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Abstract 

This thesis consists of work conducted in two separate studies, evaluating the performance of passive 

systems for treating wastewater effluents. The first study involved the characterization of three wastewater 

stabilization ponds (WSPs) providing secondary and tertiary treatment for municipal wastewater at a facility in 

Amherstview, Ontario, Canada. Since 2003, the WSPs have experienced excessive algae growth and high pH 

levels during the summer months. A full range of parameters consisting of: pH, chlorophyll-a (chl-a), 

dissolved oxygen (DO), temperature, alkalinity, oxidation-reduction potential (ORP), conductivity, nutrient 

species, and organic matter measures; were monitored for the system and the chemical dynamics in the three 

WSPs were assessed through multivariate statistical analysis. Supplementary continuous monitoring of pH, 

chl-a, and DO was performed to identify time-series dependencies. The analyses showed strong correlations 

between chl-a and sunlight, temperature, organic matter, and nutrients, and strong time dependent correlations 

between chl-a and DO and between chl-a and pH. Additionally, algae samples were collected and analyzed 

using metagenomics methods to determine the distribution and speciation of algae growth in the WSPs. A 

strong shift from the dominance of a major class of green algae, chlorophyceae, in the first WSP, to the 

dominance of land plants, embryophyta – including aquatic macrophytes – in the third WSP, was observed and 

corresponded to field observations during the study period. The second study involved the evaluation of the 

performance and chemical dynamics of a hybrid-passive system treating leachate from a municipal solid waste 

(MSW) landfill in North Bay, Ontario, Canada.  Over a three year period, monitoring of a full range of 

parameters consisting of: pH, DO, temperature, alkalinity, ORP, conductivity, sulfate, chloride, phenols, solids 

fractions, nutrient species, organic matter measures, and metals; was conducted bi-weekly and the dataset was 

analyzed with time series and multivariate statistical techniques. Regression analyses identified 8 parameters 

that were most frequently retained for modelling the five criteria parameters (alkalinity, ammonia, chemical 

oxygen demand, iron, and heavy metals), on a statistically significant level (p < 0.05): conductivity, DO, 

nitrite, organic nitrogen, ORP, pH, sulfate, and total volatile solids. Both studies involved the application of 

multivariate statistical techniques which are useful for uncovering trends not easily observed in raw data and 

identifying key variables affecting treatment goals and system dynamics. 
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Chapter 1 

Introduction 

1.1 Background 

Along with the explosion in population and consumption of goods that has been occurring since the 

Industrial Revolution, unprecedented volumes of wastewater of varying types and composition are being 

generated, placing stresses on the systems built to manage them and posing an ongoing threat to the health 

and quality of aquatic ecosystems and receiving environments. While the types and composition of 

wastewater effluents differ considerably by source, location, and level of treatment, they are all toxic to 

ecosystems and biological life to varying degrees, due to the presence of some or all of the following in 

high concentrations: nutrients (nitrogen (N) and phosphorus (P)), human and animal pathogens, organic 

material and suspended solids, man-made organic and inorganic compounds, heavy metals and 

radioactive isotopes (Viessman et al., 2009; Metcalf and Eddy, 2003). Additionally, wastewater effluents 

can have detrimental constituents and qualities that impact natural ecosystems, such as: extreme pH, high 

temperature, low dissolved oxygen (DO), low alkalinity, and high salt content. Of these wastewaters, 

municipal wastewater and leachate from municipal solid waste (MSW) landfills are perhaps the most 

widespread and produced in the greatest quantities, making them important targets for treatment and 

monitoring.  

Municipal wastewater is a salient concern for all communities, as it can facilitate serious outbreaks of 

human disease (ie. cholera) and damage the diversity and quality of receiving environments (ie. 

eutrophication) when improperly managed. Over the past century, high-income nations have set stringent 

regulations for the discharging of wastewater, and have constructed large, centralized treatment facilities 

to reduce the toxicity of effluents prior to releasing them to receiving environments. While highly 

effective, these facilities are expensive to construct and maintain, and require high energy and chemical 

inputs (Sundaravadivel and Vigneswaran, 2001; UN, 2008). In low-income nations, discharge of raw 
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untreated sewage is common, as these centralized systems are too expensive to construct and operate and 

there is often a shortage of the technical expertise required to adequately operate them (Mara, 2001; 

Sundaravadivel and Vigneswaran, 2001; UN, 2008). 

MSW, as one of the largest concerns for communities around the world, presents a continual 

management challenge. An estimated 1.3 billion tonnes of MSW is generated around the world, and will 

only increase in the future as urbanization continues (Hoornweg and Bhada-Tata, 2012). Landfill disposal 

still remains the overwhelmingly preferred method for managing MSW. In high-income nations, landfills 

incorporate highly advanced environmental protections, monitoring, and treatment systems to minimize 

the impacts of landfill gas and leachate on the surrounding environment. In low-income countries, 

landfills are often poorly managed open dumps with little or no environmental controls, resulting in 

significant pollution to surrounding air, water, and soil (Hoornweg and Bhada-Tata, 2012). Leachate, the 

highly toxic liquid wastewater produced by the degradation of MSW, will migrate into surface and 

groundwater systems and soils if not appropriately contained or treated. Leachate-impacted water poses 

serious human health risks if it is drawn as a resource for human consumption, and may cause long-term 

changes to the diversity and health of ecosystems (Mulamoottil et al., 1999).  

In all countries, regardless of income levels, appropriate management of these wastewaters is a costly 

and persistent challenge, with energy and infrastructure expenses for conventional concrete and steel 

systems either draining government funds or acting as a barrier to treatment (Rew and Mulamoottil, 1999; 

Sundaravadivel and Vigneswaran, 2001).  As these costs rise – along with the increased pressures of 

climate change, resource scarcity, and population growth – communities across the world will seek to 

implement more sustainable infrastructure to minimize expenses, including passive naturalized 

technologies such as wastewater stabilization ponds (WSPs), constructed wetlands (CWs), and biological 

filter treatment systems (Rew and Mulamoottil, 1999; Sundaravadivel and Vigneswaran, 2001; UN, 

2008).  Understanding their treatment mechanisms and the biological and chemical dynamics present, and 
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providing a framework for system design and process optimization, are of great importance in 

implementing these sustainable treatment technologies. 

1.2 Scope of Studies 

This thesis consists of two separate research investigations examining the performance and water 

quality conditions of: (one) a series of WSPs operating at a facility treating municipal wastewater and 

(two) a hybrid-passive landfill leachate treatment system operating at a MSW landfill. The WSPs at the 

Amherstview Water Pollution Control Plant (WPCP) in Amherstview, Ontario, have experienced 

excessive algae growth and high pH levels during the summer months since 2003. The three in-series 

WSPs were constructed separately starting in 1964 and currently provide secondary and tertiary treatment 

of municipal wastewater following an activated sludge process. During the summer growth season, pH 

levels of the final effluent consistently exceed the regulatory limit set out by the Ontario Ministry of the 

Environment, with large green algal blooms occurring throughout the system and suspected to be the 

primary cause. Characterization of the water chemistry interactions within the WSPs using multivariate 

statistical techniques was the first phase of a comprehensive, multi-year study aimed at designing and 

implementing system improvements and performing long-term treatment monitoring of the modified 

system.  

The Merrick Landfill was first opened for operation in 1994 and serves as the primary MSW disposal 

site for the City of North Bay and surrounding areas. Monitored natural attenuation was proposed as the 

initial leachate management strategy, as it was expected that the site hydrogeochemistry could allow 

physical, chemical, and biological mitigation of contaminants within the site boundaries. After three years 

of operation, leachate-impacted surface water was noted in a wetland 500 m west of the landfill. A 

hybrid-passive leachate treatment system was developed and installed in response to the need for leachate 

treatment prior to discharge into the natural attenuation zone. The system provided for the controlled 

release of MSW landfill leachate through an engineered hybrid-passive treatment system and the 

subsequent natural attenuation zone.  Evaluation of the treatment performance of the system through 
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multivariate statistical techniques is the final phase of a five-year research study investigating and 

developing the hybrid-passive treatment system and associated infrastructure, and evaluating its impacts 

on the receiving environments. 

In this thesis, Chapter 2 presents a comprehensive literature review of treatment mechanisms and 

performance issues associated with WSPs and passive treatment systems. The chapter also provides a 

summary of multivariate statistical techniques, their applicability, and calculations involved. 

Chapter 3 presents an evaluation of the water chemistry interactions in the Amherstview WSP system 

using multivariate statistical techniques, in order to determine the factors contributing to the high pH 

levels and algal blooms observed in the summer months. Correlation analyses were conducted to provide 

an indication of the relationships between a set of parameters measured throughout the summer and early 

fall of 2012. Principal components analysis (PCA) and principal components (PC) and partial least 

squares (PLS) regressions were performed to isolate and quantify the parameters contributing to pH 

levels. 

In Chapter 4, a metagenomics study of the Amherstview WSPs is presented. It involved metagenomics 

sequencing of plant biomass and water samples from the WSPs and analysis of the relative species 

abundances of algae and macrophyte growth. Samples were collected at different points across the lagoon 

and over a three month period, providing information regarding the temporal and spatial variations in the 

species composition of the growth and their relative abundances. 

Chapter 5 presents a study of the time series relationships between chlorophyll-a (chl-a), DO, and pH 

in the Amherstview WSPs to better understand the time dependent correlations and dynamics between 

these parameters as an indicator of photosynthetic activity within each WSP. These parameters were 

sampled hourly over a one-week period within each WSP (hydraulic retention times (HRTs) of 16, 8, and 

8 days) and time series analysis, including calculation of cross-correlations, was performed. The results 

compliment the findings of the water chemistry study of the WSPs (Chapter 3). 
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Chapter 6 details an evaluation of treatment performance of the Merrick hybrid-passive leachate 

treatment system using multivariate statistical techniques. System design details and data collection and 

analysis methods were previously reported in Speer (2011), Speer et al. (2011), and Speer et al. (2012). 

This chapter serves as an extension of the project by analyzing the system designed and implemented by 

Dr. S. Speer and the data previously collected. Data collected between November 2009 and August 2011, 

during the operational period of the system, was analyzed using PCA and PC and PLS regressions. 

Treatment performance was defined in terms of leachate effluent discharge with acceptable levels for six 

key parameters: pH, alkalinity, heavy metals, iron, ammonia, and COD; from a regulatory perspective. 

Chapter 7 presents summarizing conclusions regarding each study and engineering contributions of the 

studies. Appendices A and B present additional details regarding sampling and analysis methods and 

statistical analysis of raw data for the Amherstview WPCP Study, respectively. Additional materials for 

the Merrick Landfill Study can be found in Speer (2011). 
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Chapter 2 

Literature Review 

2.1 Introduction 

Municipal wastewater from human populations and landfill leachate from solid waste decomposition 

are two products of human activity that, while distinct in properties, can both cause significant pressures 

on natural water ecosystems if they are not properly treated and managed, including acute and chronic 

toxicity to plants and animals, imbalances in nutrient and organic matter cycles, loss of ecosystem 

function, and threats to human health. Both wastes streams can be effectively and sustainably treated with 

passive treatment technologies, which require minimal energy inputs and maintenance and rely on natural 

biological processes. For municipal wastewater, WSPs are one such passive technology commonly 

applied in rural areas and in developing countries, due to their low cost and maintenance requirements. 

For landfill leachate, constructed wetlands (CWs) and biological filters are passive treatment systems that, 

when compared with intensive mechanical systems, can achieve similar performance and reduce energy 

requirements of leachate management. 

WSPs are a type of constructed lagoon used to fully or partially treat a variety of wastewater effluents.  

In Canada, they are most commonly incorporated into small community municipal wastewater treatment 

facilities to provide polishing and treatment of wastewater prior to discharge to the environment. They are 

often adopted in areas of low population due to their extensive space requirements and low loading limits 

(FCM and NRC, 2004). WSPs tend to have low capital costs and energy requirements, and require 

minimal maintenance, making them ideal for organizations with limited financial resources or access to 

highly trained personnel. Additionally, WSPs can achieve reductions in pathogens and pollutants 

comparable to active treatment systems, provided they are designed, constructed, and managed  properly 

(Steinmann et al., 2003; FCM and NRC, 2004; Reinoso et al., 2008; Spuhler, 2011; Kayombo et al., 
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2005). In this regard, they hold great potential for sustainable wastewater treatment where the installation 

of large, energy-intensive facilities is not viable (Mara, 2001; FCM and NRC, 2004). 

Within the Canadian context, WSPs have had widespread historical adoption, and many original 

systems are still in operation. However, as natural systems with variable maintenance requirements, 

WSPs can become hosts to biological growth and chemical conditions that create unacceptable levels of 

certain parameters, such as pH, biochemical oxidation demand (BOD) and chlorophyll counts (Steinmann 

et al., 2003; Crites and Tchobanoglous, 1998). This can be particularly true of older systems that have lost 

treatment performance due to sludge accumulation (Schneiter et al., 1984). With the advancement of 

stricter regulations governing final effluent discharge, many communities operating WSPs face 

compliance challenges and the need for significant system upgrades (FCM and NRC, 2004). 

Understanding the biological, chemical, and physical conditions that influence water quality within WSPs 

is of considerable importance in guiding the development of long term system upgrades.  

Landfill leachates, as complex solutions containing organic compounds, heavy metals, organic matter, 

and nutrients, pose a unique challenge for treatment, and can have acutely harmful effects to receiving 

environments if improperly managed (Prommer et al., 2006; Matthews et al., 2009). Additionally, as 

landfills age and cells are closed, leachate composition changes, requiring adaptability and flexibility that 

passive systems can offer and conventional systems cannot without operational modifications (Speer, 

2011; Speer et al., 2012). CWs and biological filters are common components of passive systems that 

require minimal energy and chemical inputs and rely on biological processes to treat waste effluents. 

They consist of a uniform or mixed media and a flow regime designed to encourage microbial activity 

(Speer, 2011). Faultwetter et al. (2009) discussed the diversity and gradient in microbiological 

communities at various points in CWs, since certain microorganisms will thrive under the high nutrient 

loads at the influent and others will thrive at the effluent where nutrient loads are lower.  Passive 

treatment of landfill leachate has developed greatly in the past 25 years and has been successfully 

demonstrated by numerous researchers, and offers the advantages of robustness in handling changing 
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leachate characteristics and low energy and maintenance costs (Rew and Mulamoottil, 1999; De Feo, 

2007; Faulwetter et al., 2009; Mehmood et al., 2009; Speer, 2011; Speer et al., 2012). However, passive 

systems are susceptible to performance issues in cold climates due to the temperature dependence of 

microbial communities. Hybrid systems involving an active treatment step can bridge the benefits of 

temperature and flow consistency of conventional technologies with the minimized energy and 

maintenance requirements of passive systems (Speer, 2011). Passive systems can have significantly 

reduced capital and operating costs when compared with conventional systems. For example, in a 2009 

study comparing a CW system to two conventional systems, cyclic activated sludge and conventional 

activated sludge, Zhou et al. (2009) noted significantly reduced capital (> 40%) and O&M (> 71%) costs 

for the CW system. 

For passive systems treating either wastewater or leachate, multivariate statistics are useful exploratory 

data analysis techniques that can help determine patterns and relationships between parameters in large 

datasets.  These systems, including WSPs, CWs, and biological filters, are open to surroundings and 

highly complex, presenting a challenge for modelling and predicting performance (Ouali et al., 2009).  

Correlations analysis, PCA, and PCs and PLS regressions are three sets of multivariate techniques that 

can be used together to understand and interpret large environmental datasets containing many 

interdependent variables.  Additionally, time series analysis, while not considered a multivariate 

technique is particularly useful for determining the presence of dynamic time lags between one or more 

variables. 

2.2 Wastewater Stabilization Ponds for Secondary Wastewater Treatment 

2.2.1 Types and System Characteristics 

WSPs can be classified into four categories based on oxygen levels and production: anaerobic, 

facultative, partial-mix aerated, and aerobic (maturation). They can be applied individually or combined 

to form a series treatment string, and multiple strings can be operated in parallel to treat higher loading 
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rates. Many WSP treatment processes will consist of anaerobic and/or facultative followed by aerobic 

WSPs in-series (Crites and Tchobanoglous, 1998; Kayombo et al., 2005; Mara, 2008; Spuhler, 2011). 

Anaerobic ponds do not contain aerobic zones due to their depth (2-10 m) and are used to treat 

wastewaters with high organic loads. Anaerobic digestion of settled solids is the primary mechanism for 

BOD removal (Crites and Tchobanoglous, 1998; Kayombo et al., 2005). Spuhler (2011) cites observed 

reductions in BOD between 50-85% in anaerobic ponds. Biogas produced by the anaerobic 

microorganisms can be collected with a floating membrane and flared or burned for energy. The 

microbial process is similar to that occurring in anaerobic digestion reactor tanks (Spuhler, 2011).   

Facultative WSPs contain aerobic and anaerobic or anoxic zones and are typically 1-2 m deep. The 

retention time is long enough to allow solids to settle to the anaerobic zone, where they are digested. DO 

is provided to bacteria in the aerobic zone through aeration and photosynthesis (Crites and 

Tchobanoglous, 1998). Temperature changes can lead to vertical stratification, particularly with 

insufficient wind mixing. Colder temperatures in the fall reduce stratification, leading to mixing of all 

zones and the potential for odor generation (Crites and Tchobanoglous, 1998).  

Partial-mix aerated WSPs contain floating or submerged mechanical aeration systems to supply 

oxygen. Aeration rates to supply the effluent’s oxygen demand is provided in the upper portion of the 

WSP, which allows the lower portion to remain stagnant, thus maintaining sedimentation and anaerobic 

decomposition processes (Crites and Tchobanoglous, 1998). They are deeper (2-6 m) and can receive 

higher organic loadings than facultative WSPs. They are smaller in surface area than other WSP systems, 

making them advantageous in areas with expensive or scarce land resources, but carry additional 

operating costs associated with the mechanical components (Crites and Tchobanoglous, 1998). 

Aerobic WSPs are typically 0.3-0.6 m deep, allowing light to penetrate the full WSP depth. They are 

primarily used for pathogen removal instead of BOD removal performed in anaerobic, facultative, and 

aerated WSPs (Spuhler, 2011). Photosynthetic activity, which is high due to the high light intensity 

throughout the WSP depth, provides DO to the system for aerobic degradation of organics. Aerobic 
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WSPs, as with facultative types, generally contain large concentrations of algae, which uptake nutrients 

and increase DO levels but add to suspended solids levels (Crites and Tchobanoglous, 1998). 

