398 | 0.692 0.700 0.432
TP 0.980 0.972 0.969 0.954
K 0.700  0.655 0.780  0.586 0.779  0.606 0.874  0.461
SD -0.660  0.487 -0.660 0.484 -0.597 0.472 -0.693  0.453
SiO, -0.663 -0.660 | -0.431 0.430 | -0.441
Na 0.978 0.982 0.989 0.993
SC 0.980 0.988 0.992 0.994
SO, 0.984 0.986 0.992 0.980
TDS 0.981 0.987 0.993 0.993
Variance
(%) 62.68 18.30  7.76 6197 18.19  9.07 62.73 18.40  6.66 62.14  18.17  6.06
Cumu.( %) | 62.68 8098 8874 | 6197 80.16 89.23 | 62.73 81.13  87.79 | 62.14 80.31  86.37

42




PC-1 revealed that 12 parameters (i.e., ALK, HCOs, COs, Cl, HARD, Mg, pH, K, Na, SC,
SO4, and TDS) are correlated with each other. Apart from pH and K in 1994, all other
parameters are found to be loaded as both strong (i.e., >0.75) with positive values. During
the years of 19961997, it is also observed that the parameters of Ca and SiO; are included
in PC-1; however, both are loaded as weak (i.e., <0.50) with negative values. The PC-1
may be interpreted as alkaline (due to presence of ALK, HCOs3, and CO3), hard (due to the
presence of HARD, and Mg), and saline (due to the presence of Cl, Na, SC, SO4, and TDS)
water. Note that the factors that might affect HARD, also affect ALK. In Alberta, most of
the watersheds are enriched with carbonates, thus the lakes are basically alkaline (Alberta
Environment 2006). In addition, the bedrock of Alberta is sedimentary (such as limestone
and dolomite), thus the underlying basin of the lakes consists of high concentration of TDS
(Alberta Environment 2006). In particular, gradual increment of pH (i.e., 0.581 in 1994 to
0.70 in 1997) may be associated with the changes in water levels and the effect of
anthropogenic activities such as agricultural, mining, and industrial. Another multivariate-
based water quality study showed that the main anthropogenic activities that affected the

lake water were domestic and industrial effluents (Barreto et al. 2008).

The second major component of PC-2 revealed that six parameters (i.e., F, Fe, TP, K,
SD, and CHL-a) are correlated with each other (see Tab. 1 with the columns for PC-2).
The parameters of Fe, TP, and F are loaded strong (i.e., >0.75) with positive values with
exception of F in 1997 (i.e., 0.725). The K is found to be both in PC-1 and PC-2, however,
it is more significant in PC-1 (i.e., loaded strong with positive values for most years except

1994).

The SD is found to be loaded moderate (i.e., in the range of 0.50 — 0.75) with negative
values. It is worthwhile mentioning that SD is also found to be loaded weak (i.e., <0.50)
with positive values in PC-3. In addition, it is also found that CHL-a is loaded weak (i.e.,
0.401 in 1994), and moderate (i.e., 0.646 in 1997) with positive values. F can be present
due to geochemical weathering of rocks and soils and also from municipal wastewater
because of fluoridation of drinking water (Alberta Environment 2006). The Fe can be due
to weathering of sulfide-rich ores, rocks, and leaching of sandstones and the other potential

sources including acid mine drainage, coal burning, processing of minerals, sewage, and
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landfill leachates (Alberta Environment 2006). The TP can be leaching from nutrient-
enriched soils and anthropogenic activities. Jose Barreto et al. (2008) showed phosphorus
as indicator of anthropogenic activities for Capivara Hydroelectric Dam Lake in Brazil
using PCA technique. The SD is an indicator for water clarity and algal biomass
production (Alberta Environment 2006). In general, the PC-2 can be considered as an

indicator of biological activities in the lakes.

The third major component, PC-3, comprises of five parameters (i.e., Ca, CHL-a, pH,
SD, and Si0,) that are correlated with each other (see Tab. 1 with the columns for PC-3).
Among the parameters, only CHL-a is found to be loaded strong (i.e., >0.75) with negative
values. In most cases, both Ca and SiO, are loaded moderate (i.e., in the range 0.50—0.75)
with negative values while both pH and SD are loaded weak (i.e., <0.50) with positive
values. The presence of CHL-a can be enhanced by higher amounts of TP, thus PC-3 can
also be considered as an indicator of biological activities like PC-2. Baborowski et al.
(2011) observed that concentration of CHL-a is directly related to the development of
phytoplankton using factor analysis technique. The potential source of Ca is the

sedimentary bedrock. The SiO, may be from industrial effluents.

3.3.2 Dominant water quality parameters

The dominant parameters identified by the PCA are: TDS, TP and CHL-a (see Tab. 1). The
previous discussion indicated that different major ions (i.e., Mg, Na, K, HCO3, CO3, SO4,
and Cl) were loaded with positive values, and they have strong effects on PC-1. These ions
account for most of the TDS present in surface water quality (Alberta Environment 2006).
TDS is also loaded strong in PC-1 and has the highest positive values. Thus, TDS is
considered as a dominant parameter. The TP is considered as the next dominant water
quality parameter as it is loaded strong in PC-2 with the highest positive values. The CHL-
a is considered as the third dominant water quality parameter as it is loaded strong in PC-3
with highest negative values. These two parameters (TP and CHL-a) may have a strong
relationship with each other indicating the effect of anthropogenic activities on water
quality (Alberta Environment, 2006). TP and CHL-a concentrations along with SD are also
used as indicators of trophic states in the lakes by the Alberta Environment (Alberta

Environment, 2006). Liu et al. (2010) found that TP had the greatest positive influence on
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CHL-a, whereas SD had the negative influence.

3.3.3 Cluster analysis

Figure 3.4 shows the relation between number of clusters and the cost function (-2*log-
likelihood) of the K-fold cross-validation with EM clustering algorithm for the period
1994-1997. It shows that the magnitude of the cost function reached a minimum-value
when the number of clusters was 5 in most of the instances, except for 1997 (i.e., number
of clusters was 4 if the minimum value cost function is considered). On the basis this we
considered five as the suitable number of clusters in this study. Figure 3.5 shows the
generalized characteristics of the five clusters obtained for the period 1994-1997. 1t is
obvious that TDS, TP, and CHL-a increased from cluster 1 to cluster 5. From this, we
interpret that the water quality for all lakes in Alberta decreases from cluster 1 to cluster 5.
Upon implementing these generalized characteristics as shown in Figure 3.5 over the
entire dataset, the temporal change in cluster number for each lake is investigated (see
Table 3.2). The temporal variation was analyzed in surface water quality studies using
multivariate statistical techniques (Barreto et al. 2008; Dubiella-Jackowska et al. 2010; Liu

et al. 2010).
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Figure 3.4: Determining the suitable number of clusters using K-fold cross-validation

with algorithm of EM clustering in water quality data for the period of 1994-1997.

1
o —o— Cluster 1
=
™™ --8-- Cluster 2
g 08 | \o\ —# - Cluster 3
§ \ <%+ Cluster 4
9?0.6 ] \_ —O - Cluster 5
\
S \
g X,
8 0.4 : \
o
(7]
&
::0.2 1
0

Dominant water quality parameters

Figure 3.5: Generalized characteristics for the five clusters produced from the data
for the period 1994-1997.
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Table 3.2: Temporal changes of lakes (1988-2002).

Lakes 1988 | 1989 | 1992 | 1993 | 1994 | 1995 | 1996 | 1997 | 1998 | 1999 | 2002
Beauvais 3 1 1 1 1 1 1 1 ND* 1 ND
Crimson 1 1 3 1 1 1 1 1 2 ND 1
Dillberry 1 ND 1 1 1 1 1 1 1 ND 1
Elkwater 1 1 1 1 1 1 1 1 1 1 1
Gregg 1 1 1 1 1 1 1 1 1 1 1
Jarvis 1 1 1 1 1 1 1 1 1 1 1
Gregoire ND 2 2 2 2 2 2 2 2 2 2
Mcleod 1 1 2 2 2 2 2 2 2 2 1
Reesor 2 1 1 2 2 2 3 2 2 1 1
Spruce
Coulee 2 2 1 1 2 1 2 2 2 1 2
Long 3 3 3 3 3 3 3 3 3 1 3
Steele 3 3 3 3 3 3 3 3 3 4 4
Sturgeon 3 3 3 3 3 3 3 3 3 3 3
Cardinal ND ND 4 4 4 4 4 4 ND ND ND
Moonshine 4 4 4 4 4 4 4 4 4 4 4
Winagami 4 4 4 3 4 4 3 1 4 4
Miquelon ND ND 5 ND 5 5 4 4 4 ND ND
Saskatoon 5 5 5 5 5 5 5 5 5 5 5

It is found that Beauvais, Crimson, Dillberry, Elkwater, Gregg, and Jarvis Lakes are in
cluster 1 (i.e., relatively good water quality). There are no significant changes in clusters
for most of these lakes, which indicate the stability in lake water quality. Beauvais Lake
was in cluster 3 in 1988 whereas Crimson Lake was in cluster 3 and cluster 2 in 1992 and
1998, respectively. The slight changes in clusters of these two lakes are due to variations in

water levels (Alberta Environment 2006).

It is found that cluster 2 is the most dominant cluster of Gregoire, Mcleod, Reesor, and
Spruce Coulee Lakes. There are some changes of clusters like Mcleod Lake was in cluster
1 in 1988-1989 and 2002, Reesor Lake was in cluster 1 in 1989, 1992, 1999, and 2002,
Reesor Lake was in cluster 3 in 1996, Spruce Coulee Lake was in cluster 1 in 1992-1993,
1995, and 1999. The changes to cluster for these five lakes in all years except 1996 were
from cluster 2 to cluster 1, which indicated improved water quality. This improvement is

probably due to increased water levels in lakes due to snowmelt and precipitation (Alberta
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Environment 2006). Another study also showed the effect of seasonal fluctuations on the
river water quality (Baborowski et al. 2011).

Long, Steele, and Sturgeon Lakes belonged to cluster 3. The recreational activities
around Long Lake impact its water quality. Activities such as camping, residential
developments and cropping have negative impacts on water quality of Sturgeon Lake.
There is a decrease in water quality of Steele Lake in 1999 and 2002 as it moved to cluster
4. Coincidently, in both these years there is an abrupt decrease in water levels because of
drought (Alberta Environment 2006). Kog¢ (2010) observed an increase in polluted
concentration in surface water quality due to decrease in water flow rate because of
drought.

Cardinal, Moonshine, and Winagami Lakes are found in cluster 4 predominantly.
Cardinal Lake is a shallow lake located in low topographical relief surrounded by mixed
forest (Alberta Environment 2006), due to which there is a possibility of higher negative
impact of watershed soils and geology on Cardinal Lake water quality as compared to
other lakes. Moonshine Lake is a shallow reservoir with high recreational activities and its
drainage basin is a mixture of forests and wetlands
(http://environment.gov.ab.ca/info/home.asp) (Alberta Environment 2006). Wood logging
and agricultural activities in the surrounding areas of Winagami Lake may have provided
negative impact on its water quality. The water quality of Winagami Lake is improved as it
moved from cluster 3 in 1993 and 1996 to cluster 1 in 1997 and 2002. It also supplies
water for residential use to small communities due to which several canals and control
structures are built to increase water level and flushing rate. This may have led to an
enhancement in its water quality. The clusters for these lakes could be interpreted as
impacts of anthropogenic and natural processes as also observed in another study
(Dubiella-Jackowska et al. 2010).

Miquelon Lake is in cluster 5 and cluster 4 consistently. It is a shallow, highly saline
lake surrounded by forest parkland and agriculture land, which is used for cereal crops and
livestock operation (Alberta Environment 2006). The Saskatoon Lake drainage basin has
agricultural land well known for top quality berry crop (Alberta Environment 2006), which
probably has negatively impacted its quality. Ko¢ (2010) found the negative impact of

agricultural activities on surface water quality.
48



3.4 Concluding remarks

In this study, a methodology for clustering eighteen lakes in Alberta, Canada using PCA
and clustering techniques is presented. With PCA, three PCs were identified. The three
most dominant parameters, which were obtained from the PCs, are TDS, TP, and CHL-a.
K-fold cross-validation with EM clustering indicated five as the most suitable number of
clusters. K-means clustering technique is used on the normalized data of the dominant
parameters to obtain the generalized characteristics of five clusters. The water quality
deteriorated as the cluster number increased from 1 to 5. Pattern-match using K-means
clustering technique was done to allocate clusters to all lakes for the period 1988-2002.
From the results, it is found that clusters remained same for nine lakes (i.e., Dillbery,
Elkwater, Gregg, Jarvis, Gregoire, Sturgeon, Cardinal, Moonshine, and Saskatoon), which
indicate stability in water quality whereas the remaining nine lakes are found to change the
clusters over time.

This methodology is useful for (i) monitoring and sampling the source waters using the
less number of dominant parameters, (ii) analyzing the impact of natural processes and
anthropogenic activities on water bodies, (iii) analyzing the temporal dynamics to observe
the changes in water quality over a specified period of time, (iv) identifying the specific
pollutants in source waters for designing economical, targeted and effective drinking water
treatment facilities for smaller communities, (v) providing good understanding of water
bodies which can help in the management of source waters.

This methodology might be applied to understand quality of source waters (i.e., lakes,
rivers, and other water bodies) that supply drinking water to big and small communities in
any region of the world. PCA could be applied on the monthly, seasonal or yearly water
quality sampling data to identify major PCs and extract dominant parameters. The natural
controlling processes and pollution types which impact the quality of source waters could
be defined and explained by interpretation of correlated parameters combined under PCs of
PCA. K-means algorithm could be applied to produce the generalized characteristics using
the dominant parameters for developing monthly, seasonal, or yearly clusters for source
water quality. The allocation of clusters to source waters might be helpful to understand

the effect of natural processes, pollution types, and seasonal changes on the water quality
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of source waters. The results could indicate the treatment required for the specific
parameters at various sampling locations before supplying water to communities. On the
basis of cluster results, sampling strategies could be revised to focus on the monitoring of
dominant parameters, which could make water quality sampling economical and targeted.
This methodology might also help to determine the required frequency of monitoring
sampling sites in different periods of a year. This methodology might identify most
suitable source waters that would require minimum level of water treatment. This strategy
could make water treatment economical and targeted for the communities, which are
constrained with limited funds. On the basis of clustering results, the management of water
bodies could be prioritized. Ko¢ (2010) suggested the implementation of appropriate
management principles for all point and non-point pollution sources to enhance the surface
water quality. The existing methodology might be enhanced by identifying the point and
non-point source pollution for the source waters, which are in cluster 3, 4, or 5. The non-
point source pollution for clustered water bodies could be identified using GIS by
considering the watershed characteristics like land cover, land use, soil, surface geology,
drainage area, and topography. The information on point source pollution for these
clustered water bodies could be identified by considering GIS layers of industrial discharge
and sewage discharge. GIS was applied with PCA and clusters to identify source water
pollution and visualize results in the form of maps (e.g., Su et al. 2011; Razmkhah et al.
2010). Remote sensing (RS) techniques could be used for mapping the dominant
parameters for the whole water bodies. Finally, a decision support system could be
developed using multivariate, GIS, and RS techniques that help decision makers to develop
economical, feasible, and targeted water treatment systems for the treatment of source

waters.
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CHAPTER 4

CLUSTERIZATION OF SURFACE WATER QUALITY AND ITS RELATION TO

CLIMATE AND LAND USE/COVER

Akbar T. A., Hassan Q. K., Achari G., Clusterization of Surface Water Quality and Its
Relation to Climate and Land Use/Cover. Journal of Environmental Protection 2013

Volume 4, Issue 4, pp. 333-343.
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Abstract

The quality of surface water is rapidly changing due to climatic variations, natural
processes, and anthropogenic activities. The objectives of this study were to classify and
analyze the surface water quality of 12 major rivers of Alberta on the basis of 17
parameters during the period of five years (i.e., 2004-2008) using principal component
analysis (PCA), total exceedance model and clustering technique. Seven major principal
components (PCs) with variability of about 89% were identified. These PCs were the
indicators of watershed geology, mineralization and anthropogenic activities related to land
use/cover. The seven dominant parameters revealed from the seven PCs were total
dissolved solids (TDS), true color (TC), pH, iron (Fe), fecal coliform (FC), dissolved
oxygen (DO), and turbidity (TUR). The normalized data of dominant parameters were used
to develop a model for obtaining total exceedance. The exceedance values acquired from
the total exceedance model were used to determine the patterns for the development of five
clusters. The performance of the clusters was compared with the classes obtained in
Canadian Water Quality Index (CWQI). Cluster 1, cluster 2, cluster 3, cluster 4 and cluster
5 showed agreements of 85.71%, 83.54%, 90.22%, 80.74%, and 83.40% with their
respective CWQI classes on the basis of the data for all rivers during 2004-2008.The water
quality was deteriorated in growing season due to snow melting. This methodology could
be applied to classify the raw surface water quality, analyze the spatio-temporal trends and

study the impacts of the factors affecting the water quality anywhere in the world.