2.2.2 Treatment Mechanisms 

WSPs provide the conditions for numerous processes to remove organic matter, total suspended solids 

(TSS), N, P, and pathogens (Figure 2.1). Aerobic bacteria in the upper layers of facultative WSPs 

breakdown organic matter and convert nutrients through oxidation. These heterotrophic microorganisms 

require a sufficient supply of DO, which can be transferred from the water surface-atmosphere interface 

and generated through algal photosynthesis. In bacterial oxidation, N and P are converted to more 

biologically available forms, which algae and other macrophytes can take up for cell growth. In the lower 

layers of facultative WSPs, DO levels are low or absent, harboring the dominance of anaerobic bacteria, 

which decompose settled solids into carbon dioxide (CO2), ammonia, hydrogen sulfide (H2S), and 

methane (CH4) gases through several steps. The facultative zone nested between the aerobic and 

anaerobic sections of the WSP contain facultative bacteria, which can oxidize the organic matter from the 

aerobic zone and gases produced in the anaerobic zone (Metcalf and Eddy, 2003). Aerobic and anaerobic 

biological processes are driven by redox potential, which tends to decrease with depth up to the sediment 

zone (Speer, 2011). Conversely, in the actual sediment zone of CWs, the redox potential can increase with 

depth due to vegetation and the sediments can become aerated, which will improve removal mechanisms 

(Gao et al., 2000; Speer, 2011). 
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Figure 2.1: Treatment mechanisms and nutrient and organic matter cycles in facultative WSPs 

(adapted from Crites and Tchobanoglous, 1998). 

2.2.2.1 Organic Matter 

In WSPs, organic matter is removed through bacterial oxidation in the aerobic zone and through 

sedimentation. Anaerobic conversion may also occur in the lower anaerobic zone (Shammas et al., 2009; 

Crites and Tchobanoglous, 1998). Organic matter in wastewater is quantified through BOD and chemical 

oxygen demand (COD) methods. BOD is a measurement of the amount of DO consumed by 

microorganisms in biologically oxidizing organic matter (Tchobanoglous and Schroeder, 1985; Metcalf 

and Eddy, 2003). While the BOD test provides a broad indication of the quantity of organic matter, it may 

account for nitrification of ammonia, a form of organic matter produced by the hydrolysis of proteins, 

which may subsequently lead to false interpretations of treatment conditions (Metcalf and Eddy, 2003). 

The standard BOD test is run over 5-days, while nitrifying bacteria become active in significant 

populations after 6-10 days. The oxygen demand exerted by carbonaceous and nitrogenous bacterial 

populations is shown graphically (Figure 2.2). However, samples with significant nitrifying bacteria 



 

13 

 

populations may see these species exerting oxygen demand within the 5-day period, and thus skewing the 

BOD results higher (Metcalf and Eddy, 2003).  

 

Figure 2.2: Carbonaceous and nitrogenous BOD over time (adapted from Metcalf and Eddy, 2003). 

To eliminate the interference potential from nitrifying bacteria, the carbonaceous biochemical oxygen 

demand (cBOD) test can be run, in which nitrifying bacteria are inhibited. Evaluation of the ratio between 

BOD and cBOD results can thus lead to an indication of the degree of nitrification for a wastewater 

sample (Metcalf and Eddy, 2003). 

COD is a measure of the amount of organic matter that can be chemically oxidized in a sample, 

reported as an oxygen requirement equivalent (Metcalf and Eddy, 2003). COD values for wastewater are 

generally higher than BOD and cBOD values, as more organic matter can be chemically oxidized than 

biologically oxidized. The ratio of BOD to COD indicates the effectiveness of biological means for 

treatment. Crites and Tchobanoglous (1998) cited BOD/COD ratios above 0.5 for effective biological 

treatment and ratios below 0.3 for increasing toxicity to microorganisms. Samudro and Mangkoedihardjo 

(2010) cited BOD/COD ratios from 0.1 to 1.0 for wastewater that is biodegradable and ratios below 0.1 

for wastewater that is toxic to microorganisms. 
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2.2.2.2 Suspended Solids 

TSS in wastewater from WSPs contain nutrients, organic matter (BOD and COD), and algae cells, and 

must be removed to prevent stress on the receiving environment. Algae growth and decay can contribute 

much of the TSS loading of a WSP effluent, reaching up to 50-60 % of the TSS concentrations in high 

rate aerobic WSPs. When excessive algae growth is sustained due to eutrophic conditions, excessive TSS 

concentrations may rise above the ability of bacteria to oxidize the organic matter (high BOD and COD) 

or may prevent sedimentation (Shammas et al., 2009). Removal of TSS in WSPs is tied to the 

consumption of organic matter through microbial processes (Section 2.2.2.1) or assimilation, conversion, 

or precipitation of N (Section 2.2.2.3) or P (Section 2.2.2.4). Settling of solids results in the development 

of sludge zones on the bottoms of WSPs, where anaerobic processes dominate (Crites and 

Tchobanoglous, 1998; Shammas et al., 2009). 

2.2.2.3 Nitrogen 

Total N in wastewater can be broken up into organic and inorganic forms. Organic N is incorporated 

into animal and plant proteins or as a component in urea (Reed, 1985; Metcalf and Eddy, 2003). Inorganic 

N constituents, namely ammonia (dissolved and ionized forms), nitrate (NO3
-
), and nitrite (NO2

-
), while 

being nutrients for plants and algae and energy sources for bacteria, are toxic to aquatic life and humans, 

making their removal a primary objective of wastewater treatment (Tchobanoglous and Schroeder, 1987; 

Camargo et al., 2005). Inorganic N is primarily removed through volatilization, uptake by 

microorganisms for cell growth, and nitrification and denitrification processes (Ferrara and Avci, 1982; 

Tchobanoglous and Schroeder, 1987).  

Ammonia in wastewater exists as a dissolved gas (NH3) or in ionized form (NH4
+
), with the 

equilibrium between these two forms pH dependent. Concentrations in raw domestic wastewater (U.S.) 

typically range from 12-50 mg/L depending on wastewater strength (Metcalf and Eddy, 2003). At high 

pH levels, the gaseous form dominates, and volatilization into the atmosphere is subject to its specific 

equilibrium between the water and atmosphere, as governed by Henry’s Law (Tchobanoglous and 
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Schroeder, 1987; Crites and Tchobanoglous, 1998). In a modelling study on a 1.49 hectare (ha), 1.2 metre 

(m) deep WSP system in Utah, Ferraro and Avci (1982) concluded that ammonia volatilization 

contributes to N removal during the summer when pH levels, temperatures and ammonia-N 

concentrations are high, but is otherwise not a significant removal mechanism. Additionally, Shammas et 

al. (2009) noted that ammonia is readily consumed by algae for cell growth, and at high pH, can be 

precipitated as MgNH4PO4 or more readily volatilized. 

Ammonia that does not volatilize or get assimilated into cell material is converted to NO2
-
 by 

Nitrosomonas bacteria, which is then converted to NO3
-
 by Nitrobacter microorganisms. These two joint 

processes are collectively known as biological nitrification, with stoichiometric reaction equations shown 

below (Equations 2.1 and 2.2) (Crites and Tchobanoglous, 1998; Lin et al., 2009). 

   
             

                 [2.1] 

   
             

          [2.2] 

These two processes yield energy, which are used by the nitrosomonas and nitrobacter genera of 

bacteria for cell growth (Metcalf and Eddy, 2003). Evidence by numerous researchers suggests that 

nitrification does not occur at a significant level in facultative WSPs, due to low populations of nitrifying 

bacteria in the aerobic zone (Ferrara and Avci, 1982; Reed, 1985; Shammas et al., 2009).  This may be 

driven by algae inhibition or sorption to settling particles (Ferrara and Avci, 1982). Another possible 

reason is the use of ammonia by algae for cell growth (Shammas et al., 2009). 

NO3
-
, as with NO2

-
 and ionized ammonia, remains highly toxic to freshwater invertebrates and 

animals, and must be assimilated for cell growth by microorganisms and algae or converted to another 

form in treatment to meet effluent quality standards (Camargo et al., 2005). NO3
-
 is the most highly 

oxidized form of N and can thus be successively reduced to N2 gas through a two-step process called 

anaerobic denitrification. Stoichiometric reaction equations are shown below (Equations 2.3 and 2.4) 

(Metcalf and Eddy, 2003). 

    
               

                    [2.3] 
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      [2.4] 

The two processes requires a carbon source (methanol, as shown in the reaction equations, is a 

common form) and yield energy for cell growth in heterotrophic bacteria. Domestic wastewaters 

generally have sufficient carbon content to drive this process, but certain effluents may require the 

addition of a secondary source such as ethanol to maintain the process (Metcalf and Eddy, 2003). The 

following genera perform denitrification: Achromobacter, Aerobacter, Alcaligenes, Bacillus, 

Brevibacterium, Flavobacterium, Lactobacillus, Micrococcus, Proteus, Pseudomonas, and Spirillum 

(Metcalf and Eddy, 2003). In facultative WSPs, this process will occur in the anaerobic or sediment zone, 

with the amount of denitrification occurring limited to the availability of NO3
-
 generated by nitrification 

in the aerobic zone (Ferrara and Avci, 1982). 

In their study, Ferrara and Avci (1982) found that the primary mechanism for organic N removal in 

facultative WSPs is sedimentation of biomass. Cell growth converts soluble inorganic into particulate 

organic N, indicating an overall transfer from inorganic to organic forms (Ferraro and Avci, 1982). With 

regard to inorganic N removal, they conclude that the primary mechanism is assimilation by microbes and 

algae, with is confirmed in studies by Yamamoto et al. (2010), Reed (1985), and Shammas et al. (2009). 

Shammas et al. (2009) also noted the importance of volatilization at high pH levels caused by excessive 

algae growth during the day (refer to Section 2.2.5.4). The assimilation of NO3
-
 into cell material is 

represented with the following stoichiometric reaction (Equation 2.5) (Metcalf and Eddy, 2003). 

    
                  

                       [2.5] 

With regard to effective N removal in WSPs, Shammas et al. (2009) suggest the avoidance of 

nitrification in upstream primary treatment processes, as ammonia is the most readily removed form 

through volatilization and assimilation by algae growth. Shammas et al. (2009) cited optimum N removal 

conditions in terms of a BOD/N/P ratio of between 78/13/1 and 16/8/1, where N is expressed as total 

Kjeldahl nitrogen (TKN) and P is expressed as total P. 
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2.2.2.4 Phosphorus 

P in wastewater generally exists as a phosphate (PO4
3-

) compound, which has three forms: 

orthophosphate, polyphosphate, and organic PO4
3-

 (Metcalf and Eddy, 2003; Barsanti and Gualtieri, 

2006). Orthophosphates are readily available for biological metabolism, whereas polyphosphates must 

first be hydrolyzed into orthophosphate, which can be a slow process in aqueous solutions (Barsanti and 

Gualtieri, 2006). Organic PO4
3-

 is generally of minor importance in domestic wastewater, and must be 

decomposed into orthophosphate, if it is present, prior to uptake by algae or plants (Crites and 

Tchobanoglous, 1998; Metcalf and Eddy, 2003). P removal in WSPs is marginal without the addition of 

alum or ferric chloride as precipitation agents (Crites and Tchobanoglous, 1998). The primary mechanism 

for PO4
3-

 removal that does occur is uptake by plants and algae into their biomass, which can account for 

25-50 % of removal. In addition, PO4
3-

 may precipitate into FePO4
3-

 at high pH levels and with the 

suitable presence of iron or calcium (Barsanti and Gualtieri, 2006; Shammas et al., 2009; Wang et al., 

2010). Shammas et al. (2009) cited optimum P removal conditions in terms of a BOD/N/P ratio between 

52/25/1 and 21/5/1. 

2.2.3 Temperature Effects 

The biological and chemical processes occurring in WSPs are temperature dependent, with a modified 

Arrhenius equation (Equation 2.6) most often used to express the effect of temperature on reaction rate 

(Shammas et al., 2009). Proper selection of a value for the correction factor (denoted by θ) is important 

(Table 2.1), as anaerobic decomposition is much more sensitive to temperature change than aerobic 

oxidation, with both processes occurring in facultative WSPs (Shammas et al., 2009). Algal 

photosynthesis and growth are also strongly influenced by temperature (Tilsworth and Smith, 1984). 

         
(    )          [2.6] 

where, kT is the coefficient at temperature T, k20 is the coefficient at 20°C, ϴ is a correction factor, and T 

is the temperature of the water (°C). 
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Table 2.1: Temperature correction factor (ϴ) values for WSPs by design type (Shammas et al., 

2009). 

Type of stabilization Suggested θ value 

Aerobic, high-rate aerobic, tertiary WSPs 1.03 – 1.04 

Facultative, aerobic-anaerobic WSPs 1.05 – 1.06 

Anaerobic WSPs 1.06 – 1.085 

2.2.4 Oxidation Reduction Potential 

The oxidation reduction potential (ORP) of a WSP is a useful qualitative measure of the system’s 

tendency to support reduction or oxidation (redox) reactions, measured in volts in relation to a standard 

electrode (Snoeyink and Jenkins, 1980). It is defined as the relative concentration of electrons in a system, 

with higher ORP values indicating the presence of more free electrons available for reduction reactions 

(Dodds, 2002). Water with a positive ORP can be interpreted as being in an oxidative state, as oxidation 

reactions are providing electrons to the system, which can further support reduction reactions, while 

negative ORP can be interpreted as being in a reductive state, as reduction reactions are consuming 

electrons and there is a deficit, in relation to the standard half-cell reaction of hydrogen oxidation to 

hydrogen ions (H
+
) (Dodds, 2002). Redox conditions can be visualized by plotting p-pC diagrams, with 

pH on the x-axis and the electron activity (p) on the y-axis (Snoeyink and Jenkins, 1980). A sample p-

pC diagram for the Amherstview WSP system is presented as Figure 3.5 in Chapter 3. p for a system is 

calculated with a form of the Nernst equation (Equation 2.7). 

    
     

       
           [2.7] 

where, p  is the electron activity, F is Faraday’s constant (96,485 C/mol), R is the gas constant (8.314 

J/mol-°K), and T is the water temperature (°K). At extreme values of ORP, water itself will be oxidized 

into DO (high ORP boundary) or reduced into hydrogen gas (low ORP boundary). The water oxidation 

boundary on the p-pC diagram is a straight line equal to p = 20.6 – pH, while the water reduction 

boundary is a straight line equal to p = -pH (Snoeyink and Jenkins, 1980). 
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2.2.5 Algae and Macrophyte Growth 

2.2.5.1 Species 

Algae are a broadly defined class of mostly autotrophic aquatic organisms that use photosynthesis to 

grow and produce DO, much like plants (Barsanti and Gualtieri, 2006). WSP systems, with large surface 

areas exposed to sunlight, high nutrient fluxes, and slow flow regimes, provide ideal conditions for the 

growth of algae and other aquatic plants (macrophytes), such as duckweed (Lemna spp.) and Eurasean 

Milfoil (Myrixc’ophyllum spicatum) (Crites and Tchobanoglous, 1998; Wood, 1999). There are three 

classes of freshwater algae that grow in WSP systems: green and motile green (chlorophyta), yellow 

green or golden brown (heterokontophyta), and blue-green (cyanophyta) species (Crites and 

Tchobanoglous, 1998; Barsanti and Gualtieri, 2006). Macrophytes are classed taxonomically as land 

plants (embryophyta) and are more complex than algae as they contain vascular tissues (Simpson, 2006). 

2.2.5.2 Photosynthesis 

All three classes of algae species found in WSPs produce oxygen from sunlight and CO2 with the aid 

of chl-a through a process called photosynthesis (Equation 2.8) (Barsanti and Gualtieri, 2006). CO2 for 

photosynthesis can be taken from carbonate ions (CO3
2-

) in the water, which are in equilibrium indirectly 

with atmospheric CO2 through the carbonic acid (H2CO3) and hydrogen carbonate (HCO3
-
) forms 

(Equations 2.9, 2.10, and 2.11). 

                
             
→           (    )           [2.8] 

      
      

[   (  )]

[   ( )]
, with    (  )               [2.9] 

        
      

[  ][    
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[     ]
         [2.10] 

        
       

[  ][   
  ]

[    
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         [2.11] 

Carbonates in water are measured with alkalinity, which is defined as the ability of a system to 

neutralize acids to the equivalence point of carbonate or bicarbonate. Total alkalinity comprises numerous 
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other compounds in addition to carbonate, including hydroxide (OH
-
), PO4

3-
, NO3

-
, and NH4

-
, but in 

natural water systems carbonate generally accounts for the majority of alkalinity (Snoeyink and Jenkins, 

1980). 

Photosynthesis is a temperature-driven process, which limits algae growth and most plant growth to 

the warmer months of spring, summer, and fall in northern climates, as in the Canadian context (Hikosaka 

et al., 2006). Additionally, only a small portion of the available solar energy at a given location can be 

fixed by algae cells. Photosynthetic efficiencies for algae are wavelength specific and usually lie between 

0.5-6.0 %. Photosynthetic efficiencies for land plants including macrophytes lie between 0.1-2.0% 

(Govindjee, n.d.; Zijffers, 2008). 

Chlorophyll is the green pigment found in the cells of green algae, cyanobacteria, and macrophytes, 

and provides the primary mechanism for photosynthesis by absorbing the sun’s energy for conversion to 

glucose. There are numerous types of chlorophyll, with chl-a being the most common (Speer, 1997; 

Lerner and Lerner, 2004). Photosynthesis is maximized at approximate wavelengths of 430 and 670 

nanometers, which correspond to the absorption maxima for chl-a (Whitmarsh and Govindjee, 1999). 

Approximately 1 to 2% of the dry weight of algae is chl-a (APHA, 2005; Huang and Cong, 2007). As a 

fluorescent compound, chl-a can be accurately measured in the field with fluorometric instruments, and 

thus provide an indication of algae and macrophyte levels in WSPs, as done by previous researchers 

(Weatherell et al., 2003; Torsten et al., 2005; Veeresh, 2010; Aiken et al., 2011; Amengual-Morro, 2012; 

Turner Designs, 2012). This technique offers the advantages of being more sensitive than other methods 

such as spectrophotometry, and has the ability to be measured in-vivo (Huang and Cong, 2007).  

Papageorgiou and Govindjee (1971) found that pH has a substantial effect on chl-a fluorescence in 

algae. For the green algae Chlorella pyrenoidosa, the decay rate of fluorescence reaches a maximum at 

pH values of 6-7, while slowing substantially in alkaline pHs. For the blue-green algae Anacystis 

nidulans, the growth rate of fluorescence reaches an optimum at pH values of 6-7. These results indicate 
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the potential effect of pH in measuring chl-a fluorescence, but do not provide any specific empirical 

correlations between them.  

2.2.5.3 Algae Growth 

Various elements and nutrients are required for algae growth, with 99.9% of algae biomass being 

composed of the following six elements: carbon (C), oxygen (O), hydrogen (H), N, sulfur (S), and P 

(Barsanti and Gualtieri, 2006). Of these, N and P are the most important nutrients, with CO2 the primary 

carbon source (Shammas et al., 2009). Additionally, the following metals are incorporated into biomass 

in smaller amounts: calcium (Ca), potassium (K), sodium (Na), chlorine (Cl), magnesium (Mg), iron (Fe), 

and silicon (Si). Other metals are required in trace amounts as catalyzers for specific metabolic processes. 

Abundant algae growth, as with other plants, is dependent on sufficient concentrations of each nutrient in 

the water. The nutrient in the lowest quantity with respect to the algae’s requirements is termed the 

limiting nutrient, and controls algae growth. Nutrient-limited growth is modelled mathematically with a 

Monod (Michaelis-Menten) equation (Equation 2.12) (Barsanti and Gualtieri, 2006). The specific growth 

rate can be determined from the change in algae biomass observed over a time period (Equation 2.13) 

(Levasseur et al., 1993). 

   
     [  ]

[  ]    
           [2.12] 

where, μ is the specific growth rate (d
-1

), μmax is the maximum specific growth rate (d
-1

), LN is the 

concentration of the limiting nutrient (mg/L), and Km is the half-saturation coefficient (mg/L). 

   
   (
  

  
⁄ )

      
           [2.13] 

where, μ is the specific growth rate (d
-1

), M2 is the biomass concentration at time 2 (mg/L), M1 is the 

biomass concentration at time 1 (mg/L), t2 represents time 2 (d), and t1 represents time 1 (d). 

When nutrient supply is in excess over an extended period of time, maximum growth rates will be 

sustained, leading to a phenomenon known as eutrophication. This phenomenon is characterized by 

continuous algal blooms, fueled by a continual excess supply of nutrients, and can lead to a series of 
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harmful effects: increased organic matter and TSS concentrations, DO depletion, and reduced biodiversity 

(Barsanti and Gualtieri, 2006). The effect of DO depletion for WSP systems can be caused by plant die-

off at lower levels due to shading caused by high concentrations of floating algae as well as die-off of 

algae blooms themselves, and the subsequent aerobic decomposition process by bacteria. Eutrophication 

is a phenomenon driven by nutrient availability, with N and P considered as the immediate limiting 

nutrients for algae growth. Barsanti and Gualtieri (2006) noted that N is often limiting in systems with 

higher salinities and low flows, such as marine ecosystems, while P is often limiting in freshwater 

systems.  

PO4
3-

 is the form of P that will limit algae growth in WSP systems, regardless of the quantity of N 

available (Barsanti and Gualtieri, 2006). Under aerobic conditions and an excess of nutrients in WSPs, 

heavy algae growth at the surface can cause die-off at lower levels, as stated above. As bacteria 

decompose the dead plant matter, they release PO4
3-

, causing a recycling of the nutrient. Some PO4
3-

 may 

precipitate as iron PO4
3-

 and become stored in sediment, but may become released as anoxic or anaerobic 

conditions develop (Barsanti and Gualtieri, 2006).  

N is the most important nutrient for algae growth as an essential component of many biological 

compounds such as proteins, chlorophyll, and enzymes (Crites and Tchobanoglous, 1998; Barsanti and 

Gualtieri, 2006). Cyanobacteria can convert atmospheric N to ammonia via fixation, which is then used 

for cell metabolism. The other classes of algae cannot fix atmospheric N, relying instead on fixed 

ammonia or NO3
-
 in the water for assimilation into cell constituents (Barsanti and Gualtieri, 2006). NO3

-
 

is the most thermodynamically stable form of inorganic N, but ammonia is most easily assimilated by 

algae (Barsanti and Gualtieri, 2006; Shammas et al., 2009). While a key nutrient, excessive N above the 

following concentrations will inhibit algae growth: ammonia-N in excess of 45 mg/L and NO3
-
-N in 

excess of 35 mg/L. The optimal ammonia-N concentration range for algae growth is 12-20 mg/L 

(Shammas et al., 2009). 
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2.2.5.4 Effects on Water Quality and Treatment Performance 

Light penetration in WSPs facilitates photosynthetic activity and algae growth, particularly for 

facultative and aerobic ponds (Crites and Tchobanoglous, 1998). As previously discussed, a symbiosis 

between algae and bacteria may develop in the upper layer of facultative WSPs, in which algal 

photosynthesis provides ample DO to fuel oxidation of N and P species into readily consumable forms by 

aerobic bacteria (Shammas et al., 2009). With the diurnal fluctuation of photosynthetic activity, DO levels 

tend to vary over the course of a day, with a peak in levels during daylight hours and generally 

corresponding to maximum photosynthetic productivity (Figure 2.3), although time lags between the two 

peaks are noted by Dowd et al. (2002) and in Chapter 5.  

 

Figure 2.3: DO concentration over the course of a day for a typical catfish pond in the United States 

(adapted from Lovell, 1980). 

During peak photosynthetic activity, pH levels can rise to above 9.0, as CO3
2-

 and HCO3
-
 are 

consumed to produce CO2 for cell growth and OH
-
 ions are left in excess (Crites and Tchobanoglous, 

1998; Kayombo et al., 2005; Barsanti and Gualtieri, 2006; Veeresh et al., 2010). High pH levels (above 

9.0) kill fecal coliforms (Kayombo et al., 2005; Spuhler, 2011) but are harmful to the aquatic health of 

receiving environments (Viessman et al., 2009). While individual fish species may tolerate certain pH 



 

24 

 

levels, Falter and Cech (1991) noted that in many freshwater species, detrimental effects and mortalities 

are observed with pH levels of 9.0 and above. 

In WSPs, DO levels may rise above saturation with high photosynthetic production, which can be 

harmful to fish and may even contribute to floatation of algae (Arbelaez et al., 1983; Boyd et al., 1994). 

Saturation is defined as the maximum concentration of oxygen that can dissolve in water under 

equilibrium conditions. The saturation solubility of DO in water decreases as temperature rises (Snoeyink 

and Jenkins, 1980). Supersaturation harms fish through a mechanism termed gas bubble trauma, in which 

gas bubbles form in internal organs and tissue, causing dysfunctions to metabolic activity (Boyd et al., 

1994).  

2.2.5.5 Metal Uptake by Algae 

Algae are known to remove and concentrate metals from solutions through sorption due to their large 

surface areas and high binding affinity (Hamdy, 2000; Wang et al., 2010). In a study of wastewater 

treatment with algae cultures, Wang et al. (2010) determined that high removal efficiencies were possible, 

with rates ranging from 56.6% to 100%, for aluminum (Al), iron (Fe), magnesium (Mg), manganese 

(Mn), and zinc (Zn). In a study of bioaccumulation by two green algae blooms, Doshi et al. (2008) found 

that algae could  uptake copper at a rate of 819 and 576 mg of copper (Cu
2+

) per gram of algae biomass. 

Additionally, a common bright green freshwater algae, Closterium moniliferum, is known to form 

strontium, barium, and sulfate crystals, with barium being necessary for strontium deposition in its 

vacuoles (Potera, 2011). Algae biomass needs to be removed from the system to prevent the accumulated 

metals to return to the water column or become sequestered in the sediments. 

2.2.6 Existing Models 

Numerous models have been developed to mathematically describe the biological, physical, and 

chemical processes occurring in the three types of WSPs. Of the numerous existing models on WSP 

dynamics compiled by Sah et al. (2012), two of the dynamic models listed incorporate algae growth with 

nutrient and carbon removal for facultative ponds (Table 2.2). 
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Table 2.2: Existing dynamic mathematic models for facultative WSPs that have incorporated algae 

growth (adapted from Sah et al., 2012). 

Aspect 
Reference 

Moreno-Grau et al. (1996) Beran and Kargi (2005) 

Key features 

“Mathematical model 

describing wastewater 

treatment using microphytes 

and macrophytes. Plug flow 

regime assumed (Sah et al., 

2012).” 

“Model is able to predict the 

variation of COD, NH4-N, 

PO4-P, DO, bacterial and algal 

concentration along the length 

and depth of the pond (Sah et 

al., 2012).” 

Water quality 

- Aerobic-anoxic carbon 

removal 
Y Y 

- Anaerobic carbon removal Y Y 

- N removal Y Y 

- P removal Y Y 

- Escherichia coli removal Y N 

Type 1D 2D 

Thermal balance Y Not specified 

Sensitivity analysis N Y 

Validation 
Y (experimental wastewater 

treatment system) 

N (calibration on data from full-

scale facultative pond) 

2.3 Hybrid-passive Systems for Landfill Leachate Treatment 

2.3.1 Leachate Characteristics 

Leachate produced in MSW landfills is a wastewater composed of numerous contaminants, due to the 

highly variable and toxic nature of MSW. It can infiltrate groundwater aquifers and flow into surface 

waters and cause serious effects to soil, groundwater and surface water if it is not sufficiently treated prior 

to discharge. As waste decomposition in landfills continues well past landfill closure, leachate production 

is ongoing, creating a long-term treatment burden. Additionally, leachate composition changes over time 

in response to the transition from aerobic degradation to anaerobic digestion and the resulting changes in 

the reduction-oxidation potential of the waste. Generally speaking, it is a coloured, anoxic liquid 

containing high levels of organic compounds, N, heavy metals, and chlorinated organic salts (Speer, 

2011; Speer et al., 2012). Landfill maturation progresses through four phases that change the quantity and 

composition of leachate produced as the waste ages. In the first phase, consumption of oxygen and readily 
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degradable organic matter produces leachate high in TSS, BOD, ammonia, and metals, characterized by 

low pH levels, dark to black colour, and strong odour (Speer, 2011; Speer et al., 2012). In the second 

phase, oxygen is depleted and anaerobic decomposition via fermentation takes over, resulting in the 

decomposition of the more complex organic constituents. Specifically, BOD is decreased as these 

constituents are consumed, ammonia is converted to NO3
-
 and NO2

-
 as nitrification and denitrification are 

supported, and metals become less soluble in the leachate due to pH rise and increasing alkalinity. 

Anaerobic decomposition via methanogenesis progresses in the third phase, with growing populations of 

methanogenic bacteria, and reaches a steady state as bacteria populations stabilize in the fourth phase 

(Speer, 2011; Speer et al., 2012). Throughout all phases, COD – from the presence of humic and fulvic 

acids – and total N remain high. Leachate composition becomes steady in the fourth phase, similar to the 

properties described for the second phase, with low BOD:COD ratios, high N levels consisting of NO3
-
 

and NO2
-
, and high pH and alkalinity production. The colour softens to yellowish hues, and odour 

disappears (Speer, 2011). Once maturity is reached, leachate production remains steady so long as there is 

a consistent source of moisture, from precipitation or recirculation (Speer, 2011). 

Of the constituents of landfill leachate, N (in ammonia form), heavy metals, and organic matter 

(indicated as COD) are considered important due to their acute toxicity to aquatic systems (Chiemchaisri 

et al., 2009; Sawaittayothin and Polprasert, 2006). Additionally, as a measure of pH buffering capacity, 

alkalinity is an essential indicator of the health of a receiving aquatic environment (Neal, 2001). The 

dynamic nature of leachate composition over time requires operational flexibility and robustness in the 

chosen treatment system (Speer, 2011; Speer et al., 2012). 

2.3.2 Types and System Characteristics 

Passive treatment systems can be classified as open-channel flow or flow through porous media 

systems, based on their hydraulic properties. Open-channel flow systems are called free water surface 

(FWS) CWs if they contain vegetation, and WSPs if they do not. Open-channel systems may be modelled 

as continuously stirred tank reactors (CSTRs) or plug flow reactors (PFRs) based on flow patterns. 
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CSTRs assume complete mixing in the reactor volume while PFRs assume 2-dimensional mixing 

transverse to the flow path of the volume. The characteristics of WSPs were presented in Section 1.2.1. 

Flow through porous media systems are called subsurface flow CWs if they contain vegetation, and 

biological filters if they do not (Speer, 2011). There are two configurations for subsurface flow CW or 

biological filters: horizontal subsurface flow (HSSF) and vertical flow (VF) (Kayombo et al., 2005; 

Kadlec and Wallace, 2009). Flow through porous media systems are modelled as PFRs due to the 

controlled direction of flow (Speer, 2011). 

FWS CWs have areas of open water containing floating and emergent vegetation, as well as a layer of 

gravel or soil media for plants to root in (Kayombo et al., 2005; Vymazal et al., 2006). Control of water 

levels can be accomplished with numerous design features based on local regulations and soils, including 

berms, dikes, and liners (Kadlec and Wallace, 2009). The open water surface generally limits FWS CWs 

to polishing pre-treated wastewater, due to potential pathogen exposure to humans, but also provides 

numerous ancillary benefits such as wildlife habitat and human recreation (Kayombo et al., 2005; Kadlec 

and Wallace, 2009). Kadlec and Wallace (2009) noted that FWS systems are suitable in all climates; 

however, in the winter season, ice formation can slow system flow and the cold temperatures can halt 

certain biological or chemical treatment processes. With shallow depths of 20-40 centimeters (cm), FWS 

systems are land intensive (Vymazal et al., 2006; Vymazal, 2010), a factor which must be considered in 

land use policy and planning, as further discussed in Section 4.0. FWS CWs are cost-competitive to 

conventional technologies and are generally the least expensive CW configuration, provided sufficient 

land is available (Kadlec and Wallace, 2009). 

In contrast to FWS CWs, the water level in HSSF and VF CWs remains below the media surface, thus 

improving operation in cold conditions due to the media’s insulating effect (Kadlec and Wallace, 2009). 

HSSF CWs treat water as it flows horizontally through a primary media such as gravel or soil (Vymazal 

et al., 2006). Due to space and cost considerations, HSSF systems are generally limited to smaller flow 

rates, which is reflected in their historical implementation for secondary treatment in domestic and 
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smaller community settings (Kadlec and Wallace, 2009). VF CWs distribute water evenly across a surface 

layer consisting of sand, gravel, or other soil materials planted with vegetation. Water is treated as it 

percolates downward through the layered media and plant roots. Conversely, in an upflow configuration, 

water is treated as it is forced upwards (Kadlec and Wallace, 2009; Vymazal, 2010).  Clogging of 

subsurface flow systems due to solids filtration, biofilm formation, or precipitation of inorganic 

substances is a known operational concern. Speer (2011) discusses the importance of increasing oxygen 

transfer in the system through aeration in reducing clogging of organics and also notes the beneficial role 

of vegetation in preventing buildup of these substances. Pre-treatment of leachate is effective in reducing 

the solids content and removing inorganic constituents and can thus prevent clogging in subsurface flow 

systems (Speer, 2011; Speer et al., 2012). 

Active treatment systems consist of chemical and/or energy input, generally in the forms of coagulant 

and flocculant chemicals and mechanical aeration/mixing, respectively (Metcalf and Eddy, 2003). These 

inputs contribute to the settling of particulate constituents such as organic, metal, and nutrient compounds 

and the biological breakdown of organic components. These systems are considered more conventional, 

and are commonly applied in wastewater and leachate treatment. They are also termed biological reactors 

and, as with passive systems, are configured as either CSTRs or PFRs. Active treatment can be combined 

with passive treatment in hybrid-passive systems, with each type as an individual step in the overall 

process (Speer, 2011; Speer et al., 2012). 

2.3.3 Treatment Mechanisms 

Removal mechanisms for organic matter, TSS,N, and P, and other components such as phenols and 

sulphates are similar to those active in WSPs. Physical and chemical processes consist of volatilization, 

filtration, sorption to media and vegetation, ion exchange, and precipitation. Biological processes include 

aerobic decomposition, anaerobic digestion, and uptake by algae and aquatic vegetation (Speer, 2011). 

Metals may react with species present in soil and other media and vegetation to form insoluble complexes 

and precipitate, based on pH levels and the presence of carbonate. The addition of alkalinity in pre-
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treatment can promote complexation and precipitation of metals (Speer, 2011; Speer et al., 2012). 

Additionally, many plant species can uptake metals into cell biomass through a process referred to as 

phytoremediation (Salt et al., 1998). 

Much like WSP systems, passive treatment systems require sufficient DO for aerobic decomposition 

of organic matter, and redox potential will vary by specific local conditions. Flow through porous media 

systems facilitate biological attachment, which can enhance treatment, but have reduced oxygen transfer 

as the leachate is not in continued contact with the atmosphere (Speer, 2011).  

2.3.4 Temperature Effects 

Like WSP systems, the biological and chemical processes occurring in passive treatment systems for 

landfill leachate are temperature dependent, with a modified Arrhenius equation (Equation 2.6) most 

often used to express the effect of temperature on reaction rate (Shammas et al., 2009). Proper selection 

of the θ value is important (Table 2.1), as anaerobic decomposition is much more sensitive to temperature 

change than aerobic oxidation (Shammas et al., 2009). Open channel flow systems will be more highly 

impacted by atmospheric temperature than subsurface flow systems, as the leachate is directly in contact 

with the atmosphere (Speer, 2011). In surveying existing studies, Speer (2011) noted that temperature had 

a greater effect on nitrification than on organic matter oxidation, as heterotrophic (rely on an external 

source for organic carbon (Encyclopaedia Britannica, 2013)) colonies in the latter could shift populations 

under colder temperatures to continue to reduce BOD, while autotrophic (can produce organic carbon 

themselves (Encyclopaedia Britannica, 2013)) colonies in the former could not. Thus, the reaction rate is 

not applicable to BOD removal but remains useful for adjusting nitrification rates (Speer, 2011). 

Insulation can provide an important protective barrier to dramatic temperature changes in cold 

climates for sub-surface flow systems.  Speer (2011) noted numerous studies that report complete 

nitrification with ambient temperatures as low as -26°C due to insulation, but cautioned that insulation 

can prevent oxidation if aeration becomes limited and highlights the benefits of pre-treatment to reduce 

oxygen demand and thus prevent the establishment of unfavourable anaerobic conditions in the system.  
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Biological uptake and physical sorption of metals in these systems are also temperature dependent, with 

improved removal generally positively correlated to temperature (Speer, 2011). 

2.4 Multivariate Statistical Analysis 

2.4.1 Correlations Analysis 

Correlation coefficients measure how variables change relative to each other and thus how strongly 

they are linked. Under the PCA platform, JMP® calculates a matrix of correlation coefficients, which are 

the dimensionless Pearson’s r values (Equation 2.14). They are between -1 and 1, where a highly 

negative or positive value indicates the strength of the correlation, and the sign indicates whether the 

correlation is positive or negative. Two variables are positively correlated if they increase together and are 

negatively correlated if one increases while one decreases, and vice versa. The coefficient does not 

indicate which variable acts in which way and does not describe the magnitude of the slope of the linear 

relationship (Rodgers and Nicewander, 1988; SAS, 2013a).  

   
∑ (     ̅)(     ̅)
 
   

√∑ (     ̅)
  

   √∑ (     ̅)
  

   

         [2.14] 

where, r is the dimensionless Pearson correlation coefficient,  ̅ represents the mean of values for variable 

X, Xi is observation i for variable X,  ̅ represents the mean of values for variable Y, Yi is observation i for 

variable Y, and n is the number of observations. 

When data is nonparametric and does not fit any particular distribution, a more appropriate measure of 

statistical dependence between two variables is the Spearman’s ρ coefficient. It calculates the linear 

correlation between ranked variable data instead of raw values, using the same formula for Pearson’s r. 