Keywords: Alberta rivers; Canadian Water Quality Index; Clustering; Geographic
Information System; Pattern recognition; Principal component analysis; River water

quality.
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4.1 Introduction

In general, the quality of waters in rivers and lakes depend on climate, land use, land cover,
geographical and anthropogenic factors (Mahapatra and Mitra 2012; Garcia-Reiriz et al.
2011; Toth et al. 2009; Zhu et al. 2012). Climatic factors, such as melting snow over high
latitudes and precipitation wash material from the land surface into the water bodies.
Various land wuse activities (e.g., wood logging, agricultural, mining and urban
development) can be potential sources of pollutants, which impact the water quality. Thus,
it is important to classify the raw surface water quality and study the spatio-temporal

impacts due to anthropogenic activities and climatic factors.

In Alberta, 17 water quality-related parameters are periodically measured for 12 major
rivers at 23 fixed sampling sites. These data are then analyzed using the Canadian Water
Quality Index (CWQI) system developed by the Canadian Council of Ministers of the
Environment (CCME); and represented as an index-value (CCME 2001). Despite the
robustness and acceptance of CWQI, the data acquisition is labour intensive, time
consuming and costly. Thus, it is worthwhile to investigate whether a lesser number of

water quality-related parameters would produce similar CWQI-values.

In order to determine data redundancy in any dataset, one of the most commonly used
methods is the employment of pattern recognition algorithms (Eneji et al. 2012; Singh et
al. 2010). Examples of such algorithms are principal component analysis (PCA) and
clustering techniques. In PCA, the original set of parameters is transformed into
uncorrelated principal components (PCs), which decrease the total variance. Each
parameter contributes towards its respective PC and its contribution is determined by the
loading values. PCA has been used in many water quality studies, such as (i) determining
spatio-temporal changes in the water quality of Jajrood River (Razmkhah et al. 2010), (ii)
comparing water quality of regional sites of Canada for spatial and temporal changes
(Rosemond et al. 2009), (iii) seasonal and spatial variations for surface water quality of
Mid-Black Sea Coast in Turkey (Akbal et al. 2011), and (iv) impact of agricultural
activities for Nathan Creek Watershed, British Columbia, Canada (Furtula et al. 2012).

The clustering techniques are used to find structure in data by identifying the groups
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(clusters) in the data and the objects are grouped on the basis of similarities within a class
and dissimilarities among different classes. The similarities and dissimilarities are obtained
on the basis of distance measures (e.g., Euclidean, Manhattan, etc.) using various
clustering methods (Kaufman and Rousseeuw 1990). The clustering methods have been
widely used in the water quality studies. For example: (i) clustering for chemical
classification of water in Salado River (Gabellone et al. 2008), (ii) Hierarchical
agglomerative cluster analysis for delineating and grouping pollution causing areas
(Srivastava et al. 2011), and (iii) Fuzzy clustering of water quality parameters for
Ulansuhai Lake (Ren et al. 2008). In addition to classification of water quality, it is also
important to understand the impact of causative factors on the surface water quality of
rivers in Alberta. For this purpose geographic information system (GIS) was used as its
application was found useful in studying the water quality (Akbar and Akbar 2013; Akbar
and Lin 2010). The objectives of this paper are to: (i) develop clusters for major rivers in
Alberta on the basis of monthly water quality data, (ii) evaluate the clusters using Canadian
Water Quality Index (CWQI) system, (iii) apply clusters for spatio-temporal analysis, and
(iv) study the impact of climatic factor (i.e., snow-melting) and land use activities on the

water quality of the rivers.

4.2 Materials and methods

4.2.1 Study area and data requirements

The study area consists of 12 major rivers in Alberta as shown in Figure 4.1. Alberta is a
western province in Canada, which borders the province of British Columbia in west, and
Saskatchewan in east. The mean annual temperature in winter varies from —25.1 °C to 9.6
°C and in summer it ranges from 8.7 °C to 18.5 °C. The mean average annual precipitation
ranges from 333 mm to 989 mm (Downing and Pettapiece 2006). The major land use/cover
types are needle leaf forests (57.57%), grasses/cereal crops (30.11%) and broad leaf forests
(5.25%). The province is dominated by boreal forest in the north and agriculture in the
south. At each of the sites, we obtained the monthly values of the 17 water quality-related
parameters for the period 2004-2008 from Alberta Environment. These parameters
included: chloride (Cl), dissolved organic carbon (DOC), dissolved oxygen (DO), fecal
coliforms (FC), fluoride (F), iron (Fe), manganese (Mn), pH, sodium (Na), sulfate (SO,),
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total dissolved solids (TDS), total hardness (TH), total nitrogen (TN), total phosphorus
(TP), true color (TC), turbidity (TUR) and water temperature (WT). There are guideline
values for each of these parameters in the context of determining the water quality (Health
Canada 2010; Ministry of the Environment 2006; Alberta Environment and Sustainable
Resource Development 2011). Those guidelines are summarized in Table 4.1. Different
types of land uses/covers could change the water quality due to flow of various types of
contaminants in the rivers (Bolstad & Swank 1997; Moss 1988). In Alberta, the mean
annual temperature varies between —25.1 C to —9.6 'C in winter and it ranges between 8.7°C
to 18.5C in summer. The temperature changes in both the seasons initiate the snow
melting which could impact the quality of surface water. Thus we used the maps for land
use/cover and snow-melting time period to understand the impact on the surface water
quality. Those included: (i) Moderate Resolution Imaging Spectroradiometer (MODIS)-
based annual composite land use/cover map at 1 km spatial resolution (MODI12Q]1 ver.
004) during 2004 available from National Aeronautics and Space Administration (NASA
2004), and (i1) MODIS-derived snow melting time period map at 500 m spatial resolution
during 2008 (Sekhon et al. 2010).
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Figure 4.1: Location of 23 sampling sites across the twelve major rivers in Alberta.

The lengths of rivers are provided in the parenthesis and the arrows show the

directions of rivers’ flow.
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Table 4.1: Guidelines for Canadian drinking water quality (Health Canada 2010;
Ministry of the Environment 2006; Alberta Environment and Sustainable Resource

Development 2011).

Parameter Non-compliance if

guideline value:

WT >15°C
DO <6.5 mg/l

TUR >1 NTU
TC >15 Pt Co units

DOC >5 mg/l

TDS >500 mg/1
TP >0.05 mg/1
TN >1 mg/l
pH <6.5 or >8.5
TH >500 mg/1
Cl >250 mg/l
SO, >500 mg/1
Na >200 mg/l
F >1.5 mg/l
FC >0

Mn >0.05 mg/1
Fe >0.3 mg/l

4.2.2 Methods

The methods consisted of three major components, such as: (i) development of clusters, (ii)
evaluation of clusters, and (iii) application of clusters. Brief descriptions of these

components are as follows:
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4.2.2.1 Development of clusters

For the development of clusters, we followed four steps, i.e., (i) normalizing water quality
data, (ii) obtaining dominant parameters, (iii) developing total exceedance model, and (iv)
identifying the cluster patterns. In the first step, the data was normalized for: (i) WT, TUR,
TC, DOC, TP, TN, TDS, TH, Cl, SO4, pH > 8.5, Na, F, Mn and Fe using Eq. (4.1), and (ii)
DO and pH < 6.5 using Eq. (4.2).

(Parameter)measured 0.25
(Parameter )normalization = 4.1
(Parameter)guideline

(Parameter)guideline 0.25
(Parameter)normalization = 4.2)
(Parameter)measured

In both the above equations (i.e., Eq. (4.1) and Eq. (4.2)) we used the power of a constant
number (i.e., 0.25) to reduce the spread between the parameters due to large variations in
their measured values. As the guideline was 0 for FC therefore we normalized it by
exponention with exponent equal to 0.25.

In the second step, we used PCA to identify the major PCs and obtain the dominant
parameters using the normalized data (Akbar et al. 2011). The numbers of PCs were
decided by setting eigenvalue to 0.5 and the loading values of parameters were obtained
using varimax normalized rotation (Razmkhah et al. 2010). The loading values were
divided into three classes (i.e., strong > 0.75, 0.75 > moderate > 0.5 and 0.5 > weak > 0.4).
Parameter loading values less than 0.40 were not considered because of their minor
significance in the data (Panda et al. 2006). From each of the PCs, one of the parameters
was selected as the dominant one on the basis of the highest loading values. In the third
step, the normalized values of dominant parameters were used to develop a model for
obtaining the total exceedance for each monitoring day during the period 2004-2008. In the
fourth step, the exceedance values (obtained from the third step) were used to identify the
patterns to develop clusters for the classification of surface water quality of the rivers.
Seventy percent of the results obtained from the total exceedance model were used to
develop the clusters and the remaining thirty percent of the results were used to evaluate

them.
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4.2.2.2 Evaluation of clusters

For quantitative evaluation, the percent cumulative agreements (in the form of deviation)
between the clusters and CWQI classes were calculated for: (i) all rivers during the period
2004-2008, and (ii) each river during the whole period of 2004-2008. Several equations
were used for calculating CWQI (see Table 4.2 for more details). On the basis of
quantitative values (i.e. 0 to 100) calculated using CWQI, the water quality at the sampling
sites of rivers was categorized into five classes which are (i) 1: excellent (95 - 100), (ii) 2:
good (80 - 94), (iii) 3: fair (60 - 79), (iv) 4: marginal (45 - 59), and (v) 5: poor (0 - 44)
(CCME 2001).

Table 4.2: Equations used for calculation of CWQI and identifying classes using the
data of 23 sampling sites for 12 rivers during the period 2004-2008 (CCME 2001).

Number of failed parameters
Fi (Scope) = X

Total number of parameters

Number of failed tests
F2 (Frequency) = x 100

Total number of tests

) Objectivej
excursioni=| ——|-1
Failed test valuei

. Failed test value :
excursion; = -1

Objective;

n ‘g
nse = Ei=lexcur510nl
number of tests

nse
Fs(amplitude)={
0.0Inse + 0.01

[2 . 0r2 a2
CWQI=IOO—( F1 +F2° +F3 ]

1.732
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4.2.2.3 Application of clusters

The dominant clusters were identified for the growing season (April 1-September 30) and
the winter months (Oct 1-March 31) for all the sampling sites during 2004-2008. These
dominant clusters were used to understand the: (i) spatio-temporal patterns of the surface
water quality of rivers, and (ii) impact of land use/cover and snowmelt. To understand the
influence of both the factors, all the rivers with their respective sampling sites were
overlain in GIS on: MODIS based (i) land use/cover map, and (ii) snowmelt time period

map.

4.3 Results and discussion
4.3.1 Major principal components and the dominant water quality

parameters
PCA led to a set of seven principal components (PCs) using the normalized data during the
period 2004-2008. These PCs had eigenvalues greater than 0.5. Individually they captured
31.5%, 20.8%, 12.6%, 9.1%, 6.1%, 5.6%, and 3.4% of the total variance (See Table 4.3).
PC-1 revealed that four ions (i.e., Cl, SO'z, Na' and F ) accounted for most of the TDS,
which was also related to the variation in TH. Thus it is interpreted as indicator of the
watershed geology (Anderson 1999). TDS was considered as the first dominant parameter
due to having highest loading value (i.e., 0.94). PC-2 indicated three correlated parameters
(i.e., TC, DOC, and TP). This could be an indicator of natural and anthropogenic
mineralization of water quality (Anderson 1999; Wolfe et al. 2007). In this category, two
parameters (i.e. TC and DOC) are strongly positively loaded with TC having the highest
loading (i.e., 0.95). TC was considered as the second dominant parameter. PC-3 indicated
that pH > 8.5 and pH < 6.5 are strongly loaded with similar magnitudes (i.e., 0.98). WT
was weakly negatively loaded in PC-3. In general, temperature increase during the spring
season would initiate the process of snow melting, which contributes to the variation of pH
in the water. Thus it could be the indicator of anthropogenic activities related to different
types of land use/cover (Bruneau et al. 2009). In this component, pH was considered as the
third dominant parameter. PC-4 indicated that two parameters (i.e., Mn and Fe) were

strongly positively correlated. PC-4 was considered as an indicator of natural
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mineralization (Anderson 1999). Fe was considered as the fourth dominant parameter due
to its highest loading (i.e., 0.96). PC-5 indicated solely FC as a strongly positively loaded
parameter (i.e., 0.98). As FC is related to land cover activities therefore PC-5 could also be
the indicator of anthropogenic activities like PC-3. FC was identified as the fifth dominant
parameter. PC-6 showed DO as exclusive strongly positively loaded parameter having
loading value of 0.93. DO was identified as the sixth dominant parameter. PC-6 was
considered as an indicator of natural mineralization like PC-4 (Anderson 1999). PC-7
indicated TUR as strongly positively loaded and TP as moderately positively loaded
parameter. TUR was considered as the seventh dominant parameter due to its highest
loading value (i.e., 0.86). The snow melting and precipitation from the different types of
land use/cover increase the sediment levels in the surface waters, which increase TUR. In
PC-7, both the parameters (i.e., TUR and TP) are related to land cover activities. Like PC-
3 and PC-5, it could also be considered as an indicator of anthropogenic activities related
to different land cover types (Bruneau et al. 2009; Sosiak and Dixon 2006). Thus, the
seven dominant parameters obtained from PCA were: TDS, TC, pH, Fe, FC, DO, and
TUR.
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Table 4.3: PCs with loading values for 17 water quality parameters in the five years
(2004-2008).

Parameter PC-1 PC-2 PC-3 PC-4 PC-5 PC-6 PC-7
WT -0.44

DO 0.93

TUR 0.86
TC 0.95

DOC 0.92

TP 0.57 0.52
TN 0.43

TDS 0.94

pH>8.5 -0.98

pH<6.5 0.98

TH 0.92

Cl 0.66

SO, 0.81

Na 0.74

F 0.81

FC 0.98

Mn 0.91

Fe 0.96
Var. (%) 31.5 20.8 12.6 9.1 6.1 5.6 34
Cum. (%) 31.5 52.3 64.9 74.0 80.1 85.7 89.1

Note: Var: Variance; Cum: Cumulative.

4.3.2 Databases of clusters and CWQI classes for classification of water

quality
The normalized values of dominant parameters, obtained using Eq. (4.1) and Eq. (4.2),

were used to develop a model for obtaining total exceedance as given in Eq. (4.3):

(Exceedance)total = E[(Dominant parameter Jnormalized = 1]~ (4.3)
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Using Eq. (4.3), we calculated the total exceedance values for the normalized data of the
dominant parameters during 2004-2008. All of these exceedance values were then used to
identify the patterns for the development and evaluation of five clusters. For presentation
of cluster patterns in this paper, we used the minimum, maximum and mean exceedance
values of dominant parameters as shown in Figure 4.2. It is obvious that minimum,

maximum, and mean increase from cluster 1 to cluster 5.