Instead of individual samples (Xi and Yi), the ranks of these samples (xi and yi) are used. Ranks are based 

on the relative position of each sample within the variable data set (SAS, 2013a). 
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2.4.2 Principal Components Analysis 

PCA is a standard multivariate statistical analysis method used to reduce dimensionality (number of 

variables) and understand the variables that contribute most to the variance observed in the samples. It 

also helps in discovering patterns and relationships in the data not easily observed. Determining the 

variables contributing most to the variance is done by extracting a set of PCs – linear combinations of the 

original variables that are uncorrelated with each other – which account for most of the variability (Zitko, 

1994; Groth et al., 2013). PCA is commonly applied in the study of environmental variables, due to the 

large number of parameters contributing to water chemistry and biology, and the non-parametric nature of 

these parameters (Zitko, 1994; Abdi and Williams, 2013). As with other multivariate techniques, PCA is 

sensitive to missing data and data sets with missing entries generally require some form of pre-processing 

to remove incomplete data or to fill it in with estimated values (Pop et al., 2009). For a few missing 

values, removal of the sample row(s) is acceptable. However, with more incomplete data sets, simply 

removing the row(s) with incomplete entries can exclude too much information about the variables and 

lead to incomplete analysis. There exist numerous methods to handle missing data; with imputation being 

commonly used and producing satisfactory results (Jolliffe, 1986). 

PCA produces three sets of metrics for n variables and m samples: n eigenvalues of the PCs, a n x n 

matrix of the loadings on the PCs, and a m x n matrix of the PC scores. Eigenvalues are a measure of the 

amount of variance explained by each PC, and are the primary tool for deciding which PCs to keep and 

which to omit from further analysis (Groth, 2013; SAS, 2013b). For example, an eigenvalue higher than 

one means that the PC explains the variance of at least one variable, with each variable contributing one 

unit of variance to the total variance (Suhr, 2005). The loadings matrix indicates the correlation of 

variables to PCs, with one entry equal to the correlation coefficient between a specific variable and a PC. 

The PC scores matrix represents the score of each PC on an individual sample, with m samples, and n 

scores (SAS, 2013b). A score of a sample on a PC (PCscore) is calculated by summing the product of the 

observed sample value (Valuevar) by the variable loading on the PC (PCload,var) (Equation 2.15). 
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           [2.15] 

Selecting the number of PCs and variables, p, to retain for interpretation is done by applying a 

specified criterion. King and Jackson (1999), Suhr (2005), and SAS (2013a) presented the following 

commonly applied criteria to retain PCs: (1) with eigenvalues greater than 1 (Kaiser’s criterion) or 

another value, such as 0.6; (2) situated before the ‘elbow’ in the curve on a Scree plot; (3) that explain a 

minimum proportion of the variance (such as 5-10%); (4) that contribute to a level of the cumulative 

proportion of the variance explained (such as 80-90%); (5) such that the ratio of observations to variables 

is 3:1; and (6) using the Broken-Stick distribution model. Two applications of the Broken-Stick model for 

variable selection are presented. King and Jackson (1999) stated that p should equal the number of 

components whose eigenvalues are larger than the eigenvalues generated by the Broken-Stick model 

(Equation 2.16) for each component. 

    ∑
 

 

 
              [2.16] 

where, p is the number of components and bk represents the eigenvalue generated by the Broken-Stick 

model for the k
th
 component.  

Peres-Neto et al. (2003) presented the following procedure for selecting p: (1) square the PC loadings 

matrix; (2) calculate eigenvalues from a Broken-Stick distribution (Equation 2.17); (3) retain the squared 

loadings that are larger than the eigenvalues determined in (2) for each PC; (4) count the number of 

squared loadings retained in (3) for each PC; and (5) set p as the maximum number of loadings retained 

within a PC. 
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              [2.17] 

where, p is the number of components and bk represents the eigenvalue generated by the Broken-Stick 

model for the k
th
 component.  

Selecting p variables to retain for further analysis can be accomplished through Methods B2 and B4 

detailed in Jolliffe (1986) and King and Jackson (1999). A PCA run is performed on the original K 
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variables and n observations, with p variables and components retained based on the chosen criteria and 

method. In method B2, each variable most highly correlated to the last K-p components, identified by 

highest absolute loading value, is rejected sequentially. In method B4, each variable most highly 

correlated to the first p components, identified by highest absolute loading value, is retained sequentially 

(Jolliffe, 1986; King and Jackson, 1999). The p variables that are kept are considered to be those that 

account for most of the variation in the data, while the K-p variables are considered redundant in 

explaining the data (King and Jackson, 1999). Further PCA runs on datasets reduced to p variables can be 

evaluated for goodness of fit relative to the original datasets. King and Jackson (1999) presented a 

formula for calculating a weighted measure of similarity (Q) between 0.0-1.0 (Equation 2.18), with 0.0-

0.2 a poor fit, 0.2-0.8 an average fit, and 0.8-1.0 a good fit.  

   
∑      
 
   

∑  
           [2.18] 

where, vi is the fraction of total variance accounted for by the ith component, ri is the correlation 

coefficient between the ith components of the reduced and original datasets, and vp is the fraction of total 

variance accounted for by the p variables retained (King and Jackson, 1999).  

2.4.3 Regression Analysis 

There are numerous methods for regression analysis on datasets with many variables, which generally 

involve predicting a dependent variable (response) based on a series of independent variables (predictors 

or regressors). If there are many observations relative to the number of variables, then ordinary multiple 

regression is appropriate. If that number is smaller, multicollinearity will render ordinary regression 

inappropriate, and more complex methods such as PC regression or PLS regression are often applied 

(Abdi, 2003). PC regression is similar to ordinary multiple regression, with the individual PCs and their 

scores determined in PCA used in place of the independent variables and their observation values (Abdi, 

2003; Liu et al., 2003). Multicollinearity is not a problem because the PCs are orthogonal and thus 

completely uncorrelated to each other. However, since the PCs are explaining the independent variables 
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and not the dependent one, careful selection of the appropriate number of PCs is required (Abdi, 2003). 

PLS regression functions by searching for a series of components, termed latent vectors, which explain 

both the independent and dependent variables by accounting for greatest degree of covariance between 

each of the independent variables and the dependent variable (Abdi, 2003). It also handles 

multicollinearity, as the latent vectors determined are uncorrelated with each other (Abdi and Williams, 

2013, p. 569).  

2.4.4 Time Series Analysis 

Time series analysis can provide an indication of how variables change relative to each other over 

time, and whether there are lags in responses between the variables. The main diagnostic to compare 

variables is the cross-correlation coefficient, which is the same as the Pearson’s r coefficient, with one of 

the variables lagged by one or more time steps (i + k) (Equation 2.19). At each time step lag, the cross-

correlation coefficient provides the same information as the Pearson’s r value regarding the relationship 

between the two variables. A high cross-correlation value indicates a strong positive or negative 

relationship between the two variables with the lag (Chatfield, 1989).  

   
∑ (     ̅)(       ̅)
 
   

√∑ (     ̅)
  

   √∑ (       ̅)
  

   

         [2.19] 

2.5 Summary 

WSP systems are extensively used in Canada for wastewater treatment in small communities, where 

minimal energy requirements and low capital and operating costs are desired and large land areas are 

available. There are four primary types of WSP: anaerobic, facultative, partial-mix aerated, and aerobic. 

Treatment mechanisms for organic matter, TSS, N, and P are complex and interrelated, but consist 

broadly of bacterial oxidation in aerobic conditions, anaerobic decomposition, sedimentation and 

precipitation, algae and macrophyte growth, and volatilization. Due to their retention times, open surface 

areas, and lack of energy inputs, WSPs are unique and unlike conventional treatment processes. Algae 

growth is an important treatment mechanism for the biologically available forms of N and P, but 
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excessive amounts can raise pH to unacceptable levels in terms of effluent standards. This is primarily 

due to the high consumption of CO2 from carbonate alkalinity for cellular carbon, and the resulting 

creation of OH
-
 in the water and a rise in pH. The redox state of the water in WSPs can indicate the 

predominance of reduction or oxidation reactions, which will generate or consume H
+
 and also shift pH.  

Additionally, the temperature regime of the WSP water and surrounding air plays an important role in 

shifting chemical processes.  

Landfill leachate is a highly toxic wastewater generated in MSW landfills, consisting of organic 

compounds, nutrients, metals, chlorinated organic salts, and sulfur compounds (Speer, 2011; Speer et al., 

2012). Its treatment with passive systems such as biofilters and CWs has been demonstrated by numerous 

researchers and can be effective in cold climates, particularly when combined with an active treatment 

component to maintain consistent temperature (Speer, 2011; Speer et al., 2012).  Flow through porous 

media passive treatment systems share many of the same treatment mechanisms involved in WSPs and 

FWS CWs, with the media providing sorption and ion exchange capacity for the pollutants and settling 

processes not occurring.  All passive systems are affected by ambient temperature, as the reaction rates of 

biological and chemical processes shift thermodynamically.  Numerical adjustments to account for 

ambient temperature are widely reported in the literature. 

Multivariate statistical techniques are useful for determining relationships between parameters in large 

datasets and are particularly valuable in assessing performance of passive systems such as WSPs and 

biological filters.  Passive systems, as complex systems with many interacting parameters, are challenging 

to model and predict (Ouali et al., 2009).  Correlations analysis, PCA, and PC and PLS regressions can be 

used together to understand and interpret large environmental datasets containing many interdependent 

variables.  Time series analysis is valuable for detecting the presence of dynamic time lags between one 

or more variables. 
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Chapter 3 

Multivariate Statistical Analysis of Water Chemistry Dynamics in Three 

Facultative Wastewater Stabilization Ponds with Algae Blooms and pH 

Fluctuations 

3.1 Abstract 

The wastewater stabilization ponds (WSPs) at the Amherstview Water Pollution Control Plant 

(WPCP) in Amherstview (Ontario, Canada) have experienced excessive algae growth and high pH levels 

in the summer months since 2003. A full range of parameters were monitored throughout the system and 

the chemical dynamics in the three WSPs were assessed through multivariate statistical analysis. The 

study presents a novel approach for exploratory analysis of a comprehensive water chemistry dataset, 

incorporating principal components analysis (PCA) and partial least squares (PLS) and principal 

components (PC) regressions. The analyses showed strong correlations between chlorophyll-a (chl-a) and 

sunlight, temperature, organic matter, and nutrients, and weak and negative correlations between chl-a 

and pH and chl-a and dissolved oxygen (DO). PCA reduced the full dataset from 19 to 8 variables, with a 

good fit to the original data matrix (similarity measure of 0.73). Multivariate regressions to describe 

system pH were performed on the reduced variable dataset and the PCs generated, for which strong fits 

(R
2
 > 0.79 with all data) were observed. While not evident from the data, algae growth is likely the 

principal driver of pH and DO changes and a dynamic lag between these three parameters is suspected 

and supported in the literature. Continuous monitoring is warranted to measure the degree of lag between 

chl-a, DO, and pH. 

3.2 Introduction 

Much of the world’s freshwater is under threat of decline due to a number of pressures including: 

overconsumption from growing populations, overdrawing for irrigation, hydrological impacts from 
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climate change, agricultural runoff, and pollution from municipal and industrial effluents (Cunningham et 

al., 2003). Of these pressures, perhaps the most easily addressed is pollution from wastewater effluents, as 

they are often point sources which can be mitigated directly through known practices and technologies. In 

developed nations, stringent regulations exist to ensure that wastewater effluents are sufficiently treated to 

remove nutrients, pathogens, and other contaminants prior to discharge. The large, centralized treatment 

facilities favoured in these nations have high capital and operation and maintenance costs, and are 

generally energy intensive (Sundaravadivel and Vigneswaran, 2001; UN, 2008). In developing nations, 

centralized systems are too expensive to build and maintain, frequently leading to direct discharge of raw 

untreated sewage (Mara, 2001; Sundaravadivel and Vigneswaran, 2001; UN, 2008). Both situations may 

benefit from sustainable treatment technologies that carry lower capital and operating costs and require 

minimal energy input, while sufficiently treating effluents to minimize ecological impacts and human 

health risks. 

WSPs, commonly implemented as a treatment step in small and rural community facilities (Steinmann 

et al., 2003), are a potentially sustainable wastewater treatment technology with low capital costs, as well 

as low energy and maintenance requirements (Steinmann et al., 2003; Shammas et al., 2009). However, 

as passive systems with high nutrient concentrations, WSPs can promote the excessive growth of algal 

biomass, particularly during the summer months, where temperatures and sunlight are highest (Steinmann 

et al., 2003). This growth, while contributing to significant N and P removal, can lead to increases in pH 

(Shammas et al., 2009), and may thus perpetuate water quality issues in the receiving environment(s). 

WSPs are highly complex open systems, as they are subject to ambient environmental conditions and a 

number of interacting parameters, thus presenting unique challenges for modelling and performance 

prediction (Ouali et al., 2009). Numerous mathematical models for WSPs exist, as presented by Sah et al. 

(2012) (Table 2.2), but these generally focus on a few aspect(s) of WSP design and performance such as 

N removal, hydraulics, and/or disinfection. Mathematical modelling can be useful in optimizing WSP 

design and treatment and for validating field measurements. To understand the interactions between 
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parameters from recorded field data, and to fully characterize WSPs, multivariate statistical modelling is 

appropriate (Ouali et al., 2009). To date, much of the multivariate statistical work using wastewater data 

has largely focused on monitoring and process control, particularly for conventional treatment systems 

(Lee et al., 2004; Aguado and Rosen, 2008). However, some research has been conducted for passive or 

semi-passive treatment systems. Over a 7-year period, Miettinen et al. (2004) performed an intensive 

characterization of a lagoon system comprising 11 ponds in series for 19 parameters. The study included 

chl-a, but excluded P species, which is often the limiting nutrient for algae growth in freshwater systems 

(Barsanti and Gualtieri, 2006; Wang et al., 2010). Ouali et al. (2009) conducted a study focusing on a 

multivariate analysis of three parameters (oxygen demand, suspended solids and temperature) over 12 

years for an aerated lagoon, in order to evaluate treatment performance and highlight the importance of 

multivariate statistical techniques for large datasets. Dong and Reddy (2010) examined the relationships 

between N, P, COD, and microbial diversity and growth with PCA for two anaerobic lagoons treating 

swine wastewater.  

A full characterization spanning a wide spectrum of water quality parameters (N, P, oxygen demand, 

solids, chl-a) for WSPs using multivariate statistical methods has not been reported. Zang et al. (2011) 

noted the need for further research on complex waters with relatively low (under 10 μg/L) chl-a 

concentrations. This study aims to fill this gap by evaluating a system of three WSPs operating in series 

that have experienced high pH levels and excessive algae growth since 2003. Over a 4-month period from 

mid-summer into early fall, a comprehensive set of water chemistry parameters were sampled weekly and 

analyzed using correlation analyses, PCA, and PC and PLS regression analysis.  

3.3 Methods 

3.3.1 System Overview 

In this study, three WSPs of the Amherstview WPCP in Amherstview, Ontario, Canada were sampled 

over a 4-month period. The WPCP, which currently services a population of over 10,000 and treats an 

average of 3,500 m
3
/day of municipal wastewater, consists of a direct activated sludge treatment process, 



 

45 

 

followed by tertiary treatment and effluent polishing in three WSPs operated in series. The WSPs were 

constructed separately starting in 1964, with the addition of the direct activated sludge process in 1996 

(the main plant). All WSPs were designed as facultative systems for polishing, disinfection, stabilization 

of municipal wastewater (CH2M Gore and Storrie, 1997). Due to historic numbering of the WPSs, they 

are identified in order of flow as 2, 1, and 4 (Figure 3.1), and have surface areas of 48,600 m
2
, 28,200 m

2
, 

and 31,200 m
2
, respectively, based on 2012 aerial mapping (Table 3.1). They were constructed with 

operating depths of 1.37 m, 1.52 m, and 1.68 m, respectively (Table 3.1) (CH2M Gore and Storrie, 1997), 

but significant sediment accumulation over a number of years has reduced their average operating depths 

considerably, apart from WSP#2, where dredging increased the depth. Depth measurements performed in 

the summer of 2012 estimated the current depths to be 1.61 m, 1.42 m, and 1.17 m respectively (Table 

3.1).  Baffles were installed in each WSP in 2009-2010 to increase the overall hydraulic retention time 

(HRT) of the system (Figure 3.1). HRT values were calculated from the WSP volumes determined in the 

summer of 2012 and the average of the plant effluent and WSP#4 effluent flow rates. Sampling was 

conducted in the direction of wastewater flow at four points: the wastewater treatment plant effluent 

channel (PL), WSP#2 effluent chamber (WSP#2), WSP#1 effluent chamber (WSP#1), and WSP#4 

effluent chamber (WSP#4). Figure 3.2 presents a photograph of each WSP taken on July 6, 2012, 

representing the summer conditions in the WSPs that have been observed. 

Table 3.1: Area, volume, and depth of the Amherstview WPCP WSPs, based on design values and 

summer 2012 measurements (computed from depth measurements and aerial mapping). 

 
Surface area (m

2
) Volume (m

3
) Depth (m) Mean HRT (d) 

WSP Design Computed Design Computed Design Measured Design Computed 

2 53,400 48,600 73,200 78,246 1.37 1.61 15 16 

1 30,400 28,200 46,200 40,044 1.52 1.42 10 8 

4 30,400 31,200 51,100 36,504 1.68 1.17 11 8 

Total 114,200 108,000 170,500 154,794 4.57 4.2 36 33 
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Figure 3.1: Amherstview WPCP WSP system overview, showing the configurations of WSP#2, 

WSP#1, and WSP#4. 

a.  b.  c.  

Figure 3.2: WSP conditions as photographed on July 6, 2012; (a) WSP#2, (b) WSP#1, (c) WSP#4. 

3.3.2 Parameters of Interest 

The parameters of interest (Table 3.2) were measured with field probes and in the laboratory according 

to the Canadian Association for Laboratory Accreditation (CALA) accredited methods and approved 

methods as provided in Standard Methods for the Examination of Water and Wastewater (APHA, 2005). 

Fluorometric determination of chl-a, as an indicator of green algae, was performed with a Hydrolab® 

DS5 probe. Key quality indicators measured consisted of pH, temperature, DO, alkalinity, TSS, 

conductivity, ORP, N species, and P species. pH and temperature were measured with a Hach© HQ40D® 
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probe, DO was measured with an Aysix© 3100 probe, alkalinity and TSS were determined in the 

laboratory, and conductivity and ORP were measured with a Hydrolab® DS5 sonde. Ground solar 

insolation data for the area was obtained from the National Aeronautics and Space Administration’s 

(NASA) Surface meteorology and Solar Energy (SSE) database, available through Natural Resources 

Canada (NRC)’s RETScreen® software  (NASA, 2012). NH3, NH4
+
, TKN for determination of organic 

N, NO3
-
, and NO2

-
 were determined in the laboratory. Only the total inorganic and reactive P 

(orthophosphate) species were determined (in the laboratory), due to their importance as nutrients for 

algae growth. Polyphosphate and organic PO4
3-

 species are considered relatively negligible in wastewater 

(Metcalf and Eddy, 2003). The cBOD and COD species were determined. Less frequent determination of 

total BOD was performed for evaluating the influence of nitrifying bacteria in the WSPs.  