18 D —e— Cluster 1
16 % E \ = (:luster 2
/ ) —a - Cluster 3

14 + . --x-- Cluster 4
\ —o - Cluster 5

— —

() \]

1 1

1 1
~

()..-

Exceedance of dominant parameters

Figure 4.2: Patterns of five clusters produced from minimum, maximum and mean of
the exceedance values of dominant parameters during the period 2004-2008. The

exceedance values were calculated using the total exceedance model given in Eq. (4.3).

We used these clusters to define the water quality of rivers, which could change from
cluster 1 towards cluster 5. The water quality deteriorates from cluster 1 to cluster 5. A
database of clusters was developed by obtaining the clusters for all the sampling sites of
rivers to classify the water quality in each month during 2004-2008. Another database of
CWAQI classes was also developed for the classification of water quality of rivers during

the same time period.
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4.3.3 Comparison of clusters with CWQI classes

Figure 4.3 (a) and (b) shows a comparison between % cumulative agreement and
deviation for clusters with CWQI classes using the data of all rivers during the period
2004-2008. In the cluster development, the agreements for 0 deviation were 85.71%,
83.54%, 90.22%, 80.74%, and 83.40% for cluster 1, cluster 2, cluster 3, cluster 4 and
cluster 5 respectively as shown in Figure 4.3(a). For the respective five clusters, the
agreements for +1 deviation were 14.29%, 16.46%, 8.83%, 19.26%, and 16.60%. An
agreement of 0.95% was observed for +2 deviation in cluster 3. In the cluster evaluation,
the agreements for 0 deviation were 87.50%, 81.82%, 89.51%, 80.64% and 81.63% for
cluster 1, cluster 2, cluster 3, cluster 4 and cluster 5 respectively as shown in Figure
4.3(b). In these five clusters, the agreements for £1 deviation were 12.50%, 18.18%,
9.09%, 19.36%, and 18.37% respectively. The agreement of 1.40% was found for +2
deviation in cluster 3. These percentages of agreements showed very close match of
clusters with CWQI classes. Table 4.4 shows the % agreement for the deviations
calculated for each river during the period 2004-2008. From Table 4.4, we found 0
deviation (i.e., 100% agreement) for majority of the rivers for most of the times (i.e., in
between 80-100% of the cases). In limited number of cases, we observed that the
agreement for 0 deviation was between 20% - 73% of the cases for Battle River, Elbow
River, Milk River, South Saskatchewan River and Peace River. This difference in
agreements from majority of the rivers could be related to the impact of exceedance for
parameters other than the dominant once. The quantitative evaluation showed a reasonably
strong match between clusters and CWQI classes, which indicates the suitability and
usefulness of cluster based classification system for the surface water quality of major
rivers of Alberta. The clusters were plotted against CWQI classes for a sampling site of
Bow River (i.e., BOR-1) over a period of five years (i.e. 2004-2008) as shown in Figure
4.4. In this figure, about 90% of observed data showed complete match between clusters
and classes whereas only 10% of observed data showed the deviation of £1. Overall, the
patterns of clusters matched quite well with the patterns of CWQI classes as shown in the

Figure 4.4.
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Figure 4.4: Comparison between clusters and CWQI classes for a sampling site

(BOR-1) of the Bow River during the period of 2004-2008.
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Table 4.4: Percentage agreement for deviation of clusters on the basis of quantitative

evaluation for each river during the period 2004-2008.

River Cluster % Agreement for deviation River Cluster % Agreement for
deviation
0 +1 +2 0 +1
3 91.18 7.35 1.47 1 100.00
AR 4 93.33 6.67 2 100.00
5 89.13 10.87 OR 3 92.59 7.41
4 88.24 11.76
3 29.41 52.94 5 72.00 28.00
BR 4 39.13 60.87
5 100 3 96.15 3.85
PR 4 50.00 50.00
1 84.21 15.79 5 100.00
2 82.61 17.39
BOR 3 94.29 5.71 1 100.00
4 87.80 12.20 2 87.50 12.50
5 61.11 38.89 RDR 3 87.88 12.12
4 96.43 3.57
3 60.00 40.00 5 83.33 16.67
ER 4 96.43 3.57
5 73.33 26.67 3 92.59 7.41
SR 4 100.00
20.00 80.00 5 100.00
MR 5 100.00
2 60.00 40.00
3 95.52 2.99 1.49 SSR 3 85.00 15.00
NSR 4 90.91 9.09 4 84.62 15.38
5 83.33 16.67 5 66.67 33.33
3 91.30 8.70
WR 4 86.21 13.79
5 80.00 20.00

4.3.4 Application of clusters for spatio-temporal trends

We discussed below the classified water quality for five of the twelve major rivers in
Alberta on the basis of clusters. The discussion on the application of clusters for the
remaining seven rivers is given in appendix-I. The monthly clusters obtained for these five
rivers during the period 2004-2008 are shown in Tables 4.5-4.7. An example for studying
the spatio-temporal trends from the clusters is presented in Figure 4.5 for all the sampling
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sites on the Bow River (see Section 3.4.2). The impacts of land cover (Figure 4.6(a)) and
snow melting (Figure 4.6(b)) on the water quality of rivers was also discussed in the same

sub-sections.

4.3.4.1 Athabasca River

The dominant cluster for all three sampling sites (AR-1, AR-2 and AR-3) of Athabasca
River was cluster 5 during the growing season and it was cluster 3 during the winter season
from 2004 to 2008 as shown in Table 4.5. In 2008, the snowmelt period ranged from 16-
May-08 to 24-Jun-08 and 16-May-08 to after 25-Jun-08. This was dominant on the
downstream and upstream sides of Athabasca River respectively as shown in Figure
4.6(b). It indicates that the melting snow is contributing more towards the deterioration in
water quality during the growing season as compared to the winter months. The potential
sources of deterioration in this river are also the surface runoff from the different land
cover types that include needle leaf forests, broad leaf forests and cereal crops/grasses as
shown in Figure 4.6(a). A study done for Athabasca River found that the contamination

was associated to land-use related run-off from the forestry and agricultural activities

(Wrona et al. 2000).

4.3.4.2 Bow River

We obtained the dominant clusters from Table 4.6 for the four sampling sites (BOR-1,
BOR-2, BOR-3 and BOR-4) of Bow River during the growing season in the period 2004-
2008: (i) BOR-1 belonged to cluster 2 during the period 2005-2006 and cluster 3 in 2004
and 2008, (ii)) BOR-2 belonged to cluster 4 in 2004 and 2007 and cluster 5 during the
periods of 2005-2006 and 2008, (iii) BOR-3 fitted in cluster 4 during 2004-2005 and 2008,
cluster 3 in 2006 and cluster 5 in 2007, (iv) BOR-4 be- longed to cluster 4 in 2004, cluster
3 in 2005 and cluster 5 in 2006-2008. From Table 4.6, it was obvious that during the
winter season, the dominant cluster was (i) cluster 1 for BOR-1 in 2004 and 2006-2008,
(i1) cluster 3 for BOR-2 in 2004-2008, (iii) cluster 2 for BOR-3 in the periods of 2006-
2007 and cluster 3 in 2008, and (iv) cluster 3 for BOR-4 in 2004-2007. In 2008, the change

in clusters from winter to growing season for all sampling sites was related to snow
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melting period. Figure 4.6(b) indicates that the snow melting period in year 2008 started
earlier (i.e., before 5-Apr-08) for BOR-2, BOR-3 and BOR-4 as compared to snow melting
period of BOR-1 (i.e., 6-Apr-08 to 15-May-08). The snow melting period could also
contribute towards the deterioration of surface quality of Bow River in 2004-2007. The
cluster results also revealed that the surface water quality of Bow River in BOR-2, BOR-3
and BOR-4 deteriorated as compared to BOR-1 during the growing season. This was
related to the agricultural activities of cereal and broad leaf crops as these three sites are
located in adjacent agricultural areas as shown in Figure 4.6(a). In comparison, BOR-1 is
located near a needle leaf forest. Agriculture consumes 90% of the total water usage in
South Saskatchewan River Basin and the Bow River is one the major rivers of this basin

(Bruneau et al. 2009).

4.3.4.3 Milk River

For the sampling site (MR-1) of Milk River, the dominant cluster was cluster 5 in growing
season as well as in winter during the period 2004-2008 as given in Table 4.7. The
dominant land cover type around Milk River is cereal crops/grasses and the snow melting
period around this river was before 5-April-08 as shown in Figures 4.6(a) and (b)
respectively. The deteriorated water quality of Milk River in growing season was because
of agricultural activities and surface runoff due to snow melting. The natural
mineralization in Milk River due to manganese and iron could be a significant factor for

unsatisfactory water quality throughout the year (Anderson 1999).

4.3.4.4 North Saskatchewan River

Table 4.7 shows that the dominant cluster for both sampling sites (NSR-1 and NSR-2) of
North Saskatchewan River was cluster 3 each year in winter during the period 2004-2008
except 2004 for NSR-2 in which it was cluster 4. During the growing season, the dominant
cluster was: (i) cluster 4 in 2004, cluster 5 in 2005 and 2007, and cluster 3 in 2006 and
2008 for NSR-1, and (ii) cluster 4 in 2004, cluster 5 in 2005-2006 and 2008 and cluster 3
in 2007 for NSR-2. A major portion of North Saskatchewan River along with their

sampling sites is dominated by cereal crops/grasses on downstream side of the river and on
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the upstream side it is covered mostly by needle leaf and broad leaf forests according to the
land cover classes shown in Figure 4.6(a). Cluster 4 and cluster 5 for NSR-1 and NSR-2 in
the growing seasons during the period 2004-2008 were due to the agricultural activities. In
2008, the snow melting period was between 6-Apr-08 to 15-May-08, which changed the
cluster from (i) cluster 3 in April to cluster 4 in May for NSR-1, and (ii) cluster 3 in April
to cluster 5 in May for NSR-2 as shown in Figure 6(b). The variation of clusters in
different months during the period 2004-2008 was related to snow melting. The potential
sources of contamination for the North Saskatchewan River could be the pollutants carried

by snowmelt from the activities related to agriculture and forestry (Mitchell 1994).

4.3.4.5 Peace River

The dominant cluster was cluster 3 for PR-1 in winter season during the period 2004-2008
as obvious from Table 4.7. From this table, we also observed that during the growing
seasons, the dominant cluster for PR-1 was: (i) cluster 5 in 2004-2005, (ii) cluster 3 in
2006, and (iii) cluster 4 in 2007-2008. Most of Peace River is in the snow melting period
of 6-Apr-08 to 15-May-08 as shown in Figure 4.6(b), due to which it was observed that
PR-1 had cluster 3 from January to March and cluster 4 in April and cluster 5 from May to
June during the year 2008. The reason for the variation in the cluster during the winter and
growing seasons for the period 2004-2007 is related to snowmelt period as it was observed
for the year 2008. The land cover map (Figure 4.6(a)) shows that the upstream of Peace
River and the area surrounded by the sampling site (PR-1) have cereal crops/grasses
whereas the downstream of Peace River is dominated by needle leaf forests. The potential

sources of contamination were runoff due to the forests and the agricultural activities

(Wrona et al. 2000).
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Table 4.5: Clusters for three sampling sites (AR-1, AR-2, AR-3) of Athabasca River
during the period 2004-2008.

2004 2005 2006 2007 2008
Month{AR-1 AR-2 AR-3|AR-1 AR-2 AR-3| AR-1 AR-2 AR-3|AR-1 AR-2 AR-3| AR-1 AR-2 AR-3
Jan 3 3 3 3 3 4 3 5 N 3 N 3 3 3 3
Feb 3 3 4 3 3 3 3 3 4 4 3 3
Mar 3 5 4 4 3 4 3 3 3 3 3 N 3 4 3
Apr 5 5 N 5 3 N 3 3 N 5 N N 3 3 4
May 4 5 4 4 5 5 4 5 4 5 5 5 5 5 N
June 5 5 5 4 5 5 4 5 5 5 5 5 5 5 N
July 5 4 5 5 4 5 5 4 5 5 4 5 5 5 4
Aug 4 5 4 4 4 3 4 5 4 5 5 5 3 5 N
Sep 5 4 5 4 3 4 3 3 3 3 3 4 3 4 5
Oct 4 3 2 3 3 4 4 4 4 4 3 4 3 3 4
Nov 4 3 N 3 N 4 3 3 3 3 N 3 3 3 N
Dec 3 3 4 3 N 3 3 5 3 3 4 3 3 N 4

Note: N: No data; B1: BOR-1; B2: BOR-2; B3: BOR-3; B4: BOR-4.
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Table 4.6: Clusters for four sampling sites of Bow River during the period 2004-2008.
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Table 4.7: Clusters for (i) one sampling site of Milk River, (ii) two sampling sites of North
Saskatchewan River, and (iii) one sampling site of Peace River during the period 2004-

2008.

Milk River North Saskatchewan River Peace River

04 05 06 07 08 04 05 06 07 08 04 05 06 07 08
Month | M1 M1 MI Ml Ml |[NI N2 NI N2 NI N2 NI N2 NI N2|Pl Pl Pl Pl PI
Jan N 4 N N 5 3 4 3 4 3 3 3 3 3 313 N 3 3 3
Feb N N N N N 3 3 3 3 3 4 3 3|3 3 3 3 3
Mar 5 4 5 5 5 3 5 3 5 3 3 3 4 3 513 5 3 3 3
Apr 5 5 5 5 N 4 4 4 5 4 4 5 3 3 3|5 5 3 3 4
May 5 5 5 N N 3 3 5 5 3 3 5 5 4 5|5 5 N 5 5
June 5 5 5 N N 4 4 5 5 3 5 5 5 5 515 5 5 4 5
July 5 5 5 N N 4 5 5 5 3 5 4 4 5 515 4 N 4 4
Aug 5 5 5 N 5 3 3 3 3 3 3 3 4 3 514 4 N N 3
Sep 5 5 5 5 5 4 5 5 5 3 5 3 3 3 3|5 4 3 4 4
Oct 4 4 N N N 3 4 3 3 3 5 3 3 3 31/5 3 4 4 3
Nov N 4 5 5 N 3 4 3 3 3 3 3 4 3 314 4 3 3 3
Dec N N N 5 N I 4 3 3 3 5 3 3 3 3 /N 3 3 3 3

Note: N: No data; M1: MR-1; N1: NSR-1; N2: NSR-2; P1: PR-1
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Figure 4.6: Overlay of the major rivers with their sampling sites on: (a) Land use/cover

classes, and (b) Snow melting periods.