The selection of metals to be determined was based on an 8-week monitoring period of the total 

fractions of the twenty-four metals listed (Table 3.3). Those with more than one detected result were 

further sampled at two instances, for total and soluble fractions. Of the metals detected, only six were 

determined to be significant in subsequent monitoring, based on values well above the minimum 

detection limit (DL): calcium, copper, iron, magnesium, manganese, strontium, and zinc. All species, with 

the exception of strontium, are macro- or micro-nutrients for biological life and are known to be present 

in wastewater (Metcalf and Eddy, 2003). Strontium may be present due to the geology of the clay and 

rock surrounding the WSPs. 
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Table 3.2: Parameters of interest for summer and fall 2012 WSP effluent monitoring at the 

Amherstview WPCP. 

Classification Parameter Frequency Method 

Algae and 

Cyanobacteria 

Chlorophyll-a Weekly Hydrolab® DS5 Probe 

Phycocyanin Weekly Hydrolab® DS5 Probe 

Water quality 

pH Weekly Hach© HQ40D® Probe 

Alkalinity Weekly 
American Public Health Association 

(APHA) Standard Method 2320B 

Temperature Weekly Hydrolab® DS5 Probe 

ORP Weekly Hydrolab® DS5 Probe 

Conductivity Weekly Hydrolab® DS5 Probe 

DO Weekly Aysix© 3100 Probe 

Total suspended solids Weekly APHA Standard Method 2540D 

Nitrogen species 

Ammonia Weekly APHA Standard Method 4500-NH3-H 

Unionized ammonia Weekly Calculation 

Nitrate (as N) Weekly APHA Standard Method 4110C 

Nitrite (as N) Weekly APHA Standard Method 4110C 

Total Kjeldahl nitrogen (TKN) 

(total) 
Weekly 

Ontario Ministry of Environment and 

Energy (MOEE) Method E3199A.1 

- TKN (soluble) Weekly MOEE Method E3199A.1 

Phosphorus 

species 

Total Inorganic Phosphorus 

(TIP) 
Weekly MOEE Method E3199A.1 

- TIP (soluble) Weekly MOEE Method E3199A.1 

Orthophosphate Weekly 

APHA Standard Method 4500PE and 

U.S. Environmental Protection 

Agency (EPA) PhosVer® 3 Method, 

Hach Method 8048 

- Orthophosphate (soluble) Weekly 

APHA Standard Method 4500PE and 

U.S. EPA PhosVer® 3 Method, Hach 

Method 8048 

Oxygen demand 

Carbonaceous biochemical 

oxygen demand (cBOD) 

(total) 

Weekly APHA Standard Method 5210B 

- cBOD (soluble) Weekly APHA Standard Method 5210B 

Chemical oxygen demand 

(COD) (total) 
Weekly 

APHA Standard Method 5220D and 

U.S. EPA Reactor Digestion Method, 

Hach Method 8000 

- COD (soluble) Weekly 

APHA Standard Method 5220D and 

U.S. EPA Reactor Digestion Method, 

Hach Method 8000 

Biochemical oxygen demand 

(BOD) (total) 
Intermittent APHA Standard Method 5210B 

- BOD (soluble) Intermittent APHA Standard Method 5210B 

Metals 
Refer to  

Table 3.3 
Intermittent 

Inductively coupled plasma (ICP) 

mass spectrometry (MS) 
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Table 3.3: Metal species sampled in the WSPs over an 8-week period to determine species present 

based on more than one detected result; shadowed species were not detected. 

Metal Result Metal Result 

Silver, Ag ND Magnesium, Mg D 

Aluminum, Al D Manganese, Mn D 

Barium, Ba D Molybdenum, Mo ND 

Beryllium, Be ND Nickel, Ni ND 

Bismuth, Bi ND Lead, Pb ND 

Calcium, Ca D Antimony, Sb ND 

Cadmium, Cd ND Selenium, Se ND 

Cobalt, Co ND Tin, Sn ND 

Chromium, Cr ND Strontium, Sr D 

Copper, Cu D Titanium, Ti D 

Iron, Fe D Vanadium, V ND 

Mercury, Hg ND Zinc, Zn D 

D = detected, further sampled; ND = non-detect, not further sampled 

3.3.3 Field Sampling and Laboratory Analysis 

Samples were collected at the final clarification channel for the plant effluent and at the effluent 

chambers for each WSP. Samples were taken on a weekly basis during midmorning. Probes were 

generally lowered into the middle of the water stream at each point and maintained in position until the 

readings stabilized and a minimum of 30 values could be recorded for the purpose of statistical analysis 

(Appendix B). Water for laboratory analyses was collected from the middle of the water stream at each 

point and stored in plastic LDPE or glass bottles under ice until delivery to the laboratory, as required. 

Reused bottles were washed in a 10% hydrochloric acid solution and rinsed with deionized water a 

minimum of three times prior to each sampling event. Average concentrations over the study were 

calculated for each parameter at each sampling point, and the percent change across the system based on 

these averages were calculated (Equation 3.1), to illustrate treatment performance spatially. 

           
                    

       
            [3.1]  

where, %Coverall represents the percent change in the system across all WSPs (%), Avg. CPL the average 

concentration at PL (in mg/L) and Avg. CWSP#4 the average concentration at WSP#4 (in mg/L). 
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3.3.4 Statistical Analysis 

Statistical analysis was performed on a dataset consisting of the measured concentrations for all 

sampling points with JMP® 10.0.0 software, produced by SAS©. The multivariate modelling package 

includes PCA, time series, multiple regression, and PLS capabilities. All parameters, with the exception 

of metals, were included in the analyses. Due to the large number of interacting parameters, and the 

limited number of observations, data on the soluble fractions of the parameters were not included. In 

order to produce meaningful results, PCA requires at least one observation for each variable, with Suhr 

(2005) and Allen (2002) citing a minimum of 5-10 observations per variable, and with more observations 

increasing reliability of the results. The best number that can be achieved with the dataset is 3.8 

observations per variable, when soluble fractions are excluded. With soluble fractions included, this ratio 

drops to 3.0. The total fractions were deemed sufficient to explain water chemistry conditions within the 

context of PCA and regression analysis. The dataset from the study contained missing data due to 

unforeseen circumstances, including laboratory errors. The JMP® imputation tool replaces missing data 

with the mean of all observations in sequence for a particular variable (SAS, 2013) and was used to 

estimate missing values prior to PCA. In some cases, imputation estimated negative numbers for missing 

values. These estimates were set to the individual DLs for all parameters – with the exception of ORP 

which can have negative values – to prevent bias towards zero. A log-transformation was applied to the 

dataset to increase normality, and, as such, the suitability of parametric analytical methods such as linear 

regression. For ORP, a constant equal to the lowest negative number plus one was added to observations 

to allow log-transformation, as suggested by Wicklin (2011). 

Multivariate correlation coefficients between variables were determined as broad indicators of 

statistical dependence. Due to the non-parametric nature of the data, the Spearman ρ correlation 

coefficient was evaluated for the initial multivariate correlations instead of the Pearson r correlation 

coefficient. The Pearson r correlation coefficient was used in regressions for correlations to regression 

coefficients. Time series analysis was applied to pH, DO, and chl-a to further explore unexpected 

correlations between them. 
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PCA was conducted on two data subsets: one containing all sampling points (All subset), and one 

containing points WSP#2, WSP#1, and WSP#4 (WSP subset). The PL data was isolated from the analysis 

in the latter set to allow for analysis of the effects imparted by the wastewater conditions prior to 

treatment in the WSPs, as observed at PL. Determining the parameters that influence pH in the WSPs was 

the primary objective of PCA and regression analysis. Thus, pH was set as the response (y) variable and 

was not included in the PCA of the datasets, as its inclusion would make the regression models multi-

collinear. The ratio between the number of observations and variables in a dataset is an important 

consideration in PCA accuracy, as highlighted by several researchers (Allen, 2002; Suhr, 2005). Ratios of 

3.8 and 2.8 were obtained for the datasets representing all sampling points and all WSPs, respectively. 

From the first PCA results for both datasets, evaluation of the principal variables contributing to variance 

in the dataset was performed using the Methods B2 and B4 presented by Jolliffe (1986) and used by King 

and Jackson (1999). In method B2, each variable most highly associated with the last K-p components, 

determined by highest absolute loading value, is rejected sequentially. In method B4, each variable most 

highly associated with the first p components, determined by highest absolute loading value, is retained 

sequentially (Jolliffe, 1986; King and Jackson, 1999). Based on a given criteria, both methods require the 

selection of p of PCs to keep. King and Jackson (1999) recommend the following criteria for choosing p: 

(1) all PCs with eigenvalues greater than 0.6; (2) all PCs that contributed to a cumulative percentage of 

variation explained of greater than 90%; (3) utilizing the broken-stick procedure as presented by King and 

Jackson (1999) and Peres-Neto et al. (2003). The p variables retained are considered to be the ones that 

contribute most to the variation in the data, while the K-p variables are considered redundant in 

explaining the data (King and Jackson, 1999). PCA runs on the retained variables were tested for 

similarity to the original data matrix using the weighted measure Q presented by King and Jackson 

(1999). The similarity measure is a dimensionless value between 0 and 1 that represents how close the 

reduced data matrix is to the original data matrix in terms of explaining variance. As with the correlation 
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coefficient, a value close to one represents a high level of similarity to the original data matrix for the 

variance explained by the PCs (King and Jackson, 1999). 

Following PCA, regression analysis was performed to determine the most appropriate quantitative 

relationships available from the variables and PCs to quantitatively relate key variables to pH levels in the 

system. PLS regressions were performed on the variables selected for each subset and under each criteria, 

with pH as the response. PC standard least squares regressions were performed on the PC scores 

generated by PCA runs on the selected variables, for each subset and under each criteria, with pH as the 

response. Both regression techniques are suitable for multivariate situations, as they eliminate the 

problem of multi-collinearity (Abdi, 2003).  

3.4 Results 

3.4.1 Summary of WSP System Dynamics and Treatment Performance 

A summary of the WSP system treatment performance is presented (Table 3.4), based on the mean 

values over the study with standard deviation, as well as the overall average percent change over all 

WSPs (herein referred to as system) (Equation 3.1), for each parameter to illustrate water chemistry 

trends spatially. The preliminary results suggested high variability among individual WSPs, as noted from 

the standard deviations. The highest chl-a increases were noted in WSP#1, with a rise of 132.0% across 

the system.  Floating algae levels were highest in WSP#2 and were well established prior to the start of 

the monitoring program, which is likely why only modest increases in chl-a were observed in WSP#2. 

The high algae growth in WSP#2 will have carried through to WSP#1 as conditions remained steady, 

resulting in the high levels of chl-a in WSP#1 effluent. Chl-a levels decreased slightly in WSP#4, 

possibly due to algae die-off or the predominance of duckweed observed throughout the study in the field. 

DO concentrations rose sharply in WSP#2, then decreased slightly in WSP#1 and WSP#4, with a system 

increase of 97.2%. TSS concentrations decreased throughout the system (82.7%) with the largest decrease  
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Table 3.4: Summary of WSP system treatment performance, with average values over the study 

and percent change values across the WSP system over the study. 

Parameter 
Average Values Overall 

Percent 

Change PL WSP#2 WSP#1 WSP#4 

Chl-a 2.06 ± 0.561 2.38 ± 1.44 5.61 ± 7.47 4.79 ± 3.52 132.0% 

pH 7.03 ± 0.178 9.52 ± 0.464 9.39 ± 0.775 9.64 ± 0.702 37.2% 

Temperature 19.3 ± 2.11 20.8 ± 4.89 20.9 ± 5.26 20.7 ± 4.91 7.3% 

Dissolved oxygen 3.57 ± 1.32 9.16 ± 3.8 7.4 ± 3.73 7.03 ± 3.54 97.2% 

Alkalinity 95.6 ± 30.8 115 ± 22.9 121 ± 14.5 125 ± 16.9 30.3% 

Conductivity 660 ± 52.6 599 ± 40.7 597 ± 42.6 582 ± 79.3 -11.9% 

Oxidation Reduction 

Potential 
179 ± 63.3 120 ± 86.4 117 ± 76 67.5 ± 119 -62.3% 

Total Suspended 

Solids 
11.2 ± 11.4 1.3 ± 1.23 3.24 ± 2.98 1.93 ± 1.72 -82.7% 

Carbonaceous 

Biochemical Oxygen 

Demand 

5.33 ± 3.57 2.15 ± 0.361 2.57 ± 0.821 3 ± 0.791 -43.8% 

Chemical Oxygen 

Demand 
19.9 ± 12.9 17.5 ± 6.09 23.6 ± 9.79 24.5 ± 8.27 23.2% 

Total Nitrogen 23 ± 3.68 6.44 ± 1.08 3.5 ± 1.23 2.1 ± 0.378 -90.9% 

- Ammonia 0.0471 ± 0.0651 0.191 ± 0.149 0.266 ± 0.372 0.155 ± 0.207 230.0% 

- Unionized              

Ammonia 
0.005 ± 0 0.0779 ± 0.0565 0.0721 ± 0.0877 0.0489 ± 0.05 877.0% 

- Nitrate 20.7 ± 3.58 4.89 ± 2.1 1.85 ± 1.48 0.5 ± 0.53 -97.6% 

- Nitrite 0.142 ± 0.122 0.877 ± 0.258 0.243 ± 0.18 0.133 ± 0.0624 -5.9% 

- Organic Nitrogen 1.93 ± 2.32 1.06 ± 0.365 1.37 ± 0.479 1.31 ± 0.33 -32.0% 

Total Inorganic 

Phosphorus 
1.04 ± 0.486 0.399 ± 0.222 0.359 ± 0.176 0.375 ± 0.204 -63.9% 

Orthophosphate 2.36 ± 1.11 2.04 ± 1.51 1.3 ± 0.911 1.33 ± 1.38 -43.7% 

Metals 

- Calcium 68.9 ± 6.76 60.3 ± 6.5 50 ± 2.95 44.4 ± 0.95 -35.6% 

- Copper 
0.0157 ± 

0.00289 

0.00325 ± 

0.00065 

0.00235 ± 

0.00015 
0.002 ± 0 -87.3% 

- Iron 0.0196 ± 0.01 
0.0142 ± 

0.00585 
0.0165 ± 0.0025 0.058 ± 0.016 197.0% 

- Magnesium 15.6 ± 0.92 15 ± 1.05 13.1 ± 0.4 12.9 ± 0.45 -17.8% 

- Manganese 0.05 ± 0 0.05 ± 0 0.05 ± 0 0.0515 ± 0.0015 3.0% 

- Strontium 1.02 ± 0.141 0.88 ± 0.09 0.76 ± 0.01 0.745 ± 0.035 -26.8% 

- Zinc 
0.0268 ± 

0.00334 
0.012 ± 0.002 0.01 ± 0 0.01 ± 0 -62.6% 

Note: soluble barium was measured at two points in the two sampling events, but just above the DL. 
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occurring in WSP#2. The majority of the pH increases, 37.2% across the system, and alkalinity increases, 

30.3% across the system, were noted in WSP#2, which may be linked to the elevated algae presence 

noted during field observations. The high chl-a concentrations noted in WSP#1 instead of WSP#2 does 

not appear to correspond with the pH and alkalinity data, which would also suggest a lag between these 

parameters and is further explored. Increases in COD loadings were observed in each of the WSPs, with a 

system increase of 23.2%. cBOD loadings decreased in WSP#2 and rose slightly thereafter, with a system 

reduction of 43.8%. Total N was reduced considerably (90.9%) throughout the system, the majority of 

which was in the form of NO3
-
. Over each WSP, NO3

-
 and NO2

-
 concentrations changed in opposite 

directions (ie. increase vs. reduction). Organic N levels were found to only decrease in WSP#2, which 

corresponded to the rise in algae levels in this WSP, followed by an increase then decrease in WSP#1 and 

WSP#4, respectively, for a reduction of 32% across the system. Total P levels were reduced in WSP#2 

and WSP#1, potentially due to algae uptake, but then increased slightly in WSP#4, which corresponded to 

a reduction in chl-a, for a decrease of 63.9% across the system. Orthophosphate levels decreased in 

WSP#2 and WSP#1, corresponding to the increases in chl-a, and then rose slightly, for an overall system 

decrease of 43.7%. 

With the exception of iron and manganese, the metals detected decreased in concentration across the 

system. Algae are known to uptake metals onto and into cell material through sorption (Hamdy, 2000; 

Wang et al., 2010). Additionally, high pH levels across the system would have contributed to the 

precipitation of metals and sedimentation into the sludge zone (Snoeyink and Jenkins, 1980). The increase 

in manganese observed in the system was within the accuracy of the analytical equipment employed and 

was considered to be negligible. Iron, in ionic form, may have been added to the water column in WSP#4 

through re-solubilization, where the increase (252%) occurred from reductions in WSP#2 and WSP#1. 

Rockne (2007) notes that reduction of Fe
3+

 in the anaerobic sediments of WSPs promotes Fe
2+

 diffusion 

into the water column. Low algae growth and low DO levels (Rockne, 2007) and reduced ORP levels 
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(Dodds, 2002), induce reducing conditions. Decreases for these parameters were observed in WSP#4, 

suggesting the prevalence of reducing conditions. 

3.4.2 Multivariate Correlation Analysis 

Understanding which parameters contribute to chl-a increases and pH fluctuations are the key goals of 

multivariate statistical analysis. Multivariate correlations between chl-a and all parameters with the 

exception of metals, are presented in Table 3.5, while multivariate correlations between pH and all 

parameters are presented in Table 3.6. Metals were not included in the statistical analyses due to an 

insufficient number of observations. Conductivity, which was included, can be used to represent the 

overall ionic strength, including the influence of metal ions, of the water (Snoeyink and Jenkins, 1980). 

Table 3.5: Spearman’s ρ correlation coefficients between chl-a and all parameters, for All, WSPs, 

and each sampling point; sorted by significance probability statistic (summed p-value; smallest to 

largest); large font for |ρ| > critical value (strong correlation); expected correlations bolded, 

unexpected correlations underlined. 