74



4.4 Conclusions

In this paper, we classified and analyzed the surface water quality for 12 major rivers in
Alberta using the data of 17 parameters for 23 sampling sites during 2004-2008. For
classifying the water quality, the clusters were developed and evaluated using CWQI.
We developed the normalization models on the basis of Canadian water quality
guidelines. The normalized data was then used for PCA to obtain the PCs and identify
the dominant parameters. The dominant parameters were used to develop the total
exceedance model. The exceedance values of dominant parameters were used to
generate the clusters on the basis of identified patterns. The clusters were applied for
spatio-temporal analysis. From PCA, we found that PC-1 was indicator of watershed
geology. PC-2, PC-4, and PC-6 were indicators of natural and anthropogenic
mineralization. PC-3, PC-5 and PC-7 were indicators of activities related to land
use/cover. The clusters for all the rivers showed a very strong relationship with CWQI
classes. From the cluster analysis, mostly higher (worse condition) cluster number (i.e.
4, 5) were observed for majority of the rivers in the growing seasons as compared to the
lower cluster numbers (i.e. 1, 2, 3) in the winters. These would be related to the fact that
the snow melting would potentially deteriorate the water quality due to anthropogenic
activities from different land use/cover as interpreted in PC-3, PC-5 and PC-7. The
agricultural activities were also responsible for deteriorating the water quality of rivers
during the growing seasons. We observed the most deteriorated water quality for Battle
River and Milk River. The methodology of this study was useful in: (i) grouping a large
set of parameters into smaller set of meaningful PCs, (ii) interpreting each PC for some
natural or anthropogenic activity, (iii) identifying the dominant parameters, (iv)
classifying the large water bodies into clusters, (v) identifying the patterns of clusters,
(vi) performing the spatial analysis, (vii) obtaining the temporal trends, and (viii)
identifying the potential contamination sources. We suggest applying this method for
monitoring, classifying and analyzing the surface water quality in an economical,

efficient and user-friendly manner.
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CHAPTER 5

EXCEEDANCE MODELING FOR SURFACE WATER QUALITY PARAMETERS
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Abstract

The drinking water treatment technology can be expensive and ineffective if
implemented without identifying the patterns of parameter exceedances. The objectives
of this study were to develop the exceedance model for: (i) identifying the parameters,
which exceeded the Canadian drinking water quality guidelines, and (ii) obtaining the
exceedance patterns of parameters for clusters of 12 major rivers of Alberta during the
five year period (2004-2008). The clusters were obtained using the total exceedance
model developed and presented in Chapter 4. The monthly water quality data for
seventeen parameters was normalized using the normalization models. In this study, a
mean exceedance model was developed for obtaining the exceedance of parameters for
the clusters of rivers. The mean exceedance for the parameters increased as the cluster
number increased from low to high for all the rivers. Overall, the mean exceedance was
higher for FC, TUR, TP, TN, TC, DO, Fe and Mn. The exceedance in FC, TUR, TP,
TN, TC, and DO was related to anthropogenic activities of land cover/uses. The
exceedance in Fe and Mn was due to natural mineralization. The mean exceedance
model was found useful for obtaining the specific parameters with their exceedance
levels. The parameter exceedance patterns could be utilized for the development of

economical, efficient and targeted treatment technology for the source waters.

Keywords: Alberta Rivers; Canadian water quality guidelines; Drinking water
treatment; Parameter exceedance
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5.1 Introduction

In Alberta, the main source of drinking water is surface water (The Water Chronicles
2008). There is an ever-increasing pressure on surface water resources due to rapidly
increasing population and urbanization. It is well understood that the water quality
varies significantly at different sources, which requires different level of treatment. It is
quite possible that in some places advanced level of treatment might not be necessary as
the water quality is intrinsically good. This will lead to more effective savings and
proper utilization of the resources.

In Canada, the selection and use of water treatment technologies is mainly driven by
the Canadian drinking water guidelines and regulatory requirements. While the large
municipalities those that have significant financial resources can opt for state-of-the-art
technologies, which might be very expensive, most small water systems cannot afford
that because of financial and other resource constraints. These small and financially
constrained water systems need technologies that are effective and yet economical.
Thus, the treatment technology should be targeted to pollutants of concerns, which will
depend on the source water quality.

Different treatment technologies target different pollutants. For example in-line
filtration is useful for water having low turbidity, direct filtration is beneficial for low to
moderate turbidity and conventional treatment is good for high turbidity (Crittenden et
al. 2005). Different membrane filtration technologies can be used for treating different
pollutants e.g. (i) nanofiltration can be used for removal of calcium and magnesium
ions, (ii) ultrafiltration can be used for removal of calcium and magnesium ions, and
(ii1) microfiltration can be used for removing pathogens (Jacangelo 1991; Taylor 1990).
Different types of disinfectants (e.g., chlorine, chloramine, UV light, ozone, and
chlorine dioxide) are used for controlling bacteria, virus and other organisms
(LeChevallier et al. 1990; Wilczak et al. 1996).

It is important to target the pollutants that are endemic to a particular area and
accordingly devise a suitable treatment technology. The objectives of this chapter are to:
(1) develop the mean exceedance model, (ii) identify the parameters which exceed the

Canadian drinking water quality guidelines, (iii) obtain the exceedance patterns of
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parameters in clusters of 12 major rivers of Alberta during the period of five years (i.e.,
2004-2008), and (iv) conduct a review of treatment technologies for the exceeded

parameters.

5.2 Materials and methods

5.2.1 Study area and data requirements

The study area has 12 major rivers of Alberta (See Figure 4.1 in chapter 4). Alberta is a
western province of Canada where the average annual temperature in winter ranges
from —25.1°C to —9.6C and in summer it varies from 8.7°C to 18.5°C (Downing and
Pettapiece 2006). The major land use/cover types are needle leaf forests (57.57%),
grasses/cereal crops (30.11%) and broad leaf forests (5.25%) (NASA 2004). There are
23 sampling sites of the rivers. For each sampling site, we obtained the monthly values
of the 17 water quality parameters for the period 2004-2008 from Alberta Environment.
These parameters included: chloride (Cl), dissolved organic carbon (DOC), dissolved
oxygen (DO), fecal coliforms (FC), fluoride (F), iron (Fe), manganese (Mn), pH,
sodium (Na), sulfate (SOs), total dissolved solids (TDS), total hardness (TH), total
nitrogen (TN), total phosphorus (TP), true color (TC), turbidity (TUR) and water
temperature (WT). The guideline values for each of these parameters are given in Table
4.1 (Health Canada 2010; Ministry of the Environment 2006; Alberta Environment and

Sustainable Resource Development 2011).
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5.2.2 Methods

We used the data of monthly clusters developed in chapter 4 for all the twelve rivers of
Alberta during 2004-2008. For each monthly cluster of a river, we obtained the mean
exceedance for seventeen parameters during the period 2004-2008. For this purpose the
measured water quality data was normalized for: (i) WT, TUR, TC, DOC, TP, TN,
TDS, TH, Cl, SO4, pH > 8.5, Na, F, Mn and Fe using Eq. (5.1), and (ii) DO and pH <
6.5 using Eq. (5.2). Both of these equations were developed in chapter 4:

(Parameter)measured 0.25
(Parameter)normalization= 5.1
(Parameter)guideline

(Parameter)guideline 0.25
(Parameter)normalization= (5.2)
(Parameter)measured

We developed the mean exceedance model given in Eq. (5.3) to determine the
magnitude of exceedance for the parameters of the clusters in all the rivers of study

arca.

(Mean Exceedance)parameter = Mean[(parameter)normaiizea-1]  (5.3)

5.3 Results and discussion

In this section, we discussed about the: (i) mean exceedance of parameters and (ii)

treatment technologies for the exceeded parameters on the basis of literature review.

5.3.1 Mean exceedance of parameters for rivers
We discussed below the mean exceedance of the parameters for the respective clusters
of the twelve major rivers in Alberta (See sub-section 5.3.1 to 5.3.12). On the basis of

mean exceedance, we identified the parameters exceeded for the clusters.

80



5.3.1.1 Athabasca River

For Athabasca River, the mean exceedance for the parameters is given in Fig. 5.1. The
mean exceedance for FC was above: (i) 1 for cluster 3 and cluster 4, (ii) 2 for cluster 5.
The mean exceedance for TUR was above: (i) 0.40 for cluster 3, (ii) 1 for cluster 4, (iii)
2 for cluster 5. For cluster 5, the mean exceedance for (i) TP was above 0.30, (ii) TC
and DOC was above 0.20, (iii) Fe was above 0.10. For cluster 4, the mean exceedance
for: (i) Fe was above 0.20, (i) TP, TC and DOC was above 0.10. For cluster 3, the
mean exceedance for: TP, TC, and DOC was above 0.10. Overall the parameters with
the higher mean exceedance values were FC and TUR. The lowest to highest

exceedance were observed from cluster 3 towards cluster 5.

5.3.3.2 Battle River

The mean exceedance for the parameters of Battle River is given in Fig. 5.2. The mean
exceedance for FC was above: (i) 1 for cluster 3, (ii) 2 for cluster 4 and cluster 5. The
mean exceedance for TUR was above: (i) 0.50 for cluster 3, (ii) 0.80 for cluster 4 and
(ii1) 1 for cluster 5. The mean exceedance for Mn was above: (i) 0.10 for cluster 3, (ii)
0.40 for cluster 4, (iii) 1 for cluster 5. The mean exceedance for DO was above: (i) 0.20
for cluster 4, and (ii) 0.60 for cluster 5. The mean exceedance for TP was above: (i) 0.20
for cluster 3, (ii) 0.30 for cluster 4, and (iii) 0.50 for cluster 5. The mean exceedance for
DOC was above: (i) 0.20 for cluster 3, (ii) 0.30 for cluster 4, and (iii) 0.40 for cluster 5.
The mean exceedance for TC was above: (i) 0.20 for cluster 3, (ii) 0.10 for cluster 4,
and (ii1) 0.20 for cluster 5. The mean exceedance for TN was above: (i) 0.20 for cluster
4 and cluster 5. We also observed mean exceedance over 0.10 for TDS and Fe in cluster
5. The parameters, which showed higher mean exceedance as compared to others
parameters, were FC, TUR, Mn, DO, and TP. The range of mean exceedance for these
parameters was from: (i) 0.28 to 1.77 in cluster 3, (ii) 0.38 to 2 in cluster 4, and (iii)

0.58 t0 2.97 in cluster 5.
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Figure 5.1: Mean exceedance of parameters in the clusters of Athabasca River.
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Figure 5.2: Mean exceedance of parameters in the clusters of Battle River.

82



5.3.3.3 Bow River

For Bow River, the mean exceedance for the parameters is given is Fig. 5.3. The lowest
to highest exceedance for the parameters were observed from cluster 1 towards cluster
5. The mean exceedance for FC was above: (i) 1 for cluster 1, cluster 2 and cluster 3,
(i1) 2 for cluster 4, and (iii) 3 for cluster 5. The mean exceedance for TUR was above:
(1) 0.2 for cluster 2, (ii) 0.4 for cluster 3, (iii) 0.5 for cluster 4, and (vi) 1 for cluster 5.
The mean exceedance for TP was above: (i) 0.1 for cluster 3 and cluster 4, and (ii) 0.3
for cluster 5. Fe also showed exceedance of about 0.30 in cluster 4. FC and TN showed
exceedance in all five clusters. FC, TUR and TP showed higher exceedance in cluster 3,

cluster 4 and cluster 5.

5.3.3.4 Elbow River

For Elbow River, the lowest to highest exceedance for the parameters were observed
from cluster 2 towards cluster 5 (See Fig. 5.4). The mean exceedance for FC was above:
(1) 1 for cluster 2, (ii) 2 for cluster 3 and cluster 4, and (iii) 4 for cluster 5. The mean
exceedance for TUR was above: (1) 0.05 for cluster 2, (ii) 0.10 for cluster 3, (iii) 0.3 for
cluster 4, and (iv) 0.5 for cluster 5. TP, TC and TN showed exceedance above 0.10 for
cluster 5. The most prominent parameters in terms of exceedance were FC and TUR.
Cluster 5 showed exceedance in six parameters (i.e., FC, TUR, TP, TC, TN and DOC).
Cluster 4 had exceedance in three parameters (i.e., FC, TUR and TN). Cluster 2 and

cluster 3 showed exceedance only in FC and TUR.
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Figure 5.3: Mean exceedance of parameters in the clusters of Bow River.
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Figure 5.4: Mean exceedance of parameters in the clusters of Elbow River.
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5.3.3.5 Milk River

The mean exceedance of parameters for the clusters of Milk River is given in Fig. 5.5.
The exceedance values for the exceeded parameters are higher for cluster 5 as compared
to cluster 4. The mean exceedance for: (i) FC and Fe was above 2, (ii)) Mn and TUR was
above 1.TP, DOC, TC, TN, and TDS had mean exceedance above 0.10 in cluster 5. The
parameters in the order from the highest to lowest mean exceedance were Mn, FC, Fe,
TUR, TDS and DO respectively in cluster 4. The mean exceedance for Mn, FC and Fe
were above 1. The parameters of Cluster 5 for Milk River from the highest to lowest

values were: FC, Fe, Mn, TUR, TP, DOC, TC, TN, TDS, pH and DO.

5.3.3.6 North Saskatchewan River

The mean exceedance of parameters for the clusters of North Saskatchewan River is
given in Fig. 5.6. The lowest to highest exceedance for the parameters were observed
from cluster 3 towards cluster 5.The mean exceedance for FC was above: (i) 1 for
cluster 1, (ii) 2 for cluster 4, and (iii) 3 for cluster 5. The mean exceedance for TUR was
above: (i) 2 for cluster 5, (ii) 0.5 for cluster 4, and (iii) 0.3 for cluster 3. The mean
exceedance was above 0.1 for TP, TC, DOC and TN fin cluster 5. TP and TC had the
exceedance above 0.1. TP in cluster 1 showed exceedance above 0.50 and TN had
exceedance above 0.1. The mean exceedance was higher for FC, TUR, TP and TC as

compared to other parameters for North Saskatchewan River.
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5.3.3.7 Oldman River

The mean exceedance of parameters for the clusters of North Saskatchewan River is
given in Fig. 5.7. The lowest to highest exceedance for the parameters were observed
from cluster 1 towards cluster 5.The mean exceedance for FC was above: (i) 1 for
cluster 1, cluster 2 and cluster 3, (ii) 2 for cluster 4, and (iii) 4 for cluster 5. The mean
exceedance for TUR was above: (i) 0.30 for cluster 2, (ii) 0.50 for cluster 3, (iii) 0.70
for cluster 4, and (iv) 2 for cluster 5. The mean exceedance was above (i) 0.40 for TP,
and (i1)) 0.10 for TN. The exceedance was above 0.10 for FE in cluster 4. The
parameters with higher exceedance in: (i) cluster 5 was FC, TUR, TP, and TN, (ii)
cluster 4 was FC, TUR and Fe, (iii) cluster 2 and cluster 3 were FC and TUR, and (iv)

cluster 1 was FC.

5.3.3.8 Peace River

The mean exceedance of parameters for the clusters of Peace River is given in Fig. 5.8.
The mean exceedance from the lowest to highest range was observed from cluster 3
towards cluster 5. The mean exceedance for TUR was above: (i) 0.50 for cluster 3, (ii) 1
for cluster 4, and (iii) 3 for cluster 5. The mean exceedance for FC was above: (i) 1 for
cluster 3, cluster 4 and (ii) 2 for cluster 5. For cluster 5, the exceedance for (i) TP was
above 0.50, (i1) TC was above 0.20, (iii)) DOC was above 0.10. The mean exceedance
for TP was above 0.40 for cluster 4 and it was above 0.10 for TN. The parameters with

the higher mean exceedance were TUR, FC, and TP in all three clusters.
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Figure 5.8: Mean exceedance of parameters in the clusters of Peace River.

88



5.3.3.9 Red Deer River

The mean exceedance of parameters for the clusters of Red Deer River is given in Fig.
5.9. The mean exceedance from the lowest to highest range was observed from cluster 1
towards cluster 5. The mean exceedance for FC was above: (i) 1 for cluster 1, cluster 2
and cluster 3, and (ii) 4 for cluster 4. The mean exceedance for TUR was above: (i) 0.20
for cluster 2, cluster 3, (ii) 0.50 for cluster 4, (iii) 1 for cluster 5. For cluster 5: (i) TP
was above 0.30, (ii) TC was above 0.20, (iii) DOC and TN was above 0.10. TP was
above 0.10 for cluster 4. The parameters with the highest mean exceedance were: (i)
FC, TUR, and TP in cluster 4 and cluster 5, (ii)) FC, TUR, and TC in cluster 2 and

cluster 3. FC was the only exceeded parameter in cluster 1.

5.3.3.10 Smoky River

The mean exceedance of parameters for the clusters of Smoky River shown in Fig. 5.10.
The mean exceedance from the lowest to highest range was observed from cluster 3
towards cluster 5. The mean exceedance for TUR was above: (i) 0.50 for cluster 3, (ii) 1
for cluster 4, (iii) 2 for cluster 5. The mean exceedance for FC was above: (i) 1 for
cluster 3, (ii) 2 for cluster 4 and cluster 5. For cluster 5, the exceedance was above: (i)
0.40 for TP, (ii) 0.20 for TC, (ii1) 0.10 for DOC. TC and DOC had exceedance above
0.10 in cluster 4. TP was above 0.40 in cluster 3 and TC was above 0.10 for cluster 3.
The parameters with the highest mean exceedance were: (i) FC, TUR, and TP in cluster
3 and cluster 5, (ii) FC, TUR, and TC in cluster 2 and cluster 3. FC was the only
parameter in cluster 1. The parameters with the highest mean exceedance were: (i) FC,

TUR, and TP in cluster 3 and cluster 5, (ii) FC and TUR in cluster 2 and cluster 3.
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Figure 5.9: Mean exceedance of parameters in the clusters of Red Deer River.
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Figure 5.10: Mean exceedance of parameters in the clusters of Smoky River.
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5.3.3.11 South Saskatchewan River

The mean exceedance of parameters for the clusters of South Saskatchewan River is
shown in Fig. 5.11. The mean exceedance from the lowest to highest range was
observed from cluster 2 towards cluster 5. The mean exceedance for FC was above: (i) 1
for cluster 2, cluster 3, and cluster 4, (ii) 3 for cluster 5. The mean exceedance for TUR
was above: (1) 0.30 for cluster 2, (ii) 0.70 for cluster 3, (ii1) 1 for cluster 4 and cluster 5.
The exceedance was above 0.30 for TP and it was more than 0.10 for DO and TN. For
cluster 4, the mean exceedance for Fe was above 0.20 and it was above 0.10 for TN and
TP. TN was also found above 0.10 for both cluster 2 and cluster 3. The parameters with
the highest mean exceedance were: (i) FC, TUR, and TN in cluster 2 and cluster 3, (i)
FC, TUR and Fe in cluster 4, and (iii) FC, TUR and TP in cluster 5.

5.3.3.12 Wapiti River

The mean exceedance of parameters for the clusters of Smoky River is given in Fig.
5.12. The mean exceedance from the lowest to highest range was observed from cluster
1 towards cluster 5. The mean exceedance for FC was above: (i) 1 for cluster 3, (ii) 2 for
cluster 4 and cluster 5. The mean exceedance for TUR was above: (i) 0.10 for cluster 1,
(i1) 0.30 for cluster 3, (iii) 1 for cluster 4, and (iv) 2 for cluster 5. For cluster 5, the mean
exceedance for: (i) TP was above 0.30, (ii)) Mn was above 0.20, (iii) TC, TN, Fe and
DOC was above 0.10. The mean exceedance for TP, TC and DOC was above 0.10 in
cluster 4. The exceedance for TC and DOC was above 0.10 for cluster 3. The
parameters with the highest mean exceedance were: (i) TUR in cluster 1, (ii) FC and
TUR in cluster 2, (iii) FC, TUR and TC in cluster 4, and (iv) FC, TUR, and TC in

cluster 5.
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5.4 Treatment technologies

We found that the parameters, which were exceeded for all the rivers, were TUR, FC,
TC, Fe, Mn, TN, TP, TDS and DOC. On the basis of literature review, we have
discussed the treatment technologies for these nine parameters in the subsequent sub

sections:

5.4.1 Treatment technologies for turbidity

Turbidity is treated using the filtration technologies, which are: (i) chemically assisted
filtration, (ii) slow sand filtration, (iii) diatomaceous earth filtration, and (iv) membrane
filtration. Chemically assisted filtration includes chemical mixing, coagulation,
flocculation, sedimentation and rapid gravity filtration. The coagulants are used for
coagulation. Aluminum and ferric salts are the examples of coagulants. In coagulation,
the particles are filtered out when water is passed through filters. With all these
processes of filtration, turbidity level of 0.2-0.3 NTU can be achieved. The
Pennsylvania Department of Environmental Protection evaluated 150 surface water
treatment plants, which used filtration from 1988 to 1990 and found that turbidity level
of 0.2 was successfully achieved by most of the plants (Consonery et al. 1991). Another
study was conducted to test the treatment of low-turbidity surface water in Boston, it
was found that the turbidity target of 0.1 NTU was obtained in more than 90% of the
tests (Johnson et al. 1995). The turbidity of treated water was less than 1 NTU using
slow sand filters (Fox et al. 1984). In another study, it was found that 50% of the 27
slow sand filter plants showed turbidity of 0.4 NTU or low and 15 % showed water with
turbidity of 1 NTU or higher (Slezak and Sims 1984). Diatomaceous earth filtration was
useful for treating waters with low turbidity. A study reported that the turbidity
reduction was 56-78% using diatomaceous earth for the raw water having turbidity in
the range from 0.95 to 2.5 NTU (Logsdon et al. 1981). For the same technology another
study reported turbidity reduction to 75% with turbidity of 0.5 NTU (Pyper et al. 1985).
Four membrane treatment processes can be applied depending upon the source water
quality, treatment requirement and membrane pore size (Jacangelo 1991). Reverse
osmosis can be used for salt removal, nanofiltration can be used for removal of cations
(calcium and magnesium ions), ultrafiltration can be used for removal of dissolved
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organics and particulates, microfiltration can be used for removing particulates

including pathogens (Jacangelo 1991; Taylor 1990).

5.4.2 Treatment technologies for fecal coliform

The disinfectants play important role for controlling bacteria, virus and other organisms.
The most commonly used disinfectants are chlorine, chloramine, UV light, ozone, and
chlorine dioxide. Chlorine the most widely used disinfectant kills bacteria and virus but
ineffective for protozoans and organisms of biofilms. Whereas chloramine stays longer
in the distribution system and hence more effective against coliforms (LeChevallier et
al. 1990). UV light was found very affective disinfectant against different pathogens
including protozoa (Wilczak et al. 1996). Ozone is more effective against all types of
bacteria and viruses as compared to chlorine based disinfectant. A study reported that
total coliforms were removed during the processes of pre-disinfection, clarification, and
coagulation and the remaining coliforms were eliminated in filtration. The post-
disinfection using chlorine or ozone had removed them completely (Payment et al.
1985). Different types of filtration systems are effective for removal of fecal coliforms.
The examples of filtration technologies are conventional, direct, diatomaceous earth and
slow sand. Direct filtration and diatomaceous earth filtration are good for high quality
source waters. Slow sand filtration were found effective for removal of coliform
bacteria and it was observed that total and faecal coliform removal was approximately
99% by using a biologically mature filter (Bellamy et al. 1985). The nanofiltration and
reverse osmosis were useful in removal of bacteria and viruses (Taylor et al. 1990).
Ultrafiltration (pore size 0.01 um) and microfiltration (pore size 0.1 um) are effective

for partial removal of bacteria and viruses (Jacangelo et al. 1991).

5.4.3 Treatment technologies for true color

There can be different reasons for the color in the water. It can be due to: (i) coloured
organic substances due to natural vegetation and soil runoff (Research Committee on
Color Problems 1967), (ii) presence of iron or manganese which can be due to

weathering, corrosion of distribution system, industrial wastes (American Water Works
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Association 1971). In Canada, 90% of drinking water is obtained from surface water
(Department of Fisheries and the Environment 1977). The color in the surface water is
related to natural organic substances (Black and Christman 1963). Depending upon the
source of color, water needs to be treated for that specific associated problem. For
example dissolved air flotation is useful for treating water having high color due to
particulate matter (U.S. NRC 1987). Direct filtration is applicable for water with
maximum 40 color units (U.S. NRC 1987). High quality water with high color or where
pre-treatment is done, slow sand filtration is beneficial (Adham et al. 1996). For
example, the most suitable technology for the removal of organic contaminant carbon is
Granular Activated Carbon (GAC). Different types of GAC are available for removing
organics. The most commonly used carbon for the treatment of surface water in USA is
coal-based carbon because of its hardness and adsorption capacity. For removal of color
due to iron and manganese disinfectants like chlorine, chlorine dioxide, potassium

permanganate and ozone can be used.

5.4.4 Treatment technologies for iron and manganese

There are different treatment methods that can be used for removal of iron and
manganese from drinking water. These include: (i) oxidations using oxygen, chlorine,
chlorine dioxide, potassium permanganate and ozone, (ii) ion exchange, (iii) lime
softening, and (iv) sequestering chemicals (Crittenden et al. 2005). The process of
oxidation with air is called aeration. In this process, DO is provided to water for
converting Fe and Mn into Fe(OH); and MnO,. The oxidation of iron and manganese
using chlorine or chlorine with potassium permanganate is the common method. After
this oxidation, the water is processed for coagulation, clarification and filtration. The
oxidation of Fe*" and Mn®" is faster with chlorine dioxide as it is a strong oxidant as
compared to chlorine. The oxidation time is very fast (i.e., less than 20 seconds) if
potassium permanganate (KMnQ,) is used. The cost of KMnQy is higher as compared to
chlorine. If source water consists of both iron and manganese then iron is oxidized first
using chlorine and then KMnOQOy is used to oxidize manganese. The oxidation process

may not be effective for removal of Fe*" in case of higher natural organic matter. In
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such situation the process, which are used for removal of NOM, can be effective for the
removal of Fe. Ozone is effective method but costly as compared to other oxidation
methods. This method is common in Europe for removal of Fe and Mn. Nanofiltration

membranes are effective for removal of Fe and Mn (Kartinen and Martin 1995).

5.4.5 Treatment technologies for nitrate and nitrite

The nitrates and nitrites can be removed from drinking source waters using treatment
technologies of (i) chemical denitrification, (ii) biological denitrification, (iii) reverse
osmosis, (iv) electrodialysis, and (v) ion exchange (Crittenden et al. 2005; WHO 1992;
Department of National Health and Welfare 1993). In chemical denitrification, nitrate is
reduced to nitrogen gas using iron and aluminum. This process is very costly (Murphy
1991). In biological denitrification, nitrate is converted into nitrogen gas in anoxic
conditions. Reverse osmosis can be used to reduce nitrate levels in the source water.
Reverse osmosis is expensive to treat only nitrates and it can only be cost effective for
nitrate removal if there it is used for other issues like TDS concentrations (Crittenden et
al. 2005). In electrodialysis, electric current is passed through semi-permeable
membranes to remove nitrates (Crittenden et al. 2005). Ion exchange is an efficient way

for the removal of nitrate. It is more cost effective as compared to reverse osmosis.

5.4.6 Treatment technologies for phosphate

The adsorption technique can be used for removal of phosphate from drinking water. A
study demonstrated that the removal efficiency for total phosphorus using the
conventional treatment process was between 66% to 69% (Jiang et al. 2012). The
efficiency of TP removal improved with the processes of coagulation-sedimentation and
filtration. The removal of TP can be further improved by enhanced coagulation (Jiang et
al. 2012). The processes of electrodialysis and reverse osmosis could also be used for
removal of phosphate but these technologies are expensive and the removal efficiency
was up to 10% (Yeoman et al. 1988). Another study mentioned the use of
electrocoagulation process for the removal of phosphate from drinking water and the

removal efficiency was 98% (Vasudevan et al. 2008).
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5.4.7 Treatment technologies for total dissolved solids

TDS cannot be removed using the conventional water treatment processes. The addition
of chemicals during conventional water treatment could increase the TDS (Department
of National Health and Welfare 1993). Demineralization is required for TDS removal
but it can be very expensive (Canadian Council of Resource and Environment Ministers
1987). The most economical technologies for removing TDS are reverse osmosis and

electrodialysis (Clark 1977).

5.4.8 Treatment technologies for dissolved organic carbon

The natural organic matter (NOM) is measured as total organic carbon or dissolved
organic carbon. It can be removed by enhanced coagulation, adsorption, ion exchange
and reverse osmosis. Enhanced coagulation is performed at higher coagulation doses
and low pH values. It is an economical treatment technology (Crozes et al. 1995). GAC
adsorption and post filtration are useful in removing NOM. The limitation of ion
exchange method is production of high TDS. RO is expensive and other limitation is

concentrate disposal issue.

5.5 Conclusions

In this study, we developed a mean exceedance model to obtain the exceedance patterns
of parameters in the clusters for 12 major rivers in Alberta using the data of 17
parameters for 23 sampling sites during the period 2004-2008. The parameters with
higher mean exceedance were: (i) FC and TUR for Athabasca River, (ii) FC, TUR, Mn,
DO and TP for Battle River, (iii) FC, TUR and TP for Bow River, (iv) FC and TUR for
Elbow River, (v) FC, Fe, Mn and TUR for Milk River, (vi) FC, TUR, TP and TC for
North Saskatchewan River, (vii) FC, TUR, TP, TN, and Fe for Oldman River, (viii)
TUR, FC, and TP for Peace River, (ix) FC, TUR, TP and TC for Red Deer River, (x)
FC, TUR, and TP for Smoky River, (xi) FC, TUR, TN and TP for South Saskatchewan
River, and (xii) FC, TUR and TC for Wapiti River. The mean exceedance was highest
for FC and TUR in all the rivers and these were also dominant parameters (Akbar et al.

2013). The exceedance in FC, TUR, TP, TN, TC, and DO was related to anthropogenic
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activities of land cover/uses. The exceedance in Fe and Mn was due to natural
mineralization (Akbar et al. 2013; Anderson 1999; Bruneau et al. 2009; Sosiak and
Dixon 2006). The higher trend of mean exceedance for TUR was related to snow
melting (Akbar et al. 2013). The exceedance modeling was useful in: (i) identifying the
parameters exceeded above the water quality guidelines in each cluster, (ii) obtaining
the patterns of exceedance for the exceeded parameters, (iii) obtaining the exceedance
level for each parameter of a cluster, (iv) targeting the parameters for specific treatment
on the basis of exceedance level, (v) identifying the source of water pollution, and (vi)

deciding the targeted treatment technology.
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CHAPTER 6

DEVELOPMENT OF REMOTE SENSING BASED MODELS FOR SURFACE

WATER QUALITY

Akbar T. A., Hassan Q. K., Achari G., Development of Remote Sensing Based Models
for Surface @ Water  Quality, CLEAN-Soil,  Air, Water 2013. DOL:
10.1002/clen.201300001 (In Press).
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Abstract

The objectives of this paper were to develop, evaluate and apply the remote sensing
based models for Canadian Water Quality Index (CWQI) and turbidity for the Bow
River of Alberta. We used 31 scenes of Landsat-5 TM satellite data to establish the
relationship between the planetary reflectance and the monthly ground measured data
for the period of five years (i.e., 2006-2010). The four spectral bands (i.e., blue, green,
red and near infrared) were used to obtain the most suitable models from 26 different
band combinations. The co-efficients of determination (r*) on the basis of red band
were 0.91 for the CWQI model and 0.82 for the turbidity model. The best-fit
models were validated with ground measured data and found that: 72% of the data
showed 100% matching for the CWQI model and 83% of the data for the turbidity
model. The Landsat-5 TM based CWQI and turbidity models were applied on all the
scenes to obtain five CWQI classes (i.e., excellent, good, fair, marginal and poor), and
six classes of turbidity (NTU) (i.e., 0 to 10, 10 to 20, 20 to 30, 30 to 40, 40 to 50, and
>50). On the basis of percentages obtained for CWQI and turbidity classes, the ranks of
years in terms of water quality from best to worst were: 2009, 2006, 2008, 2010, and
2007, respectively. The variation of river water quality in different years of interest was
associated with the climatic changes. The most deteriorated water quality noted in two
natural subregions included Mixed grass and Dry mixed grass which could be related to

irrigation-based farming.

Keywords: Bow River; Canadian Water Quality Index; Landsat-5 TM; Remote sensing
modeling; Turbidity
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6.1 Introduction

Water extends approximately 71% of earth’s surface and it is also imperative for the
existence and sustainability of living organism on the earth surface (UNDESA 2005).
The freshwater is just 2.5% of the earth’s water. About 0.3% of freshwater is found in
rivers, lakes and atmosphere (Gleick 1993). In general, the understanding of the water
quality plays a critical role prior to utilize for various purposes including drinking
(Environment Canada 2012). In this paper, we opted to understand the surface water
quality for the Bow River, which is a major river in the Canadian province of Alberta
having a total length of 587 km, and a main source of drinking water for many
communities of the province (Telang 1990).