Parameter All 
(1)

 WSPs 
(1)

 PL 
(2)

 WSP#2 
(2)

 WSP#1 
(2)

 WSP#4
 (2)

 

COD 0.50 0.57 0.29 0.44 0.48 0.59 

Temperature 0.40 0.48 -0.49 0.19 0.61 0.73 

Orthophosphate -0.46 -0.44 -0.64 -0.39 -0.53 -0.17 

NO3
-
 -0.36 -0.45 -0.38 -0.20 -0.66 -0.32 

Solar 0.52 0.66 0.05 0.43 0.75 0.80 

pH -0.22 -0.56 0.42 0.07 -0.61 -0.77 

DO -0.28 -0.50 0.28 0.08 -0.62 -0.56 

NH4
+
 0.30 0.34 0.14 -0.15 0.38 0.75 

Organic N 0.40 0.55 0.10 0.12 0.66 0.76 

Total N -0.25 -0.25 -0.37 -0.04 -0.43 0.33 

NH3 0.19 0.16 0.35 0.10 0.17 0.50 

TSS 0.12 0.24 0.34 -0.03 0.15 0.63 

Conductivity 0.12 0.25 0.00 -0.36 0.11 0.80 

cBOD -0.12 -0.11 -0.30 -0.40 -0.24 -0.06 

Alkalinity -0.07 -0.25 0.39 -0.13 -0.42 0.02 

ORP -0.10 -0.13 0.09 0.36 -0.03 -0.64 

NO2
-
 0.02 -0.07 0.31 0.42 0.32 -0.03 

TIP -0.09 0.04 -0.20 -0.19 -0.05 0.59 

Notes: (1) critical ρ value is 0.235 based on N-2 d.f.'s, with N=72 and α=0.05; (2) critical ρ value is 0.503 based on N-2 

d.f.'s, with N=18 and α=0.05; critical ρ values obtained from Fitzgerald and Fitzgerald (2013) 
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Strong positive correlations between chl-a and both solar radiation and water temperature were noted, 

supporting the occurrence of photosynthetic activity. Organic matter (COD) was also strongly positively 

correlated to chl-a in the All and WSP subsets, which suggests the possible presence of suspended algae 

matter in water samples. TSS was positively correlated to chl-a at all points, but only strongly so in 

WSP#4, which may suggest accumulation of suspended algae matter throughout the system that only 

became significant at the final effluent. Orthophosphate was strongly negatively correlated to chl-a in the 

All and WSP subsets and WSP#1, which suggests that some orthophosphate removal was attributable to 

nutrient uptake by algae growth (Mesplé et al., 1996). 

Table 3.6: Spearman’s ρ correlation coefficients between pH and all parameters, for All, WSPs, and 

each sampling point; sorted by significance probability statistic (summed p-value; smallest to 

largest); large font for |ρ| > critical value (strong correlation); expected correlations bolded, 

unexpected correlations underlined. 

Parameter All 
(1)

 WSPs 
(1)

 PL 
(2)

 WSP#2 
(2)

 WSP#1 
(2)

 WSP#4 
(2)

 

DO 0.74 0.67 0.40 0.45 0.77 0.76 

NH3 0.27 -0.34 -0.35 0.52 -0.55 -0.71 

NO3
-
 -0.46 0.26 -0.48 -0.34 0.50 0.53 

Temperature -0.23 -0.59 -0.85 0.24 -0.78 -0.78 

Solar -0.35 -0.58 -0.48 0.12 -0.75 -0.76 

Chl-a -0.22 -0.56 0.42 0.07 -0.61 -0.77 

Organic N -0.58 -0.66 0.00 -0.25 -0.75 -0.75 

NH4
+
 -0.08 -0.78 0.10 -0.35 -0.76 -0.96 

TSS -0.57 -0.26 0.70 -0.01 -0.20 -0.56 

Conductivity -0.69 -0.66 -0.02 -0.17 -0.55 -0.90 

COD -0.09 -0.27 0.40 0.17 -0.16 -0.70 

cBOD -0.44 -0.19 0.16 -0.57 -0.23 -0.12 

Alkalinity 0.46 0.15 0.69 -0.05 0.50 -0.14 

Total N -0.56 0.02 -0.45 -0.27 0.37 -0.21 

ORP -0.11 0.30 0.45 0.07 0.14 0.52 

Orthophosphate -0.32 0.16 -0.45 -0.11 0.42 -0.04 

TIP -0.65 -0.33 -0.06 -0.35 0.00 -0.72 

NO2
-
 0.35 0.04 -0.09 0.51 -0.21 0.31 

Notes: (1) critical ρ value is 0.235 based on N-2 d.f.'s, with N=72 and α=0.05; (2) critical ρ value is 0.503 based on 

N-2 d.f.'s, with N=18 and α=0.05; critical ρ values obtained from Fitzgerald and Fitzgerald (2013) 
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Organic N was found to be strongly positively correlated to chl-a, a trend also observed in studies by 

Urgun-Demirtas et al. (2008). Strong negative correlations between chl-a and pH and chl-a and DO in the 

All and WSP subsets and WSP#1 and WSP#4 were unexpected based on the principles of photosynthetic 

activity and the results reported by Zang et al. (2010). However, Zang et al. (2010) noted that weak or 

non-correlations were observed between pH, DO, and chl-a during summer and autumn for chl-a 

concentrations under 10 μg/L. The chl-a concentrations measured in the WSPs were mostly below this 

limit (Table 3.4). The possibility of a dynamic time lag(s) between chl-a generation in the water and the 

contribution to pH rises and DO production due to photosynthesis requires further exploration (Section 

3.5.2 and Chapter 5). 

3.4.3 Principal Components Analysis 

Many of the variables retained by the two PCA methods (B2 and B4) for each data subset were 

consistent (Table 3.7). Similarity testing, as recommended by King and Jackson (1999), was performed. 

While the dataset with the parameters retained from the B2 test for WSP data had the highest similarity at 

a Q value of 0.776 when 9 values were retained, regression analysis showed poor fits for the WSP subset 

compared to the All subset.  

3.4.4 Regression Analysis 

The goodness-of-fit for a multiple regression (PCR or PLS) is generally measured by the percentage of 

variance in the y-axis explained by the model (R
2
 value) (SAS, 2013). The PC regressions generally 

provided better fits to the data than the PLS regressions, as indicated by their R
2
 values (Figure 3.3), 

which were on average 8.3% higher. The All data subset had better fits than the WSP subset, as indicated 

by significantly higher R
2
 values (34.7 ± 10.1%). This was likely due to the added number of 

observations. In selecting the best PCA model scenario and regression, the regression R
2
 and PCA 

similarity measures should both be considered. Multiplying these two terms for each regression case 

provides a metric accounting for both measures. The PC regression for PCs produced by the low variable 

criteria under method B2 had the highest R
2
 (0.813) x Q (0.726) value and was further analyzed with the 
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linear regression equation to model pH (Table 3.8). PCs 1, 2, 4, and 8 exhibited the strongest 

contributions to pH and p-values under 0.01, suggesting that they were statistically significant at α = 0.01 

(99% confidence level).  

Table 3.7: Summary of selection procedure for PCs and variables retained, with indication of 

variable level (low, med, high); for All and WSP data subsets under each PCA method and for each 

variable selection criteria; with similarity Q values; shaded variables were not retained. 

Criteria 
All subset WSP subset 

Method B2 Method B4 Method B2 Method B4 

Eigenvalue < 0.6: 8 - low 8 - low 8 - low 8 - low 

Cumulative % > 90 
(1)

: 10 - med * 10 - med * 10 - high ** 10 - high ** 

Broken stick 
(1)

: 11 - high ** 11 - high ** 9 - med * 9 - med * 

Variables retained: 

Chl-a * Chl-a Chl-a Chl-a ** 

Alkalinity Alkalinity Alkalinity Alkalinity 

Solar ** Solar ** Solar Solar 

Temperature Temperature Temperature Temperature 

Conductivity Conductivity Conductivity Conductivity 

ORP ORP ORP ORP 

DO DO DO DO 

TSS TSS TSS TSS 

cBOD cBOD cBOD cBOD 

COD COD COD ** COD 

NH4
+
 NH4

+
 NH4

+
 NH4

+
 

NH3 NH3 NH3 NH3 

NO3
-
 NO3

-
 NO3

-
 NO3

-
 

NO2
-
 NO2

-
 NO2

-
 NO2

-
 

Organic N * Organic N * Organic N * Organic N * 

Total N Total N Total N Total N 

TIP TIP * TIP TIP 

Orthophosphate Orthophosphate Orthophosphate Orthophosphate 

Similarity, Q value: 

- Low variable criteria: 0.726 0.435 0.707 0.699 

- Med variable criteria: 0.507 0.500 0.776 0.684 

- High variable criteria: 0.449 0.215 0.733 0.711 

Note: (1) asterisks indicate variables retained only by additional p values from methods indicated 

 

The variable loadings to each of the four PCs, as well as the Pearson correlation coefficient between 

each variable and the regression coefficients are presented (Figure 3.4). The variable loadings are similar 
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to correlation coefficients in that they indicate the strength of the relationship between the specified 

variable and PC. The correlation between each variable and the regression coefficients indicates the 

strength of the relationship from the specified variable to the coefficient associated with the individual PC 

in the regression equation (Table 3.8). 

 

Figure 3.3: R
2
 values for PC and PLS regressions performed on the All data subset consisting of all 

sampling points in the Amherstview WPCP WSP system. 

Table 3.8: Equation for the PC regression performed on the All data subset, with method B2 under 

the low variable criteria. 

log(pH) = 0.938 
- 0.03 * 

PC1 

+ 0.025 

* PC2 

+ 0.0004 

* PC3 

+ 0.012 

* PC4 

- 0.0034 

* PC5 

- 0.0032 

* PC6 

- 0.0013 

* PC7 

+ 0.022 

* PC8 

Standard error: 0.0033 0.0024 0.0026 0.0031 0.0034 0.0037 0.0041 0.0047 0.0073 

p-value: <.0001 <.0001 <.0001 0.9075 0.001 0.3651 0.447 0.791 0.0035 
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Figure 3.4: Average magnitude of variable loadings onto PCs and correlation between variables 

and regression coefficients,  for the PC regression performed on the All data subset, with method 

B2 under the low variable criteria. 

3.5 Discussion 

3.5.1 Fundamental System Dynamics 

COD, cBOD, and TSS were found to decrease in WSP#2 from high levels in PL, which would be 

expected as aerobic oxidation and initial settling removes some of the suspended organic matter. COD 

and cBOD then increased in WSP#1 and WSP#4, which was likely attributable to algae growth and 

increased organic biomass in the water (Wang et al., 2010). TSS increased in WSP#1 then decreased 

slightly in WSP#4, which corresponds to the chl-a pattern. COD values in the WSPs were generally 

significantly higher, with cBOD/COD ratios ranging from 0.12-0.3 on average. cBOD/COD ratios from 

0.1-1.0 are considered to be in the biodegradable zone and ratios below 0.1 are considered to be in the 
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toxic zone, with a high fraction of organic matter that tends to be oxidized chemically (as measured by 

COD) instead of biologically (as measured by cBOD) (Samudro and Mangkoedihardjo, 2010).   

The redox state (as represented by ORP) likely contributed to the changes in NO3
-
, NO2

-
, NH4

+
 and 

NH3 observed in the system. ORP describes the redox state of the system and the favourability for 

reduction or oxidation reactions. In general, the WSPs were in oxidative states throughout the study, as 

indicated by the positive average ORP values. The ORP values were found to decrease successively 

throughout the system. The conditions were within the stability limits for water itself (Figure 3.5), which 

rules out the possibility that any pH change was due to the oxidation or reduction of water (Snoeyink and 

Jenkins, 1980). The most notable changes occurred in WSP#2, where ORP, NO3
-
, and organic N 

decreased by 33%, 76%, and 45%, respectively. Correspondingly, NO2
-
, NH4

+
, and NH3, increased by 

519%, 305%, and 460%, respectively. These patterns were supported by negative the correlations 

observed between ORP and organic N, NH3, and NH4
+
 and the positive correlations noted between ORP 

and NO3
-
. Spontaneous denitrification and dissimilatory nitrate reduction to ammonium (DNRA) are 

favoured with a positive solution ORP (Snoeyink and Jenkins, 1980). DNRA has been shown to occur in 

sediments of freshwater systems, and has been reported as a source of NH4
+
 to the water column during 

the summer months when strong reducing environments and correspondingly higher sediment oxygen 

demand are present (Scott et al., 2008). Positive ORP also contributes to ammonification (Wolf et al., 

2011).  The NH3, and NH4
+
 increases observed were most likely due to the aforementioned processes; 

namely, DNRA and ammonification. Considering that ammonia volatilization is often a primary removal 

mechanism in WSP systems (Ferrara and Avci, 1982), the extent of ammonia generation from the 

reduction of other nitrogenous forms must have been substantial for the ammonia increases observed to 

be possible, as some volatilization in the WSPs likely occurred. This is especially true when we consider 

that pH values above 9.3, the equivalence point for ammonia, shift the equilibrium from NH4
+
 to NH3, the 

readily volatile form of the compound (Snoeyink and Jenkins, 1980). pH values above this equivalence 

point were frequently observed, providing the conditions for NH3 volatilization. Algae and bacteria 
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continuously uptake and release organic N, which would correspond with the significant positive 

correlations between chl-a and organic N observed in WSP#1 and WSP#4. Certain phytoplankton genera 

can uptake dissolved organic N (DON) directly, although the dominant mechanism is the uptake of 

inorganic N produced by bacteria degrading DON (Urgun-Demirtas et al., 2008). Nagao and Miyazaki 

(2002) demonstrated that DON is more readily released by nitrogen-replete algae, suggesting increased 

DON release when N is available in excess, which was the case for the system (Table 3.10). 

 

Figure 3.5: p-pH diagram for WSPs with water oxidation and reduction system boundaries 

indicating the water stability limits of the system; p values above upper boundary indicate 

oxidation of water into oxygen gas, p values below lower boundary indicate reduction of water into 

H
+
. 

Algae growth is dependent on a supply of organic matter, N, and P, and will become limited as one or 

more of these nutrients is depleted (Barsanti and Gualtieri, 2006). This nutrient limited growth is 

modelled by the Monod equation (Equation 2.12), where the maximum specific growth rate (μmax – d
-1

) 

and half-saturation constant (Ks – mg/L) are determined empirically, as reported by Sterner and Grover 

(1998), Kayombo et al. (2003), and Li and Wang (2010) (Table 3.9). 
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Table 3.9: Reported Monod equation model parameters for algae growth. 

Parameter Value Units Reference 

μmax 3.5 1/d Kayombo et al., 2003 

μmax 0.36 1/d Sterner and Grover, 1998 

Ks 50 mg COD/L Kayombo et al., 2003 

Ks 0.008 mg P/L Li and Wang, 2010 

Ks 0.010 mg TDP/L Sterner and Grover, 1998 

Ks 0.042 mg DIN/L Sterner and Grover, 1998 

 

Levasseur et al. (1993) presented an equation (Equation 2.13) for determining the specific growth rate 

of algae, μ, based on chl-a concentrations at two time points. The Monod (Equation 2.12) and Levasseur 

et al. (1993) (Equation 2.13) formulas were used to determine the amount of substrate that would be 

required to support the algae concentrations measured on each sampling date at each point, in terms of 

COD, total P, total dissolved P, and dissolved inorganic N (NH3, NH4
+
, NO3

-
, NO2

-
). Increases in chl-a 

levels between sampling dates were considered growth periods that would determine the amount of 

substrate (mg/L) required over that period of time. On this basis, the average ratios of substrate required 

for the predicted/observed growth to the substrate measured (herein referred to as the “Demand to 

Measured Ratio”) are presented (Table 3.10). Heterotrophic algae growth was limited by the availability 

of organic matter in the system, but N and P were found to be available in excess in all WSPs for algae 

growth. 

Table 3.10: Average demand to measured ratio representing substrate requirements for algae 

growth, by sampling point over the monitoring period in the WSPs. 

Parameter 

Average Demand to Measured Ratio 
(1)

 

PL L2 L1 L4 Maximum 

COD 0.66 - 3.7 0.43 - 3.3 0.73 - 3.4 0.73 - 6.7 6.7 

Dissolved 

inorganic N 0 - 0.01 0 - 0.02 0 - 0.01 0.01 - 0.07 0.07 

Total P 0.01 - 0.03 0 - 0.03 0 - 0.02 0 - 0.02 0.03 

Total 

dissolved P 0.02 - 0.1 0.01 - 0.05 0 - 0.02 0 - 0.04 0.1 

Note: (1) As determined from umax values in Kayombo et al. (2003) and Sterner and Grover (1998) 
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3.5.2 DO, pH, Chl-a Relationships 

It is likely that the extensive cover of floating algae in WSP#2 prevented growth of suspended algae 

under the water surface, and contributed to the high levels of DO production observed in WSP#2.  DO 

supersaturation has been reported to occur in pond systems, particularly as a result of excessive algae 

growth, and may even induce autoflotation of algae, which would correspond to field observations in 

WSP#2 (Arbelaez et al., 1983; Boyd et al., 1994). Arbelaez et al. (1983) cite a minimum threshold of 3 

mg/L DO above saturation for autoflotation by photosynthetic production, which was noted at times in 

WSP#2 throughout the study (Figure 3.7). DO production in the system decreased in WSP#1 and WSP#4, 

which did not correspond well with the chl-a data. Since photosynthesis produces DO, these parameters 

would be expected to be correlated, as reported by Zang et al. (2010) for eutrophic waters. While 

photosynthesis was likely the main source for DO in the system, as the low positive redox conditions do 

not favour the oxidation of water itself (Figure 3.5), no correlation was observed between DO and chl-a in 

WSP#2 and significant negative correlations were noted in WSP#1 and WSP#4. Dowd et al. (2002) 

reported dynamic lags of 4 hours between chl-a and DO rises in a marine environment, which may be the 

case for the algae growth occurring in the WSPs.  Statistical links between chl-a and DO have been 

investigated by Dowd et al. (2002) and Zang et al. (2011) from their respective studies performed with 

sampling frequencies of less than one week, the minimum frequency for this study. Evaluation of the 

cross-correlation coefficients between chl-a and DO for each WSP did not indicate significant positive 

cross-correlations (Figure 3.6). Standard error (S.E.) ranges were calculated for each WSP by JMP® 

according to Equation 3.2 below, where n represents the number of observations within the WSP. The 

S.E. represents an approximate 95% confidence interval (SAS, 2013); thus, cross-correlations outside of 

the S.E. range were considered statistically significant, as suggested by Meko (2013). Although high pH 

may inhibit photosynthesis, positive correlations between DO and pH were observed at all points over the 

study period, most significantly in WSP#4. Strong correlations between these two parameters were 

discussed in Zang et al. (2011).  
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√ 
          [3.2] 

(a)  (b)  

(c)  (d)  

Figure 3.6: Cross-correlation coefficients between chl-a (input) and DO (output) with four lag 

periods of one-week for: (a) PL; (b) WSP#2; (c) WSP#1; (d) WSP#4. Blue lines indicate the 

standard errors (S.E.) of the statistics. 
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Figure 3.7: DO concentrations in WSP#2 compared to saturation (dashed line) and autoflotation 

threshold (dotted line). 

Arhonditsis et al. (2003) and Aiken et al. (2011) observed dynamic lags between chl-a and pH 

increases in marine and freshwater environments, respectively. This may be the case for the Amherstview 

WPCP WSP system. Statistical links between chl-a and pH have been investigated by Aiken et al. (2011) 

(continuous) and Zang et al. (2011) (every two days) in studies with sampling frequencies of less than one 

week, the minimum frequency for this study. Evaluation of the cross-correlation coefficients between chl-

a and pH for each WSP showed no statistically significant positive cross-correlations (Figure 3.8). 