The surface water quality of the Bow River is measured every month at three
fixed sampling sites (i.e., Carseland, Cluny and Ronalane) for different water quality
variables using the traditional methods. In general, these methods provide accurate
measurements, however, these may not be feasible means to sample the entire river due
to the huge involvement of labour and cost. Currently, the measured data of water
quality variables at the sampling sites of the Bow River are grouped into five classes
(i.e., excellent, good, fair, marginal and poor) using the framework of Canadian Water
Quality Index (CWQI: see details in in section 2.5) (CCME 2001). These classes are
obtained on the basis of fixed-point locations, which does not represent the spatial
dynamics of the entire river.

In another study, we classified the surface water quality of major rivers of Alberta
on the basis of clusters. We observed higher (deteriorated water quality) clusters (i.e., 4
and 5) for the rivers during the growing season (April 1 — September 30) as compared to
lower clusters (i.e. 1, 2, and 3) in winter months (Oct 1 — March 31). During the
growing season, the snowmelt wash various materials from the land surface into the
rivers due to anthropogenic activities related to different types of land use/cover.
Turbidity was found to be a dominant parameter associated with the deterioration in
water quality during the growing season (Akbar et al. 2013). On this basis, we
considered turbidity separately besides CWQI in this study. For the Bow River, the
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turbidity is measured at fixed sampling location, which does not represent the mean
turbidity for the whole water body (Moreno-Madrinan et al. 2010).

In order to address the spatial variability in water quality real time data, remote
sensing-based methods were found to be alternative and efficient ones (Sladecek 2006;
Olmanson et al. 2013; Stisen et al. 2008). The remote sensing methods are suitable to
analyze: (i) spatial variability over a large geographic area, (ii) temporal trends over
certain periods of interests, and (iii) the conditions of the water bodies in remote areas.
In remote sensing, optical remote sensors are used for monitoring the water quality-
related variables. The most commonly used sensors include the use of Landsat-7 ETM
(Alparslan et al. 2007; Bustamante et al. 2009), Landsat-5 TM (Nas et al. 2010;
Hellweger et al. 2004), MODIS (Wu et al. 2009), NOAA AVHRR (Bolgrien et al.
1995), and SPOT HVR (Dekker et al. 2002) among others. In most of the instances, the
spectral bands used in these studies included blue, green, red and near infrared
(Alparslan et al. 2007; Bustamante et al. 2009; Nas et al. 2010; Hellweger et al. 2004;
Wu et al. 2009; Bolgrien et al. 1995; Dekker et al. 2002). The observed planetary
reflectance from these bands was used to study water quality variables including
suspended sediment, turbidity, Secchi disk depth, and chlorophyll-a (Bustamante et al.
2009; Nas et al. 2010; Oyama et al. 2009; Wang et al. 2006).

In another study we classified and analyzed the surface water quality for 12 major
rivers of Alberta. We developed a surface water quality classification system using
principal component analysis (PCA), total exceedance model and clustering technique.
From PCA, we identified seven major principal components (PCs), which were the
indicators of watershed geology, mineralization and anthropogenic activities related to
land use/cover. The PCs were used to identify the dominant parameters. The
normalized data of dominant parameters were used to develop a total exceedance
model. The exceedance values were used to determine the patterns for the development
of five clusters. The water quality deteriorates as the cluster number increased from
cluster 1 to cluster 5. The clusters showed reasonably strong agreements (i.e., 80-90%)
against the classes of CWQI. The dominant clusters during the growing and winter
seasons were used for the spatial and temporal patterns of the surface water quality of

rivers (Akbar et al. 2013).
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In the present study, we have tested remote sensing-based methods for acquiring
CWQI and turbidity classes for assessing both spatial and temporal dynamics of the
Bow River. The specific objectives of this paper are to: (i) develop and evaluate remote
sensing based models to acquire CWQI classes using the planetary reflectance of
Landsat-5 TM and ground measured data, (ii) develop and evaluate remote sensing
based models to retrieve turbidity using the planetary reflectance of Landsat-5 TM and
in-situ data, (iii) apply the selected models to classify the source waters of the Bow
River into CWQI and turbidity classes for spatial and temporal analysis, and (iv) study

the impact of natural subregions on Bow River water quality.

6.2 Materials and methods
6.2.1 Study area

The Bow River originates from Bow Glacier located on the north of Lake Louise in
Alberta. It flows in southeastern direction and merges with Oldman River to make
South Saskatchewan River. The Bow River is surrounded by three natural regions
including Grassland, Parkland, and Rocky Mountain. These regions are classified into
six natural subregions (i.e., Dry mixed grass, Mixed grass, Foothills fescue, Foothills
parkland, Montane, and Sub-Alpine) as shown in Fig. 6.1. For these subregions the
range for: (i) the estimated length of the Bow River flowing through each natural
subregion is from 39 km to 171 km, (ii) the mean annual temperature is from -0.1°C to
4.4 °C, and (iii) the mean annual precipitation is from 333 mm to 755 mm as given in
Table 6.1. The main vegetation type for each of the subregions is also mentioned in
Table 6.1.The drainage area for the Bow River is 25000 km* (Telang 1990). The major
municipality along the river is the City of Calgary (i.e., having a population of
1,096,833 according to 2011 census), which receives drinking water from this river
(Statistics Canada 2012). The mean annual flow of the river near Calgary is 91.1 m’/s
(Seneka 2004). The water flow is controlled by two dams (Bearspaw Dam and Ghost
Dam) constructed on the Bow River for the supply of electricity to the City of Calgary
(Jeffries et al. 2008). The surface water of Bow River allocated for various purposes

include: (i) 71% for irrigation, (ii) 18% for municipal, (iii) 4% for water management,
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(iv) 2% for management of wildlife, (v) 2% for dewatering, and (vi) 2% for commercial

(Bennett and Murray 2010).
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Figure 6.1: Natural subregions for the Bow River of Alberta.

Table 6.1: Characteristics of natural subregions for Bow River.

Mean annual | Mean annual
Natural . e
: Bow River | temperature | precipitation
SIS length (km) (°O) (mm) Main vegetation
Dry mixed
grass 171 4.2 333 Grasslands and shrublands
Agriculture and native
Mixed grass 107 4.4 394 grassland
Foothills Mountain perennial and
fescue 87 3.9 470 wheat grasses
Foothills Aspen forests and
parkland 63 3.0 517 grasslands
Aspen, pine, fir and spruce
Montane 120 23 589 forests and grasslands
Sub-Alpine 39 -0.1 755 Mixed conifer forests
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6.2.2 Satellite and water quality data

We used 31 scenes of Landsat-5 TM multispectral image data for the different dates
during the period 2006-2010 as listed in Table 6.2. The size of each scene was 185 km
x 172 km. The spectral bands which were used in this study were (i) blue, (ii) green,
(ii1) red, and (iv) near infrared. The spatial resolution for each of these spectral bands
was 30 m. The raw satellite data was downloaded from the United States Geological
Survey Global Visualization Viewer (USGS GloVis) in GeoTIFF format with the Level
IT correction (USGS 2012). The Level 1T is the standard terrain correction in which
systematic radiometric and geometric accuracy is provided using the ground control
points and the topographic accuracy is obtained by using the Digital Elevation Model
(DEM) (NASA 2012). The scenes of Landsat-5 TM were selected on the basis of the
least cloud cover, least snow, and closeness to the sampling days. In total, we used
ground measured data for 37 days at three sampling locations of the Bow River in
2006-2010 to develop and validate models using the planetary reflectance of 31 scenes
of Landsat TM-5. The sampling locations and the dates for the ground water quality
data and Landsat-5 TM scenes are given in Table 6.2. The water quality data were
obtained from Alberta Environment and listed in Table 6.3 with Alberta River Water
Quality Index objectives (Alberta Environment and Sustainable Resource Development
2011; Alberta Environment 1999; Health Canada 2010; Ontario Drinking Water
Standards 2006).
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Table 6.2: Data used for development and evaluation of models for CWQI and
Turbidity during 2006-2010.

River water sampling Landsat-5 TM scene
No. Site Date No. Acquisition date Path | Row

1 Carseland 26-Apr-06

2 Cluny 25-Apr-06 1 24-Apr-06 41 25
3 Carseland 23-May-06 2 17-May-06 42 24
4 Carseland 12-Jul-06

5 Cluny 12-Jul-06 3 13-Jul-06 41 25
6 Ronalane 25-Jul-06 4 22-Jul-06 40 25
7 Carseland 31-Aug-06

8 Cluny 31-Aug-06 5 30-Aug-06 41 25
9 Ronalane 19-Sep-06 6 24-Sep-06 40 25
10 Carseland 23-Nov-06

11 Cluny 23-Nov-06 7 18-Nov-06 41 25
12 Carseland 19-Jun-07 8 21-Jun-07 42 24
13 Ronalane 25-Jun-07 9 23-Jun-07 40 25
14 Cluny 26-Jun-07 10 30-Jun-07 41 25
15 Carseland 23-Jul-07 11 23-Jul-07 42 24
16 Carseland 28-Apr-08 12 29-Apr-08 41 25
17 Carseland 14-May-08

18 Cluny 14-May-08 13 15-May-08 41 25
19 Carseland 17-Jun-08 14 23-Jun-08 42 24
20 Ronalane 16-Jul-08 15 11-Jul-08 40 25
21 Carseland 15-Jul-08 16 18-Jul-08 41 25
22 Ronalane 21-Aug-08 17 28-Aug-08 40 25
23 Ronalane 14-Oct-08 18 15-Oct-08 40 25
24 Carseland 26-May-09 19 25-May-09 42 24
25 Ronalane 25-May-09 20 27-May-09 40 25
26 Carseland 15-Jun-09 21 10-Jun-09 42 24
27 Carseland 20-Jul-09 22 21-Jul-09 41 25
28 Carseland 17-Aug-09
29 Cluny 17-Aug-09 23 22-Aug-09 41 25
30 Cluny 15-Sep-09 24 7-Sep-09 41 25
31 Carseland 14-Sep-09 25 14-Sep-09 42 24
32 Carseland 19-Oct-09 26 25-Oct-09 41 25
33 Cluny 21-Apr-10 27 19-Apr-10 41 25
34 Carseland 19-Apr-10 28 26-Apr-10 42 24
35 Carseland 10-May-10 29 12-May-10 42 24
36 Carseland 15-Jul-10 30 15-Jul-10 42 24
37 Ronalane 18-Aug-10 31 18-Aug-10 40 25
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Table 6.3: Alberta River Water Quality Index objectives for 17 variables (Alberta
Environment and Sustainable Resource Development 2011; Alberta Environment

1999; Health Canada 2010; Ontario Drinking Water Standards 2006).

Variable | Objective | Variable | Objective | Variable | objective

WT 15°C TP 0.05mg/ L Na 200 mg/L
DO 6.5 mg/L TN I mg/L F 1.5 mg/L
TUR 5NTU pH 6.5 and 8.5 FC 100 /100 ml

TC 15 Pt Co units TH 500 mg/ L Mn 0.05 mg/L

DOC 5 mg/L CI 250 mg/ L Fe 0.3 mg/L

TDS 500 mg/L SO, 500 mg/ L

6.2.3 Image processing
The satellite scenes were processed to make them workable for the purpose of this
research. The operations applied for processing are briefly explained in the following

sub-sections:

6.2.3.1 Conversion of digital numbers into spectral radiance
In the first step, we converted the raw digital numbers of all the Landsat-5 TM images

into spectral radiance using Eq. 6.1 (NASA 2012) as follows:

+ Lmim (6.1)

L = [( L max i — Lmina ) o (DN- DNmin)
DNmax— DNmin

where,
L, = spectral Radiance at the sensor's aperture in watts/m*/ster/pum,

DN = quantized calibrated pixel value,
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Lmin, = spectral radiance that is scaled to QCALMIN in watts/m?/ster/ pum,

Lmax. = spectral radiance that is scaled to QCALMAX in watts/m?/ster/ pm,

DNp,in = minimum quantized calibrated pixel value (corresponding to Lyin») in DN, and
DN« = maximum quantized calibrated pixel value (corresponding to Liax,) in DN.

The values of Limini, Lmaxi, DNmin and DNpax in Eq. 6.1 were obtained from the metadata
files.

6.2.3.2 Conversion from spectral radiance to planetary reflectance

In the second step, the spectral radiance were converted into planetary reflectance using

Eq. 6.2 (NASA 2012) as follows:

P = ESUN: xcos &

axLixd?
(6.2)

where,

p, = unitless planetary reflectance,

n = 3.141592654,

L, = spectral radiance at the sensor's aperture,

d = earth-sun distance in astronomical units,

ESUN; = mean solar exo-atmospheric irradiance, and

O, = solar zenith angle in degrees
The value of: (a) d was obtained from Science Data Users Handbook (NASA 2011), (b)
ESUN;, for all bands of TM sensors were obtained from Chander and Markham
(Chander and Markham 2003), (c) ©s was obtained from the formula (i.e., ©s = 90° -
sun elevation angle), where the sun elevation angle was obtained from the metadata file

of each satellite images.

6.2.3.3 Normalized Difference Vegetation Index (NDVI)

Finally, we calculated normalized difference vegetation index (NDVI: a measure of

vegetation greenness) using Eq. 6.3 (Tucker 1979) as follows:

NDyI = 2P 6.3)
IONIR + pR
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where,

pnir = reflectance of near infrared band, and

pr = reflectance of red band.
Such NDVI calculations were performed over the sampling sites (BOR-1, BOR-2,
BOR-3) in all the scenes of 37 data records in order to determine the possible
contamination of sampling site pixels from other landuses (e.g. roads, agriculture,
vegetation, and barren land, etc).The negative NDVI values (i.e. between 0 to -1)
indicated the presence of water in the pixels whereas positive NDVI values showed the
possible contamination due to other landuses (Weier and Herring 1999). In case of a
positive NDVI value for any sampling site pixel, we considered the reflectance value of

a nearest neighboring water pixel.

6.2.3.4 Canadian Water Quality Index (CWQI)
Using Eq. 6.4, we calculated CWQI for all three sampling sites of Bow River during the
period 2006-2010 using the measured data of seventeen variables on the basis of

Alberta River Water Quality Index objectives as given in Table 6.3 (CCME 2001):

6.4
1.732 (4

CWOI = 100 - (\/Fl2 +F2" + F3* )
where, F;, F,, F3 are scope, frequency and amplitude, respectively. The equations to
calculate these three factors are given in Table 6.4.The quantitative values (i.e. 0 to
100) obtained from Eq. 6.4 were divided into five classes: (i) 95 to 100 = 1 (excellent),
(i1) 80 to 94 = 2 (good), (iii) 60 to 79 = 3 (fair), (iv) 45 to 59 =4 (marginal), and (v) 0 to
44 =5 (poor) (CCME 2001). The CWQI classes were produced for 37 data records as

given in Table 6.2.
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Table 6.4: Equations used for calculation of CWQI and identifying classes using
the data.

Number of failed parameters
Fi(Scope) = x 100

Number of failed tests
F2 (Frequency) = x 100

Total number of parameters Total number of tests

. Objective;j
excursioni = -1
Failed test valuei

) Failed test value i
excursion; = -1

Objectivey

se
nse = Fs (amplitude) = (

n
0.0Inse + 0.01

S, excursion ]

Number of tests

6.2.3.5 Models for CWQI and turbidity from planetary reflectance of Landsat-
5 T™™ data

On the basis of literature review for the relationship of bands with the variables of water
quality, we developed 26 individual empirical models in determining both CWQI and
turbidity as a function of the spectral bands of B, G, R and NIR (Stisen et al. 2008;
Alparslan et al. 2007; Bustamante et al. 2009; Nas et al. 2010; Hellweger et al. 2004;
Wu et al. 2009; Bolgrien et al. 1995; Dekker et al. 2002; Oyama et al. 2009). The
specific inputs of these models were: B, G, R, NIR, G/B, B/R, R/B, NIR/B, R/G,
NIR/G, B+G, B+R, B+NIR, G+R, G+NIR, R+NIR, B+G+R, B+G+NIR, G+R+NIR,
B+G+R+NIR, (B/NIR)+G, (B/NIR)+B, (B/R)+R, (B/R)+G, (B/R)+B, and
(NIR/B)+NIR. We used regression analysis technique to obtain the quantitative
relationship beween the satellite based planetary reflectances and water quality variables
to develop the empirical models (Sladecek 2006; Olmanson et al. 2013; Stisen et al.
2008; Alparslan et al. 2007; Bustamante et al. 2009; Nas et al. 2010; Hellweger et al.
2004; Wu et al. 2009; Bolgrien et al. 1995; Dekker et al. 2002; Oyama et al. 2009). We
used 23 data records (i.e., Landsat-5 TM as well as the ground data) for the
development of models to obtain CWQI classes and turbidity from the planetary
reflectance. The remaining 14 data records were used to validate the selected best
models. In all these models, CWQI and turbidity were the dependent variables whereas

the bands were the independent variables. CWQI and turbidity were plotted on the
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vertical axis and bands on the horizontal axis. Each model represents: (i) a unique band
formula, (ii) an intercept, and (ii) a slope. The intercept of dependable variables is the
distance from the origin to the point where the line crosses the vertical axis. Slope is the
amount of change for dependent variables corresponding to one-unit increase in band
formula. The intercept and slope were calculated using the least square regression
method to obtain a line of best fit. The strength of correlations between the planetary
reflectance and in-situ turbidity and CWQI for the development and validation of the
models were obtained based on co-efficient of determination (r*) (CliffsNotes 2013). On
the basis of 1 values, we identified the significant empirical models for CWQI and

turbidity.

6.2.3.6 Spatial and temporal analysis for the Bow River

We subset all the scenes of interest to extract the Bow River. The NDVI was calculated
for the Bow River to extract the pixels with water and remove the pixels contaminated
with other land use types. We selected the most suitable empirical models for CWQI
and turbidity on the basis of r* values. The selected CWQI model was applied on
31scenes of Landsat-5 TM to obtain the spatial distribution for five classes (i.e., as
described in section 2.4) along the Bow River. Similarly the selected turbidity model
was applied on these scenes to obtain the spatial distribution of turbidity. The turbidity
values were divided into six classes which are: (i) 0 to 10 NTU, (ii) 10 to 20 NTU, (i1)
20 to 30 NTU, (iv) 30 to 40 NTU, (v) 40 to 50 NTU and (vi) >50 NTU (Cox et al.
1998). CWQI classes could vary from 1 to 5 with the increase in the concentrations of
variables. For example lower turbidity classes might indicate lower cluster numbers
whereas higher turbidity classes could represent higher cluster numbers. For both
turbidity and CWQI, the percentage accumulated by each class was obtained by
dividing the pixels of each class by the total pixels of all classes during each year of
interest during 2006-2010. Finally we overlaid maps for CWQI classes for the selected

period on the natural subregions (i.e., Fig. 6.1).
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6.3 Results and discussion

6.3.1 Empirical models for determining CWQI classes

We developed 26 empirical models for determining CWQI classes as given in Table
6.5. These empirical models could be used to obtain the spatial distribution of CWQI
classes using the planetary reflectance of bands for any periods. The slopes in CWQI
were the constant numbers, which were multiplied with the band formulae (e.g., 28.072
in model 1 of Table 6.5). The intercepts are the positive or negative number in each
model (e.g., + 0.5785 in model 1 of Table 6.5). Please see other slopes and intercepts
for model no. 2 to model no. 26 in Table 6.5. The range of r* for all empirical models
was from 0.01 to 0.91. The correlation coefficients less than 0.50 were considered weak
due to which we regarded only the models with r* > 0.50 (model no.1 to model no.14 in
Table 6.5) as significant (Roberts and Roberts 2013). Among these significant models,
r* was higher (i.e., 0.73 to 0.91) for the models with red band (e.g., model no. 1 to
model no. 8 in Table 6.5) whereas it was lower (i.e., 0.54 to 0.72) in the models without
red band (e.g., model no. 10 to model no. 14 in Table 6.5). Some of the models (i.e.,
model 20 to model 26) had very low values of 1* (i.e., in the range 0.01-0.17) as shown
in Table 6.5. These models exhibited weak relationship between planetary reflectance
and CWQI calculated on the basis of ground-measured data. The range of r* was from
0.30 to 0.36 for model 15 to model 19 as obvious from Table 6.5, which was better as
compared to model 20 to model 26 but the models were still not significant for the
application purpose. The best model was the use of the spectral band R (i.e., r* = 0.91,
see model no. 1 in Table 6.5). The scatter plot and deviation plot of this model are
shown in Fig. 6.2 (a) and (b). The figure shows that 10 data records matched 100% of
the modeled values, whereas 4 data records had a deviation of 1 from the modeled
values (Fig. 6.2 (b)). The result of this validation indicates the usefulness of this model
for obtaining CWQI from the reflectance of the red band.
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Figure 6.2: (a) Development, and (b) evaluation of most suitable model for
obtaining CWQI classes using the planetary reflectance of red band for the Bow

River.

Most of the previous studies showed the development of remote sensing based models
for individual water quality variables (e.g., Slade¢ek 2006; Olmanson et al. 2013; Stisen
et al. 2008; Alparslan et al. 2007; Bustamante et al. 2009; Nas et al. 2010; Hellweger et
al. 2004; Wu et al. 2009; Bolgrien et al. 1995; Dekker et al. 2002; Oyama et al. 2009).
A limited number of studies showed the application of remote sensing for the
development of indices (Chen et al. 2005; Vignolo et al. 2006). Composite pollution
index (CPI) was developed using band 1 (0.402-0.422 pum), band 2 (0.433-0.453 pm),
band 3 (0.480-0.500 um) and band 4 (0.500-0.520 um) to obtain the five classes of
water quality. The co-efficient of determination for CPI was 0.93 (Chen et al. 2005). In
another study, remote sensing based water quality index was developed on the basis of
blue and green bands. The 1* was 0.82 for this water quality index (Vignolo et al. 2006).
In our study, we found that the models with: (i) blue and green bands (e.g., model 13 in
Table 6.5), (ii) green band (e.g., model 10 in Table 6.5), (iii) blue band (e.g., model 19
in Table 6.5) showed r* of 0.57, 0.71 and 0.30 respectively. It was also noticed that the
models having blue and green band with: (i) red band (e.g. model 7 in Table 6.5), and
(ii) red and near infrared bands (e.g. model 6 in Table 6.5) showed higher values for r*

(i.e., 0.75, and 0.76 respectively).
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Table 6.5: Models developed for mapping spatial distribution of CWQI classes for

the Bow River using the first four spectral bands (i.e. blue, green, red and near-

infrared) of Landsat-5 TM satellite data.

Model Model
no. Models r? no. Models r?
1 28.072 x R + 0.5785 091 14 15.044 x (B + NIR) + 0.2322 0.54
2 14.816 x (G+R)+0.1715 0.84 15 -0.861 x (B/R) + 3.6939 0.36
3 16.031 x (R + NIR) + 0.6253 0.82 16 -0.8493 x [(B/R) + G] + 3.7451 | 0.33
4 10.789 x (G + R + NIR) + 17 -0.8478 x [(B/R) + R] +
0.2845 0.81 3.7247 0.32
5 5.3855 x (R/G) - 1.6506 0.77 18 -0.8108 x [(B/R) + B] +3.6895 | 0.32
6 8.2823 x (B+ G + R + NIR) - 19
0.0287 0.76 17.588 x B +0.6427 0.30
7 10.241 x (B+G +R)-0.1374 0.75 20 0.982 x (R/B) + 1.648 0.17
8 21 -0.2439 x [(B/NIR) + G]
14.834 x (B + R) - 0.0091 0.73 2.8986 0.12
9 22 -0.2427 x [(B/NIR) + B] +
16.705 x (G + NIR) + 0.2038 0.72 2.8986 0.12
10 23 1.0725 x [(NIR/B) + NIR] +
29.187x G -0.103 0.71 1.7535 0.11
11 10.852 x (B + G + NIR) - 24
0.0855 0.65 1.7162 x (NIR/G) + 1.4118 0.10
12 30.554 x NIR + 0.9825 0.58 25 0.9607 x (NIR/B) + 1.8524 0.08
13 13.808 x (B + G) - 0.1391 0.57 26 0.2513 x (G/B) +2.0777 0.01
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Figure 6.3: (a) Development, and (b) evaluation of most suitable model for

obtaining turbidity using the planetary reflectance of red band for the Bow River.

6.3.2 Empirical models for obtaining turbidity classes

We created 26 empirical models for turbidity as given in Table 6.6, which could be
used to obtain the spatial distribution of turbidity using the planetary reflectance of
bands for a period of interest. The slopes and intercepts for the empirical models (i.e.,
model no. 1 to model no. 26) of turbidity are given in Table 6.6.The range of r* for the
models was from 0.01 to 0.82. Similar to CWQI empirical models, we considered only
the models with r* > 0.50 (model no. 1 to model no. 12 in Table 6.6) as significant and
the all models with r* < 0.50 were weak (Roberts and Roberts 2013). Similar to CWQI
models, r* was higher (i.e., 0.66 to 0.82 for the considerable models with red band (e.g.,
model no. 1 to model no. 8 in Table 6.6), whereas it was lower (i.e., 0.52 to 0.66) for
the models without red band (e.g., model no. 9 to model no. 12 in Table 6.6). From
Table 6.6, we found that the model 20 to model 26 showed very low values of 1* (i.e., in
the range 0.01-0.13). These models had weak relationship between planetary reflectance
and in-situ turbidity. The values of r* were in the range 0.27-0.32 for model 15 to model
19, which were higher as compared to the values of model 20 to model 26 but still
insignificant for the site application. The values of r* for model 13 and model 14 were
0.49 and 0.47 respectively. These values were closed to the significant value of 1. On

the basis of which these models could be applied for mapping turbidity of Bow River.

115



Among all the models, the best model was the use of the spectral band R (i.e., > =0.82,
see model no. 1 in Table 6.6) and its development is also described in Fig. 3(a). We
evaluated the turbidity model (i.e. model no. 1 given in Table 6.6) using the validation
data of the ground measured turbidity data as shown in Fig. 3(b). The validation
indicated a strong correlation of modeled turbidity with the measured turbidity by
giving r* = 0.83 which is even higher as compared to r* obtained for turbidity model.
These results suggest the usefulness of this model (i.e. model no.1 given in Table 6.6)
for mapping turbidity from Landsat-5 TM satellite data for the Bow River. The red band
also correlated well with in-situ turbidity in other studies. r* in these studies were 0.78,
0.76, and 0.57 respectively (Moreno-Madrinan et al. 2010; Bustamante et al. 2009; Nas
et al. 2010).
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Table 6.6: Models developed for mapping spatial distribution of turbidity for the

Bow River using the first four spectral bands (i.e. blue, green, red and near-

infrared) of Landsat-5 TM satellite data.

Model no. Models r’ Model no. Models r’
1 1005 x R - 44.608 0.82 14 530.92 x (B + NIR) - 55.95 0.47
2 533.51x(G+R)-59.624 | 0.77 15 -30.533 x (B/R) + 66.455 0.32
3 567.88 x (R + NIR) - 16

42.301 0.73 -30.041 x [(B/R) + R] +67.509 0.29
4 385.17x (G+R +NIR) - 17

54.932 0.73 -30.076 x [(B/R) + G] + 68.198 0.29
5 36842x (B+G+R)- 18

70.666 0.69 -28.74 x [(B/R)+B] + 66.277 0.29
6 29594x (B+G+R+ 19

NIR) - 66.185 0.69 630.78 x B -42.417 0.27
7 187.38 x (R/G) - 120.43 0.66 20 32.406 x (R/B) - 4.4814 0.13
8 531.38 x (B+R)-65.694 | 0.66 21 -7.1225 x [(B/NIR) + G] + 34.532 | 0.07
9 1059.2x G -70.18 0.66 22 -7.1171 x [(B/NIR) + B] + 34.604 | 0.07
10 595.17 x (G + NIR) - 23

57.657 0.65 33.057 x [(NIR/B)+NIR] + 0.1987 | 0.08
11 387.37x (B+ G + NIR) - 24

68.127 0.59 51.506 x (NIR/G) - 9.6089 0.07
12 516.81 x (B+ G)-73.428 | 0.52 25 28.779 x (NIR/B) + 3.641 0.05
13 1062.7 x NIR- 28.796 0.49 26 6.8317 x (G/B) + 11.017 0.01
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6.3.3 Application of models for spatial and temporal analysis

We applied the best (i) CWQI model (i.e., model no. 1 in Table 6.5), and (ii) turbidity
determination model (i.e., model no. 1 in Table 6.6) over all 31 scenes of Landsat-5 TM
during the period 2006-2010 for generating the spatial distribution of CWQI and
turbidity classes for the Bow River. The examples of classes for CWQI and turbidity are
shown over a portion of the Bow River in Fig. 6.4 and Fig. 6.5 respectively. The
percentages for five CWQI classes and six turbidity classes observed in each year
during the period 2006-2010 are given in Table 6.7 and Table 6.8 respectively. The
deteriorated quality of water could be estimated from the percentages accumulated in
each year for the CWQI classes of 4, and 5. Those were: (1) 2.62% in 2006, (ii) 32.75%
in 2007, (iii) 4.77% in 2008, (iv) 1.46% in 2009, (v) 6.94% in 2010, and (vi) 9.71%
during 2006-2010 on an average. On this basis, we might rank the years in order from
the best to the worst water quality, such as: 2009, 2006, 2008, 2010, and 2007.
Turbidity also showed similar ranks for the respective years on the basis of percentages
for the worst turbidity class (i.e., >50 NTU). The variation in the water quality for
different years could be related to surface runoff from different amount of precipitations

due to climatic factors like snow melt and rainfall (Akbar et al. 2013).
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Figure 6.4: An example of CWQI classes for ~14 km long portion of the Bow River
obtained by application of the most suitable empirical model (i.e., model no.1 in

Table 6.4) on Landsat-5 TM satellite image dated 21* June 2007.
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Figure 6.5:An example of turbidity classes for ~14 km long portion of the Bow
River obtained by application of the most suitable empirical model (i.e., model no.

1 in Table 6.5) on Landsat-5 TM satellite image dated 21* June 2007.
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Table 6.7: Percentages of CWQI classes for each year during 2006-2010.

Percentage (%) of CWQI classes
CWQI classes | 2006 | 2007 | 2008 | 2009 | 2010 | 2006-2010
1 0.10 | 0.45 | 0.06 | 0.05 | 1.51 0.44
2 72.66 | 40.83 | 39.42 | 73.78 | 62.69 57.88
3 24.62 | 25.97 | 55.74 | 24.71 | 28.85 31.98
4 229 132.01 ] 4.16 | 1.06 | 6.87 9.28
5 033 | 0.74 | 0.62 | 0.40 | 0.08 0.43

Table 6.8: Percentages of turbidity classes for each year during 2006-2010.

Turbidity Percentage (%) of turbidity classes

classes (NTU) 2006 2007 | 2008 | 2009 | 2010
0-10 24.40 11.18 | 1091 | 1937 | 12.86
10-20 36.22 19.64 | 18.72 | 41.90 | 28.17
20-30 24.08 16.60 | 16.24 | 18.90 | 27.05
30-40 6.88 9.29 21.30 | 10.66 | 9.15

40 - 50 3.92 4.27 22.57 | 6.06 8.99

> 50 4.49 39.02 | 10.26 | 3.10 | 13.78

The impact of natural subregions was reflected on the river water quality classification
in Table 6.9. We found that the prominent CWQI classes were (i) class 3 or class 4 for
Mixed grass, and (ii) class 3 for Dry mixed grass. The deteriorated water quality for the
Bow River in both of these natural regions could be related to irrigation-based farming
(Downing and Pettapiece 2006). During the summer months, we observed class 3 and
class 4 for Bow River in Foothills parkland, Foothills fescue and Montane. This
deterioration in the Bow river water quality in these three subregions could be due to till

cropping (i.e., short-season crops) (Downing and Pettapiece 2006).
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Table 6.9: Dominant CWQI classes for Bow River in natural subregions for

selected scenes of Landsat-5 TM.