Dynamic time lags between chl-a and pH and chl-a and DO, in which changes in one parameter are 

offset by a certain amount of time to the changes in the other parameter, may explain the discrepancy 

between the anticipated and observed results; particularly in the PCA in which chl-a and DO were not 
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retained as variables for modelling pH. Continuous monitoring of pH, chl-a, and DO should be conducted 

to identify the lag period and strengthen the regression models for understanding pH.  

(a)  (b)  

(c)  (d)  

Figure 3.8: Cross-correlations between chl-a (input) and pH (output) with four lag periods of one-

week for: (a) PL; (b) WSP#2; (c) WSP#1; (d) WSP#4. Blue lines indicate the S.E. of the statistics. 

3.5.3 Regression Equation for pH 

A regression equation (R
2
 = 0.813) for modelling pH throughout the WSP system was calculated from 

the PC scores on the 8 variables retained in PCA, selected based on three criteria (Table 3.7) reported in 

the literature (King and Jackson, 1999; Peres-Neto et al., 2003). Each of the variables retained has a direct 

influence on pH. A strongly negative correlation between conductivity and pH in the data and regression 

equation was observed, which may be explained by the role that ionic strength (as measured by 

conductivity) plays in shifting acid-base and redox equilibria, which are in turn tied to pH (Snoeyink and 

Jenkins, 1980). A strongly positive correlation between alkalinity and pH in the data and regression 

equation was observed. This is expected, based on the equilibria of the carbonate system, wherein 

carbonate alkalinity rises with increased pH (Snoeyink and Jenkins, 1980). The importance of ORP in 

describing system pH is related to the thermodynamic favorability of a particular reaction under a 

particular redox state. For instance, a positive system ORP would indicate NO3
-
 reduction reactions, 
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which would tend to increase the pH and lower ORP, corresponding to the negative correlation observed 

between NO3
- 
and pH, in the PC regression and in correlation analysis (Snoeyink and Jenkins, 1980). In 

terms of NO2
-
, the positive correlation noted to pH in the PC regression could be attributed to this 

tendency towards denitrification of NO3
-
 in the system, as noted above. A strongly negative correlation 

between TSS and pH and a weakly negative correlation between COD and pH were observed, suggesting 

that the removal of organic matter through settling and biological conversion was related to increasing 

pH. Orthophosphate can form aluminum, calcium, iron, and manganese precipitates, where the 

precipitation reactions are governed by pH and ORP (Ann et al., 2000; Peng et al., 2007). As pH 

increases due to biological oxidation, redox reactions, and algae growth, settling of orthophosphate 

precipitates with aluminum, calcium, and iron is more likely to occur (Snoeyink and Jenkins, 1980) and a 

corresponding decrease in orthophosphate levels would be anticipated. While aluminum, calcium, and 

iron may have formed precipitates with OH
-
, thereby reducing pH, the solubilities of these precipitates 

were higher than for orthophosphate compounds (Table 3.11). Thus, orthophosphate precipitates were 

more likely to form in the system than OH
-
 precipitates due to their lower solubilities. Solubilities for 

these compounds were determined from the solubility product constants presented in Snoeyink and 

Jenkins (1980) with the formula presented as Equation 3.3. 

   √
   

     

   
           [3.3] 

where S represents the solubility of the compound, Kso is the solubility product constant of the compound 

at 25°C, y is the charge of the anion (OH
-
 or orthophosphate), and z is the charge of the metal cation. 

Table 3.11: Solubility of OH
-
 and orthophosphate complexes with aluminum, calcium, and iron. 

Metal 

Cation 

Solubility (mol/L) 

OH
-
 Orthophosphate 

Al
3+

 2.5 x 10
-9

 3.2 x 10
-11

 

Ca
2+

 1.1 x 10
-2

 2.5 x 10
-6

 

Fe
2+

 9.2 x 10
-6

 9.8 x 10
-8

 

Fe
3+

 1.0 x 10
-4

 1.1 x 10
-9
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The rejection of chl-a and DO as principal variables in the PCA was likely a consequence of a 

dynamic time lag between pH and these two parameters of likely less than one week. With a weekly 

sampling frequency, diurnal and daily variations in photosynthetic and aerobic respiration activities by 

algae, which control chl-a, DO, and pH levels, could not be fully captured. Continuous monitoring of 

these parameters is recommended to further refine the regression equation developed for modelling pH, as 

determined through PCA and subsequent regression on the PCs. 

3.6 Conclusions 

This study involved the characterization of three facultative WSPs at the Amherstview (Ontario, 

Canada) WPCP. The WSPs have experienced excessive algae growth and high pH levels in the summer 

months since 2003. Monitoring of a wide range of water chemistry parameters at the wastewater 

treatment plant and WSP effluents was conducted over a 4 month (July-October 2012) period. 

Multivariate statistical analyses of the data was performed to determine the principal variables 

contributing to pH fluctuation and establish correlations between parameters While statistical analyses of 

environmental data is common, studies have generally considered of a limited number of parameters. This 

study was performed to fill this gap through the evaluation of a wide range of water chemistry data and 

determine the dynamics in a system exhibiting strong pH imbalances. 

Strong correlations between chl-a and each of: sunlight, temperature, organic matter, and nutrients, 

were observed. Weak to negative correlations between chl-a and each of: pH and DO were observed. 

Through PCA of the entire dataset, the importance of 8 variables to describe the pH fluctuations in the 

system was identified: alkalinity, conductivity, ORP, TSS, COD, NO3
-
, NO2

-
, and orthophosphate. All 

parameters retained were noted to be directly related to pH through water chemistry. Regressions 

performed on the PCs and variables retained produced strong fits (R
2
 > 0.79), supporting the use of the 

PCA and regression techniques for future modelling of pH with measurement of the aforementioned 8 

variables retained.  
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Considering the widespread implementation of WSP systems in small communities throughout the 

world, the results of this study could be valuable in assisting operators to better understand and address 

related pH, algae growth, and water chemistry issues with their systems effectively and affordably, 

without immediately resorting to costly system modifications. This is a particularly salient concern with 

the global trend towards higher effluent standards for the protection of receiving environments and long-

term environmental stewardship. 

3.7 References 

Abdi, H. 2003. Partial Least Squares Regression. Encyclopedia of Social Science Research Methods. 

Lewis-Beck M., Bryman, A., Futing T. (Eds.). Thousand Oaks, USA: Sage Publications. 

Aguado, D., C. Rosen. 2008. Multivariate statistical monitoring of continuous wastewater treatment 

plants. Engineering Applications of Artificial Intelligence, 21: 1080-1091. 

Aiken, C.M., W. Petersen, F. Schroeder, M. Gehrung, P.A. Ramirez von Holle. 2011. Ship-of-
Opportunity Monitoring of the Chilean Fjords Using the Pocket FerryBox. Journal of 
Atmospheric and Oceanic Technology, 28: 1338-1350. 

Allen, J.B. 2002. Principal Components Analysis. PCA Soundbyte, 4/29/02. Retrieved from 

<http://apsychoserver.psychofizz.psych.arizona.edu/JJBAReprints/PSYC501A/pdfs2008/PCAEXPL.p

df> (accessed March 27, 2013). 

American Public Health Association (APHA). 2005. Standard Methods for the Examination of Water and 

Wastewater, 21
st
 edition. Clesceri, L.S., A.E. Greenberg, R. Rhodes Trussell (eds). Washington D.C., 

USA: American Public Health Association. 

Ann, Y., K.R. Reddy, J.J. Delfino. 2000. Influence of redox potential on phosphorus solubility in 

chemically amended wetland organic soils. Ecological Engineering, 14:169-180. 

Arbelaez, J., B. Koopman, E. P. Lincoln. 1983. Effects of Dissolved Oxygen and Mixing on Algal 

Autoflotation. Water Pollution Control Federation, 55(8), Conference Preview Issue: 1075-1079. 

Arhonditsis, G., M.T. Brett, J. Frodge. 2003. Environmental Control and Limnological Impacts of a Large 

Recurrent Spring Bloom in Lake Washington, USA. Environmental Management, 31(5): 603-618. 

Barsanti, L., P. Gualtieri. 2006. Algae: Anatomy, Biochemistry, and Biotechnology. Boca Raton, USA: 

CRC Press. 

Boyd, C.E., B.J. Watten, V. Goubier, R. Wu. 1994. Gas Supersaturation in Surface Waters of Aquaculture 

Ponds. Aquacultural Engineering, 13: 31-39. 

CH2M Gore and Storrie Limited. 1997. Amherstview Water Pollution Control Plant – Operating Manual.  



 

71 

 

Cunningham, W.P. (ed.), M. Bortman, P. Brimblecombe, M.A. 2003. Cunningham. Environmental 

Encyclopedia, vol. 2, 3
rd

 edn.  Detroit, USA: Gale, pp: 1480-1482. 

Dodds, W.K. 2002. Freshwater Ecology: Concepts and Environmental Applications. Waltham, USA: 

Academic Press. 

Dong, X., G.B. Reddy. 2010. Nutrient removal and bacterial communities in swine wastewater lagoon 

and constructed wetlands. Journal of Environmental Science and Health Part A, 45: 1526-1535. 

Dowd, M., F. Page, R. Losier. 2002. Time Series Analysis of Temperature, Salinity, Chlorophyll and 

Oxygen Data from Tracadia Bay, PEI. Canadian Technical Report of Fisheries and Aquatic Sciences, 

2441: iii + 86 p. 

Ferrara, R.A., C.B. Avci. 1982. Nitrogen dynamics in waste stabilization ponds. Water Pollution Control 

Federation, 54(4): 361-369. 

Hamdy, A.A. 2000. Biosorption of Heavy Metals by Marine Algae. Current Microbiology, 41: 232-238. 

Fitzgerald, J., J. Fitzgerald. 2013. “Appendix I: Spearman’s Rho (p) Table.” Statistics for Criminal 

Justice and Criminology in Practice and Research: An Introduction. Thousand Oaks, USA: Sage 

Publications. 

Jolliffe, I.T. 1986. Principal Component Analysis. New York, USA: Springer-Verlag. 

Kayombo, S., T.S.A. Mbwette, J.H.Y. Katima, S.E. Jorgensen. 2003. Effects of substrate concentrations 

on the growth of heterotrophic bacteria and algae in secondary facultative ponds. Water Research, 37: 

2937-2943. 

King, J., D. Jackson. 1999. Variable selection in large environmental data sets using principal components 

analysis. Environmetrics, 10: 67-77. 

Lee, J.-M., C. Yoo, I.-B. Lee. 2004. Statistical process monitoring with independent component analysis. 

Journal of Process Control, 14: 467-485. 

Levasseur, M., P.A. Thompson, P.J. Harrison. 1993. Physiological acclimation of marine phytoplankton 

to different nitrogen sources. Journal of Phycology, 29: 587-595. 

Li, X., H. Wang. 2010. A Stoichiometrically Derived Algal Growth Model and Its Global Analysis. 

Mathematical Biosciences and Engineering, 7(4): 825-836. 

Mara, D. 2001. Appropriate wastewater collection, treatment and reuse in developing countries. 

Municipal Engineer, 145(4): 299-303. 

Meko, D. 2013. “10. Lagged Correlation.” GEOS 585A Class Notes. Tucson, USA: Laboratory of Tree 

Ring Research, Arizona State University. http://www.ltrr.arizona.edu/~dmeko/notes_10.pdf (accessed 

July 15, 2013). 

Mesplé, F., C. Casellas, M. Troussellier, J. Bontoux. 1996. Modelling orthophosphate evolution in a high 

rate algal pond. Ecological Modelling, 89: 13-21. 



 

72 

 

Metcalf and Eddy, Inc. 2003. Wastewater Engineering: Treatment, Disposal, and Reuse. G. 

Tchobanoglous, F.L. Burton, H.D. Stensel (eds.). Canada: McGraw-Hill. 

Miettinen, T., T.J. Hurse, M.A. Connor, S.-P. Reinikainen, P. Minkkinen. 2004. Multivariate monitoring 

of a biological wastewater treatment process: a case study at Melbourne Water’s Western Treatment 

Plant. Chemometrics and Intelligent Laboratory Systems, 73: 131-138. 

Nagao, F., T. Miyazaki. 2002. Release of dissolved organic nitrogen from Scenedesmus quadricauda 
(Chlorophyta) and Microcystis novacekii (Cyanobacteria). Aquatic Microbial Ecology, 27: 275-284. 

National Aeronautic and Space Administration (NASA). 2012. Surface meteorology and Solar Energy 

(SSE) Release 6.0 Methodology, Version 3.1.  

Ouali, A., C. Azri, K. Medhioub, A. Ghrabi. 2009. Descriptive and multivariable analysis of the physico-

chemical and biological parameters of Sfax wastewater treatment plant. Desalination, 246: 496-505.  

Peres-Neto, P.R., D. Jackson, K. M. Somers. 2003. Giving Meaningful Interpretation to Ordination Axes: 

Assessing Loading Significance in Principal Component Analysis. Ecology, 84(9): 2347-2363. 

Peng, J., B. Wang, Y. Song, P. Yuan, Z. Liu. 2007. Adsorption and release of phosphorus in the 

surface sediment of a wastewater stabilization pond. Ecological Engineering, 31: 91-97. 

Rockne, K.J. 2007. Kinetic hindrance of Fe(II) oxidation at alkaline pH and in the presence of nitrate and 

oxygen in a facultative wastewater stabilization pond. Journal of Environmental Science and Health 

Part A, 42: 265-275. 

Sah, L., D. Rousseau, C.M. Hooijmans. 2012. Numerical Modelling of Waste Stabilization Ponds: Where 

Do We Stand? Water, Air, and Soil Pollution, 223: 3155-3171. 

Samudro, G., S. Mangkoedihardjo. 2010. Review on BOD, COD and BOD/COD ratio: a triangle zone for 

toxic, biodegradable and stable levels. International Journal of Academic Research, 2(4): 235-239. 

SAS Institute Inc. 2013. User Guide. JMP®10 [software]. 

Scott, J.T., M.J. McCarthy, W.S. Gardner, R.D. Doyle. 2008. Denitrification, dissimilatory nitrate 

reduction to ammonium, and nitrogen fixation along a nitrate concentration gradient in a created 

freshwater wetland. Biogeochemistry, 87: 99-111. 

Shammas, N.K., L.K. Wang, Z. Wu. 2009. “Waste Stabilization Ponds and WSPs.” In Volume 8: 

Biological Treatment Processes, Handbook of Environmental Engineering. New York, USA: Humana 

Press. 

Snoeyink, V., D. Jenkins. 1980. Water Chemistry, 1
st
 edn. Hoboken, USA: Wiley. 

Steinmann, C.R., S. Weinhard, A. Melzer. 2003. A comined system of lagoon and constructed wetland 

for an effective wastewater treatment. Water Research, 37: 2035-2042. 

Sterner, J.W., R.P. Grover. 1998. Algal growth in warm temperate reservoirs: kinetic examination of 

nitrogen, temperature, light, and other nutrients. Water Research, 32(12): 3539-3548. 



 

73 

 

Sundaravadivel, M., S. Vigneswaran. 2001. Constructed wetlands for Wastewater Treatment. Critical 

Reviews in Environmental Science and Technology, 31(4): 351-409. 

Suhr, D.D. 2005. Principal Component Analysis vs. Exploratory Factor Analysis. Paper 203-30, SUGI 30 

Conference Proceedings, Philadelphia, Pennsylvania. 

United Nations Human Settlements Programme (UN). 2008. Constructed Wetlands Manual. Kathmandu, 

Nepal: UN-HABITAT Water for Asian Cities Programme. 

Urgun-Demirtas, M., C. Sattayatewa, K. R. Pagilla. 2008. Bioavailability of Dissolved Organic Nitrogen 

in Treated Effluents. Water Environment Research, 80(5): 397-406. 

Wang, L., M. Min, Y. Li, P. Chen, Y. Chen, Y. Liu, Y. Wang, R. Ruan. 2010. Cultivation of Green Algae 

Chlorella sp. in Different Wastewaters from Municipal Wastewater Treatment Plant. Applied 

Biochemistry and Biotechnology, 162: 1174-1186. 

Wicklin, R. 2011. “Log transformations: How to handle negative data values?” The DO Loop – SAS Blog. 

http://blogs.sas.com/content/iml/2011/04/27/log-transformations-how-to-handle-negative-data-values/ 

(accessed April 24, 2013).  

Wolf, K.L., C. Ahn, G.B. Noe. 2011. Development of Soil Properties and Nitrogen Cycling in Created 

Wetlands. Wetlands, 31: 699-712. 

Zang, C., S. Huang, M. Wu, S. Du, M. Scholz, F. Gao, C. Lin, Y. Guo, Y. Dong. 2011. Comparison of 

Relationships Between pH, Dissolved Oxygen and Chlorophyll a for Aquaculture and Non-

aquaculture Waters. Water, Air, and Soil Pollution, 219: 157-174.  



 

74 

 

Chapter 4 

Determination of Algae and Macrophyte Species Distribution in Three 

Facultative Wastewater Stabilization Ponds Using Metagenomics Analysis 

4.1 Abstract 

This study involved the evaluation of algae and macrophyte species distributions in three facultative 

wastewater stabilization ponds (WSPs) at a wastewater treatment plant in eastern Ontario, Canada. Since 

2003, the three WSPs operated in series have experienced high pH levels at the final system effluent and 

excessive algae growth during the summer months. From biomass and water samples collected from the 

system, the relative abundances of specific algae and aquatic plant (macrophyte) taxa were assessed and 

correlated to water chemistry data. A strong shift from the dominance of a major class of green algae, 

chlorophyceae, in WSP#2, to the dominance of land plants, embryophyta – including aquatic macrophytes 

– in WSP#4, was observed and corresponded to field observations over the study period. Correlation of 

the relative abundances of these main taxa to relevant water chemistry parameters suggested that the 

macronutrient (nitrogen (N) and phosphorus (P)) rich conditions in WSP#2 allowed floating green algae 

to proliferate, inhibiting the growth of macrophytes below the water surface. In WSP#1 and WSP#4, 

macrophytes were likely able to compete with algae and thrive, as they were more adaptable to the lower 

nutrient conditions and could obtain N and P from the sediment. The pH increases observed occurred 

primarily in the WSP#2 and were not buffered or reduced in WSP#1 and WSP#4, corresponding to the 

excessive floating green algae levels observed. Two alternatives for pH control in the system were 

recommended: decreasing algae growth in WSP#2 through duckweed seeding or macronutrient loading 

reduction; or designing and implementing a constructed wetland (CW) in WSP#4 with soil material and 

vegetation to buffer pH prior to its release.  
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4.2 Introduction 

Algae play an essential role in aquatic ecosystems, providing the conditions needed for other forms of 

life by producing oxygen, removing and converting N and P from water, and exchanging carbon with the 

atmosphere and water. They are rapidly growing and adaptable eukaryotic photoautotrophs consisting of 

an estimated 72,500 species (Guiry, 2012) classified into 15 recognized phyla (Natural History Museum, 

2013). In many aquatic systems, nutrient loadings from agricultural runoff and human wastes can reach 

elevated concentrations, causing rapid and excessive eutrophication in receiving environments. The 

causes and effects of this process are well known and documented in aquatic systems (Smith et al., 2006), 

but research on algae growth in naturalized wastewater treatment systems is generally focused on their 

effect on treatment performance (Ratchford and Fallowfield, 2003; Steinmann et al., 2003;  Zimmo et al., 

2005). By understanding the species profile and distribution during algal blooms in open systems, a 

tailored approach to controlling these blooms may be developed (Amengual-Morro et al., 2012). Within 

naturalized wastewater treatment systems such as WSPs, this would require maintaining a balance 

between supporting desired algae growth for nutrient removal and oxygen production, and limiting 

excessive algae growth, which can lead to increases in pH, limit the effectiveness of aerobic oxidation by 

bacteria, and prevent light and energy penetration to the lower depths of the water column (Kayombo et 

al., 2005; Barsanti and Gualtieri, 2006; Shammas et al., 2009; Veeresh et al., 2010).  