Dominant CWQI classes for

Landsat-5 TM | Dry mixed Mixed Foothills Foothills

scene dates grass grass fescue parkland | Montane
24" April 2006 2 3 2 - -
21% June 2007 4 4 4 4 3
23" July 2007 - 3 2 3 3
29™ April 2008 3 4 3 - -
18" July 2008 2 3 2 - -
21% July 2009 2 2 2 - -
25™ Oct 2009 3 2 2 - -

15™ Jul 2010 - 3 2 2 2
19™ April 2010 3 3 2 - -

6.4 Concluding remarks

In this research, we developed empirical models for Canadian Water Quality Index
(CWQI) and turbidity using the planetary reflectance data from the first four bands (i.e.,
blue, green, red and near infrared) of Landsat-5 TM for the Bow River of Alberta. The
data utilized for the development and evaluation of these models included 31 scenes of
Landsat-5 TM multispectral images, CWQI classes based on the monthly measured
ground data for 17 water quality variables, and in -situ monthly measured turbidity data
for a period of five years (i.e., 2006-2010). For CWQI, we created 26 models of which
14 were significant based on the co-efficient of determination (r”) ranging from 0.54 to
0.91. Likewise for turbidity, we developed 26 models of which 12 were significant
based on r” ranging from 0.52 to 0.82. For both CWQI and turbidity, the models with
highest 1* (i.e., 0.91 and 0.82 respectively) were evaluated and applied on all 31 scenes
to obtain classes for CWQI and turbidity for the Bow River during 2006-2010. The
empirical models for CWQI and turbidity were site and condition specific. These
models can be used for other sites having characteristics similar to our site but we
suggest evaluation of these models using their site-specific data. The red band was
found to be the most important as it dominated in 8§ CWQI models and 8 turbidity

models with higher range of r* values with its solitary contribution in the best models.
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The river water quality was deteriorated due to agricultural activities and climatic
factors. The limitation of using 30m resolution satellite data was the contamination of
river water pixels caused by influence of nearby land covers/uses. To overcome this in
our research, we made use of NDVI to recognize such pixels and eliminate them from
the images. The benefits of remote sensing based empirical modeling in water quality
studies include: (i) simplicity in algorithm, (ii) easy implementation, (iii) easy
interpretation, (iv) user-friendly output, and (v) efficient management, and (vi) targeted

decisions.
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CHAPTER 7

CONCLUSIONS AND RECOMMENDATIONS
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7.1 Conclusions

Based on the results of this research, the following major conclusions are drawn on the

basis of four objectives:

Objective 1: “Develop methodologies and models to cluster Alberta waters based on
water quality”. New methods and models for clustering 18 lakes (Chapter 3) and 12
rivers (Chapter 4) were developed. For lakes, three PCs were identified which were
indicators of hardness, salinity and biological activities. The dominant parameters under
these PCs were total dissolved solids, total phosphorus, and chlorophyll-a. The
normalized dominant parameters were used to obtain the generalized characteristics for
five clusters using K-means clustering technique. The water quality deteriorated as the
cluster number increased from 1 to 5. For classifying the water quality of 12 rivers, the
clusters were developed and evaluated using CWQI. The normalization models were
developed on the basis of Canadian water quality guidelines and the data was
normalized to obtain PCA. PCA revealed seven PCs, which were the indicators of
watershed geology, mineralization and anthropogenic activities related to land
use/cover. The normalized dominant parameters (i.e., total dissolved solids, true color,
pH, iron, fecal coliform, dissolved oxygen, and turbidity) of PCs were used to develop
total exceedance model. 70% of the exceedance values were used to develop five
clusters while 30% of the values were used to evaluate them. The matching of cluster 1,
cluster 2, cluster 3, cluster 4, and cluster 5 was 85.71%, 83.54%, 90.22%, 80.74%, and
83.40% with their respective CWQI classes.

Objective 2: “Analyze the spatial patterns and temporal trends of surface water
quality”.

The clusters, obtained for lakes and rivers, were used to analyze the spatio-temporal
patterns as discussed in Chapter 3 and Chapter 4. For lakes, it was found that 50% of the
lakes showed stability in water quality while others changed over the time. The most
deteriorated water quality was observed for five lakes (i.e., Cardinal, Moonshine,
Winagami, Miquelon Lake, and Saskatoon). For rivers, the snow melting decreased the

water quality due to anthropogenic activities from different land use/cover. The water
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quality was worse in the growing season. The most deteriorated water quality was

observed for Battle River and Milk River.

Objective 3: “Obtain exceedances of parameters in each cluster”. A mean exceedance
model was developed to obtain the exceedance patterns of parameters in the clusters of
rivers (Chapter 5). For all the rivers there was increasing trend for the mean exceedance
of the parameters as the cluster number increased from low to high. The mean
exceedance was higher for FC, TUR, TP, TN, TC, DO, Fe and Mn in various years. The
exceedance in FC, TUR, TP, TN, TC, and DO could be related to anthropogenic
activities of land cover/uses while the exceedance in Fe and Mn was due to natural

mineralization.

Objective 4: “Develop remote sensing based models for Canadian Water Quality Index
(CWQI) and turbidity”. The empirical models were developed for Canadian Water
Quality Index (CWQI) and turbidity using the planetary reflectance and ground
measured data for the Bow River of Alberta (Chapter 6). For CWQI, 14 models were
significant in which the co-efficient of determination () was in the range 0.54-0.91.
Similarly 12 models were found significant with r* ranging from 0.52 to 0.82 for
turbidity. The r* for the best-fit models were 0.91 for the CWQI model and 0.82 for
the turbidity model. After validation of these best models with ground-measured data,
100% matching was found for 72% and 83% of data in CWQI and turbidity models
respectively. Among bands, the red band was most prominent as it was present in 8
CWQI models and 8 turbidity models. The surface water quality from best to worst
were: 2009, 2006, 2008, 2010, and 2007, respectively. The variation in water quality
could be due to changes in weather conditions during the period of interest. In addition,
activities related to irrigation could be the reason for the deteriorated water quality in

Mixed grass and Dry mixed grass natural sub-regions.
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7.2 Contribution to science

The specific contributions include following:

1.

Several techniques (that included principal component analysis,
normalization, and clustering) were implemented to obtain the clusters for
analyzing the surface water quality. The outcomes demonstrated that small
number of parameters would be sufficient in understanding the water
quality, which is a new finding. The knowledge about such small number of
parameters will be critical for the water quality monitoring agencies in order
to: (i) reduce the cost of operation for monitoring water quality, and (ii)
design new water quality monitoring stations.

The clusters generated in this research were used to analyze the impact of
climate (i.e., snow melting in particular) and land use activities qualitatively
on the surface water quality. According to our knowledge, such analyses of
Alberta water bodies are conducted for the first time.

The outcomes of this research (i.e., clusters and parameter exceedance) can
be considered as foundation for the development and designing of drinking
water treatment plants. The results from this research could contribute in the
sense that specific parameters with required treatment level can be identified
for the targeted treatment trains of plants.

In Alberta, site-specific CWQI is calculated by considering the water quality
data of the specific sampling site. To the best of our knowledge, remote
sensing (RS) based CWQI models were developed for the first time. In
comparison to existing site-specific approach, RS-based-CWQI model can
be applied to delineate the spatial distribution of CWQI classes along the
whole river. The outcome of these models can be utilized for the effective
and efficient management of rivers.

It may be quite possible that the width of different rivers may be in order of
several meters. As such, it will not be possible to use Landsat TM with 30 m
spatial resolution. Keeping this approach as a base, high spatial resolution

satellite data (i.e., Im, 5Sm, and 10m) can be utilized.
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7.3

Recommendations for future work

The recommendations for future research work are given below:

1.

In this research large amount of ground measured water quality and satellite data
was used. If data gaps are identified due to the reasons such as: (i) insufficient
data, (ii) missing values, (iii) seasonal collection, (iv) cloud cover, and (v) snow
cover, then new techniques and protocols should be explored and considered for
filling them (Chowdhury and Hassan 2013).

Loss of information might have occurred while implementing the various
algorithms and processes at different stages of this research work. The
uncertainty analysis is recommended to explore uncertainty about: (i) model
structure, (ii) model input, and (iii) model output (Beck 2010).

In this research remote sensing based CWQI model was developed and
implemented for analyzing the water quality of one river. In a similar way, RS-
based CWQI models can be developed, evaluated and applied for other rivers of
Alberta. Prior to the development of such models, GIS-based layers for
watershed characteristics, precipitation, soil, geology, sewage discharge, and
industrial discharge can be considered to analyze the impact on the surface water
quality.

Remote sensing based models were developed for mapping the spatial
distribution of turbidity along the rivers. Similar types of models can be
developed for other parameters like total suspended solids, total phosphorus and

chlorophyll-a etc.
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APPENDIX-I

APPLICATION OF CLUSTERS FOR SEVEN MAJOR RIVERS OF ALBERTA
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Summarized results and discussion

The classified water quality for the five major rivers was already described for the five
major rivers in section 4.5.4 of chapter 4. In this appendix, we discussed the water
quality for the remaining seven major rivers on the basis of monthly clusters during the
period 2004-2008. The clusters for these rivers are given in Table 1 to Table 4. For
Battle River, the dominant cluster for: (i) BR-1 was cluster 5, and (ii) BR-2 was cluster
4 and cluster 5 in the growing season. The dominant clusters were cluster 3 and cluster
4 for BR-1 and cluster 5 for BR-2 in winter. In case of Elbow River, the dominant
cluster for ER-1 was cluster 5 in summer and it was cluster 4 in winter. The dominant
cluster was cluster 5 for RDR-1 and RDR-2 of Red Deer River in growing season. The
dominant cluster was cluster 3 for RDR-1 and it was cluster 4 for RDR-2 in winter. In
case of Smoky River, the dominant cluster was cluster 5 in growing season and it was
cluster 3 in winter for SR-1. For Oldman River, the dominant cluster was (i) cluster 3
for OR-1, (ii) cluster 4 and cluster 5 for OR-2, (iii) cluster 2 and cluster 3 for OR-3 in
growing season. Cluster 3 was dominant for OR-1, OR-2, and OR-3 in winter. For
South Saskatchewan River, the dominant cluster was cluster 4 and cluster 5 during
growing season and it was cluster 3 and cluster 2 in winter. For Wapiti River, the
dominant cluster was cluster 5 for WR-1 and WR-2 in growing season and it was cluster
3 for both sites in winter. During the growing season, the deteriorated water quality for
Battle River, Red Deer River, Oldman River and South Saskachewan River could be
related to: (i) agriculture activities as all of these rivers are dominated by cereal crops
and grasses, and (ii) early snow melting (i.e., before 5-April). The anthropogenic and
natural mineralization could impact the quality of Smoky River, Wapiti River, and

Battle River.
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Clusters for two sampling sites of Battle River.

Table 1

Battle River

08

07

06

05

04

BR2 BR1 BR2 BRl BR2 BR1 BR2

BR2 BRI

4
4

Month | BR1

Jan

Feb

Mar
Apr

May

June

July

Aug

Sep
Oct

Nov

Dec

Note: N: No data.
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Table 2: Clusters for (i) one sampling site of Elbow River, (ii) two sampling sites of
Red Deer River, and (iii) one sampling site of Smoky River during the period 2004-
2008.

Elbow River Red Deer River Smoky River

04 05 06 07 08 04 05 06 07 08 04 05 06 07 08
Month | E1 E1 E1 E1 EI |[Rl1 R2 Rl R2 Rl R2 Rl R2 Rl R2|S1 S1I S1 S1 SI1
Jan 5 5 5 3 4 3 4 3 4 3 3 3 3 4 3|3 4 3 3 3
Feb 3 4 3 N 4 33 2 3 3 4 2 4 413 3 3 3 3
Mar 4 4 4 4 4 3 3 5 4 N 5 4 5 3 4|13 5 3 3 3
Apr 3 3 4 5 2 2 2 2 N 2 2 N 5 2 2|5 5 3 3 5
May N 3 4 4 N 1 2 3 3 2 3 5 5 5 5|14 5 5 5 5
June 4 5 N 5 5 4 4 5 S5 5 5 S5 5 5 5|15 5 4 5 N
July 4 4 4 5 4 |IN 3 4 4 4 3 4 N 4 4 |N 5 5 5 4
Aug 4 5 5 4 5 4 4 5 S5 4 3 5 4 5 4|5 5 N 4 3
Sep N 5 3 5 5 3 3 5 5 5 5 3 3 3 3|5 N 5 3 N
Oct 4 4 4 3 4 4 2 3 2 3 4 3 2 3 2|5 3 3 3 3
Nov 5 3N 4 4 2 2 4 2 3 3 2 4 2 1|5 4 3 3 3
Dec 4 4 5 4 4 2 1 1 1 2 3 N 2 2 4,4 5 3 3 3

Note: N: No data; E1:ER-1; R1:RDR-1; R2:RDR-2; S1: SR-1.
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Table 3: Clusters for three sampling sites of Oldman River during the period 2004-
2008.

2004 2005 2006 2007 2008
Month{OR-1 OR-2 OR-3|OR-1 OR-2 OR-3 | OR-1 OR-2 OR-3|OR-1 OR-2 OR-3| OR-1 OR-2 OR-3
Jan N 1 N 5 4 4 3 3 2 3 3 3 3 2 3
Feb 3 3 2 3 3 3 N 3 3 3 3 3 4
Mar 3 3 2 4 3 2 3 3 N 5 4 1 3 3 1
Apr 3 2 2 3 3 2 5 5 2 3 3 2 3 3 2
May 2 3 2 3 4 2 3 3 2 5 5 2 5 5 3
June 4 4 3 5 5 5 5 5 3 5 5 2 5 5 4
July 4 4 2 4 4 N 4 4 3 4 5 3 4 5 2
Aug 5 5 3 4 4 3 3 4 3 3 4 3 3 4 3
Sep 4 3 3 5 5 5 3 4 3 4 5 3 3 3 3
Oct 2 3 2 4 4 3 4 N 2 3 4 2 3 2 2
Nov 3 3 3 3 4 3 3 3 2 3 3 2 2 N 3
Dec 3 3 3 3 3 3 4 3 3 3 3 4 N N 4

Note: N: No data.
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Table 4: Clusters for: (i) one sampling site of South Saskatchewan River, and (ii) two

sampling sites of Wapiti River during the period 2004-2008.

South Saskatchewan River Wapiti River

04 05 06 07 08 04 05 06 07 08
Month | SS1 SS1 SS1 SS1 SS1 | W1 W2 WI W2 W1 W2 WI W2 W1 W2
Jan 3 N 2 1 2 3 5 3 N 3 3 3 N 3 4
Feb 3 3 2 3 2 3 5 3 3 3 N 3 3 4
Mar 4 3 3 4 3 4 4 4 N 3 3 3 3 3 3
Apr 3 3 N 3 3 4 4 5 5 4 5 5 5 4 4
May 4 4 4 5 5 5 5 5 5 5 5 5 5 5 5
June 4 5 5 5 5 5 5 4 5 4 4 4 4 N 2
July 4 4 4 N 5 5 5 5 4 3 4 4 5 3 5
Aug 5 5 4 5 3 4 N 4 5 4 3 5 N 3 3
Sep 3 4 5 3 5 5 5 4 5 N 5 3 4 3 3
Oct 4 3 3 3 3 4 4 3 5 3 3 3 3 3 3
Nov 2 2 4 3 3 5 5 3 4 3 3 3 N 3 3
Dec N N 2 2 2 3 3 3 5 3 4 1 4 3 N

Note: N: No data; SS1: SSR-1; W1: WR-1; W2: WR-2.
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