As part of an ongoing performance evaluation of an operating WSP system, this study examined the 

algal and aquatic plant (macrophyte) species profiles and distributions within three WSPs during the 

summer growth season through metagenomics sequencing. The WSPs are part of the Amherstview 

WPCP, operated by Loyalist Township in eastern Ontario, Canada. Since 2003, the WSPs have exhibited 

excessive algal blooms, which have led to a number of pH level events above the regulatory limit, as 

measured in the final system effluent.  The aim of this investigation was to correlate the abundance of 

specific algal and macrophyte taxa to underlying water chemistry conditions, and to provide information 

that would assist in the development of a tailored approach to controlling algae levels and pH 
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fluctuations, while maintaining acceptable nutrient, TSS, and cBOD removals. Over a three-month 

period, from mid-summer into early fall, floating plant biomass and surrounding water samples were 

collected from the WSPs and analyzed using DNA metagenomics sequencing to determine the relative 

abundances of algal and macrophyte taxa. Results were then correlated to water chemistry data containing 

a wide range of parameters, also collected over the monitoring period. 

4.3 Methods 

4.3.1 System Overview 

In this study, algal and macrophyte biomass, as well as water samples, were collected from July to 

September 2012 from three WSPs at the WPCP to identify the predominant algae and macrohpyte species 

and their distribution throughout the system. The history and configuration of the WSPs was previously 

described in Section 3.3.1, including designed and profiled dimensions (Table 3.1). 

4.3.2 Field Sampling and Chemical Analysis 

Grab samples of floating and suspended plant biomass and surrounding water were collected together 

in 250 mL LDPE bottles and stored on ice until delivery to the Queen’s University laboratory, where they 

were freeze dried and subsequently frozen and stored below 0°C until analysis. It should be noted that 

samples were collected based on site accessibility at the time of sampling, and taken from areas of the 

WSPs where plant biomass was observed. The areas from which the samples were collected were 

recorded, but the recorded information did not influence the areas from which other samples were 

collected. 

DNA from the algal community of biomass samples were purified using the Qiagen DNeasy Plant 

Mini Kit (Qiagen, 2013) for DNA isolation. Briefly, whole biomass samples were homogenized using a 

blender for 30 seconds, from which a 1 ml of aliquot was used for DNA extraction. The aliquots were 

frozen for 30 seconds in liquid N and then disrupted using the Tissue Lyser LT set at 50Hz for 30 

seconds. This process was repeated twice. DNA was extracted from the aliquots and purified according to 
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the Qiagen DNeasy Plant Mini Kit. The extracted DNA samples were quantified for concentration using a 

UV spectrophotometer and the genomic DNA quality was verified with a 1% agarose gel conducted for 

DNA integrity. Targeted metagenomics analysis was performed on the 18S RNA gene, noted by 

Sherwood and Presting (2007) to be a commonly used target in universal primers, using barcoded fusion 

polymerase chain reaction (PCR). It has been reported (Stiller and McClanahan, 2005) that 18S 

sequencing can capture all phototrophic eukaryotes, but must span a large diversity and cannot target 

cyanobacteria. In contrast, they noted that 16S sequencing, the other commonly used target, captures 

bacteria at high frequencies. Cyanobacteria are 16S organisms but were not detected in the WSP effluents 

with fluorometric methods. Thus, the 18S sequencing was deemed appropriate to capture the organisms of 

interest in the WSPs. The primers used for PCR amplification are presented in Table 4.1. The conditions 

under which PCR was conducted are presented in Table 4.2. Purification of amplified PCR product was 

performed using Beckman Ampure Beads. This procedure removed primer dimers and free adapters. 

Quantification and purity of amplified PCR products were assessed with Agilent 2100 Bioanalyzer-DNA 

High Sensitivity reagents and chips. 

Table 4.1: Forward and reverse primers applied for 18S RNA gene sequencing in metagenomics 

analysis of the samples collected from the WSPs. 

Primer Sequence 

Forward - A18s-P47 (barcodes 1-10) 5’ - TCTCAGGCTCCCTCTCCGGA - 3’ 

Reverse - A18s-P73 5’- AATCAGTTATAGTTTATTTGRTGGTACC - 3’ 

Table 4.2: PCR phase conditions applied in metagenomics analysis of the samples collected from 

the WSPs. 

Temperature Time period Cycles 

94
0
C 5 minutes 1 

94
0
C 30 seconds 15-26 

55
0
C 30 seconds 15-26 

72
0
C 30 seconds 15-26 

72
0
C 5 minutes 1 

4
0
C To end of PCR 1 

 

Metagenomic sequencing was performed using Ion Torrent Personal Genomic Machine (PGM) with 

318 Chips. Briefly, sequencing template preparation for 316 chips run was performed on Ion Torrent 
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One-Touch System I using emulsion PCR to amplify the fragments and bind them to sequencing beads 

following the Ion PGM Template OT2 200 Kit protocol (Life Technologies, 2013a). Then the templates 

were subjected to a sequencing run on the Ion PGM instrument using the 316 chips following the Ion 

PGM Sequencing 200 Kit protocol (Life Technologies, 2013b). The sequencing was undertaken in two 

batches, with 12 samples for each pool using the sample barcoding strategy. 

4.3.3 Water Chemistry 

Water chemistry data for the determination of correlations to metagenomics data was collected from 

the WSPs on the same sampling dates as those collected for the metagenomics analysis, as presented in 

Section 3.3.2 and Table 3.2. 

4.3.4 Data Analysis 

The metagenomics sequencing data was analyzed using the Metagenomics Analysis Pipeline 

established mainly based on the QIIME package (QIIME, 2013). The results of the sequencing are 

presented by relative abundance of the algae and macrophytes detected for each sample and expressed as 

a percentage of the total amount detected, for each taxonomic level (ie. order, class). Taxonomic levels 

were divided into increasing depth down to the level of order. Relative abundances for individual samples 

were related to the sampling location and date graphically to provide visual representation of growth 

dynamics. A phylogenetic tree was elaborated through hierarchal cluster analysis and weighted unifrac 

distances were calculated according to the methods presented by Lozupone and Knight (2005). 

Performing principal coordinate analysis (PCoA) on unifrac distances was recommended by Lozupone et 

al. (2011) to retrieve significant graphic patterns from sequencing data. PCoA was applied to the 

weighted unifrac distances to graphically represent the similarities between samples for the first three 

principal coordinate (PCo) axes. PCoA is a similar procedure to PCA, but attempts to highlight 

similarities between cases (individual samples), where PCA highlights patterns in samples (Fielding, 

2013). Correlations between the metagenomics and water chemistry were calculated for sampling events 

where both metagenomics and water chemistry were available, using SAS© JMP® 10.0.0 software. 
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4.4 Results 

4.4.1 Distribution and Abundance 

The relative abundances of algae and macrophytes for each sample are represented spatially and 

temporally in Figure 4.1 and photographs of the WSPs on selected sampling dates are shown spatially in 

Figure 4.2. Samples collected from the shores of the WSPs are indicated. The predominance of two 

taxonomic levels was observed throughout the monitoring period and WSPs: Chlorophyta chlorophyceae 

and streptophyta embryophyta. Chlorophyceae is a taxonomic class containing the majority of green 

algae, while embryophyta is a subkingdom otherwise known as land plants including all terrestrial plants 

and many aquatic plants (Simpson, 2006). Chlorophyceae, embryophyta were the focus of the study and 

the most detected. Trebouxiophyceae was detected on a relatively minor level, while all other eukaryotic 

organisms detected were categorized as ‘other’ to provide focus to the analysis. Common aquatic plants 

observed in the WSPs that are classified as embryophyta include the milfoil genus (ITIS, 2013a), 

duckweed subfamily (ITIS, 2013b), and pondweed family (ITIS, 2013c). The three groups are vascular 

plants, in contrast to the simpler physiological structure of green algae chlorophyta, which do not contain 

vascular tissues (Simpson, 2006). No patterns were observed in the relative abundance percentages with 

time (Figure 4.1), indicating a relatively consistent species distribution for each WSP over the monitoring 

period.  

Chlorophyta was dominant in all WSP#2 samples, with relative abundance values above 90%. In 

WSP#1, chlorophyta remained the dominant order, with values above 50% for all samples, but 

embryophyta was also observed, with abundances ranging between 0-40%. In WSP#4, embryophyta was 

dominant with abundances above 80% in all samples except one obtained from the south shore, which 

contained a mixture of embryophyta, chlorophyta, and other eukaryotic organisms. 
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Figure 4.1: Spatial and temporal representation of the relative abundance of eukaryotic species in 

the WSPs at the Amherstview WPCP over the July to September 2012 monitoring period. 
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Figure 4.2: Site photographs taken throughout the monitoring period for each WSP over a range of 

dates in the July to September 2012 monitoring period at the Amherstview WPCP, with 

photograph locations indicated. 

4.4.2 Cluster and PCoA Analysis of Samples 

Weighted unifrac and cluster analysis and PCoA plots presented in Figure 4.3 and Figure 4.4, 

respectively, confirm the relationships and similarities between the species abundances observed in the 

samples. The WSPs were well separated by hierarchal clustering, as seen by the tree structure for the 

system (Figure 4.3). The branched clusterings of WSP#2 and WSP#1 samples together and WSP#4 

samples separately (Figure 4.3) correspond to the relative abundance percentages observed and the 
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associated taxa levels (Figure 4.1). Three samples dissimilar to the others were noted from the PCoA plots 

(Figure 4.4), where they are shown to be isolated from the main clusters of the samples on the PCoA 

plots. In the PCo1 v. PCo2 plot (top right), the WSP#4 samples (triangle) at the top and bottom are noted 

to stray from the PCo2 (x) axis. In the PCo2 v. PCo3 plot (bottom left), these two WSP#4 samples and a 

WSP#1 sample are noted to lie to the left of the main cluster. In the PCo1 v. PCo3 plot (bottom right), all 

three are noted to lie below the main cluster of samples. These three samples were taken from the shore, 

which may have contributed to their different compositions, as sludge and other organic matter was more 

likely to be present due to shallow water levels and proximity to shorelines. 

 

Figure 4.3: Hierarchal cluster analysis of samples based on diversities of the relative abundances, 

showing strong clustering of WSP#2 in one branch and WSP#1 and WSP#4 in another, and 

supporting the relative abundances observed in Figure 4.1. 



 

83 

 

 

Figure 4.4: PCoA plots of the samples for the first three principal coordinates of the PCoA analysis, 

with colour indicating sample data and shape indicating sample location; three samples isolated 

from the main grouping – two from WSP#4 (triangle) and one from WSP#1 (circle) – are observed 

and correspond to samples taken from the shore. 

4.4.3 Water Chemistry Conditions 

To illustrate spatial water chemistry trends, a summary of the WSP system water chemistry parameters 

is presented in Table 3.4 in Section 3.4.1, based on the mean values over the monitoring period with 

standard deviations, as well as the overall average percent change over all WSPs, for each parameter. 
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4.4.4 Correlations to Water Chemistry Parameters 

Spearman rank correlation coefficients were determined between the relative abundances of 

embryophyta and chlorophyta, and between embrophyta and water chemistry parameters and then 

chlorophyta and the water chemistry parameters, to establish the water chemistry conditions preferentially 

associated with each species class. A Spearman rank correlation coefficient of -0.972, with a p-value 

<0.0001, between the embryophyta and chlorophyceae species classes across all WSPs, suggests a strong 

contrast between their abundance and, thus, confirms the spatial shift from algae to macrophytes 

throughout the  WSPs. The correlation between embryophyta and trebouxiophyceae was weak due to the 

limited abundance of this group in the samples. Spearman coefficients between the embryophyta and 

chlorophyceae groups and water quality parameters are presented in Table 4.3. In many cases, 

embryophyta correlations to macronutrients (N and P species) and organic matter (cBOD and COD) had 

opposite signs than chlorophyceae correlations to these parameters, further contrasting the differences 

between the two classes and water chemistry conditions.  

The correlations to orthophosphate and organic N were found to be negative in WSP#2 and positive in 

WSP#1 and WSP#4 for chlorophyceae, while they were positive for embryophyta. Orthophosphate is the 

readily available form of P for uptake by algae and macrophytes (Mesplé et al., 1996; Metcalf and Eddy, 

2003; Barsanti and Gualtieri, 2006), and the negative correlations to the abundances of each species class 

in the WSPs in which they were most abundant suggests that orthophosphate was readily uptaken. 

Organic N was continuously consumed and released by algae (Urgun-Demirtas et al., 2008), and the 

negative correlations to chlorophyceae and embryophyta abundances suggest that, as with 

orthophosphate, it was readily uptaken. DO was noted to be strongly negatively correlated to 

chlorophyceae and strongly positively correlated to embryophyta in WSP#1 and WSP#4, highlighting the 

role that the macrophytes likely exhibited in producing DO. Dynamic time lags between DO, chl-a, and 

pH were previously determined in Chapter 3 as the likely cause of negative correlations between these 

parameters, wherein the changes of these parameters were offset by a certain period of time. The negative 
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correlations between these parameters and chlorophyceae abundance may be due to these dynamic time 

lags. 

Table 4.3: Spearman rank correlation coefficients between embryophyta and chlorophyceae and 

water chemistry parameters measured at each of the WSP effluents and across all WSPs for the 

sampling dates, sorted by significance probability statistic (summed p-value; smallest to largest). 

Effluent 

Parameter 

Chlorophyta_Chlorophyceae Streptophyta_Embryophyta 

WSP#2 WSP#1 WSP#4 WSP#2 WSP#1 WSP#4 

Orthophosphate -0.49 0.67 0.48 0.65 -0.67 -0.29 

Organic N -0.37 0.56 0.63 0.65 -0.56 -0.88 

cBOD 0.65 0.67 0.39 -0.20 -0.67 -0.15 

NO3
-
 0.46 -0.46 -0.48 0.13 0.46 0.29 

DO -0.09 -0.67 -0.63 -0.65 0.67 0.88 

Total N 0.14 -0.46 0.20 0.39 0.46 -0.52 

TIP -0.26 0.46 0.30 0.13 -0.46 -0.65 

NO2
-
 -0.26 -0.46 -0.42 0.13 0.46 0.24 

Total N/TIP 

Ratio 
0.31 -0.56 -0.63 -0.13 0.56 0.88 

Chl-a 0.71 0.05 0.30 -0.65 -0.05 -0.65 

COD 0.66 0.05 0.63 -0.39 -0.05 -0.88 

NH3 0.20 -0.22 0.09 -0.65 0.22 -0.35 

pH -0.60 -0.45 -0.30 -0.13 0.45 0.65 

NH4
+
 0.09 -0.36 0.30 0.13 0.36 -0.65 

4.5 Discussion 

In spatial terms, a strong shift from green algae dominating the growth conditions in WSP#2 to the 

introduction of macrophytes in WSP#1 and then the predominance of aquatic plants in WSP#4 was noted 

in this WSP system (Figure 4.1). This spatial shift corresponds well with field observations throughout 

the monitoring period. The positive correlation between chlorophyceae and chl-a was noted to be strong 

for WSP#2, but not for the other WSPs. Additionally, there were strong negative correlations between 

embryophyta and chl-a in all WSPs (Table 4.3). These trends confirm that the chl-a measurements in the 

WSPs were most likely the result of green algae abundance in WSP#2, including suspended material, and 

not by the abundance of macrophytes. High levels of floating green algae were present in WSP#2 

throughout the monitoring period (Figure 4.2), with gradual die-off occurring as temperatures decreased 
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in September. The floating algae may have prevented the growth of other aquatic plants, such as milfoil 

and duckweed, in WSP#2 as sunlight penetration would have been limited at the lower depths of the water 

column. In WSP#1, the presence of floating algae was more sparse, allowing for more sufficient light 

penetration and macrophyte plant growth, as noted by the corresponding milfoil growth observed 

throughout the monitoring period (Figure 4.2). It is likely that reasonable light penetration and the lower 

availability of macronutrients compared with WSP#2 prevented the dominance of either classes of species 

and allowed for the establishment of both chlorophya and embryophyta. In WSP#4, the dominance of 

macrophytes, particularly duckweed, was observed throughout the study (Figure 4.2). Green algae were 

observed in small agglomerations across the WSP surface. 

A more detailed breakdown of the embryophyta class was not obtained from the sequencing. Three 

major types were most easily recognized during field observations throughout the study: milfoil 

(myrophyllum), duckweed (lemna), and pondweed (potamogeton) (Figure 4.2) (Simpson, 2006). From 

WSP#2 through to WSP#4, growth conditions changed from the predominance of simple green plants, 

consisting primarily of chlorophyta (green algae), to more complex macrophytes within the subkingdom 

of embryophyta and containing vascular tissues (Figure 4.1). The concentrations of N and P, availability 

of sunlight, and other factors such as pH and temperature in the individual WSPs (Table 3.4) likely 

favoured the algae and macrophyte compositions observed in each of the WSPs.  

Green algae have been noted to perform photosynthesis more efficiently than macrophytes, with 

efficiencies between 0.5-6.0% (Shammas et al., 2009) compared to 0.1-2.0% (Govindjee, n.d.; Zijffers, 

2008), respectively. Growth rates for algae and macrophytes reported in literature were compared to 

assess which would be more likely to grow rapidly and dominate WSP#2 as this WSP contained the 

highest macronutrient concentrations (Table 3.4). Of the macrophytes observed in the WSPs, duckweed 

was expected to be the fastest growing plant. Duckweed is known to grow very rapidly; under the 

appropriate conditions an agglomeration may double its biomass in two days, making them among the 

fastest growing aquatic angiosperms in the world and comparable to the fastest terrestrial plants (Leng, 
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1999; Tan, 2001; Landesman et al., 2005). The specific growth rate (μ – d
-1

) for the Monod equation was 

utilized as a metric for algae and duckweed growth by Sterner and Grover (1998), Kayombo et al. (2003) 

and Landesman et al. (2005). Sterner and Grover (1998) reported μ values from 0.8 to 1.07 d
-1

 for algae 

grown in nutrient enriched water (up to 2 mg/L total N and 1 mg/L total P added) from two reservoirs, 

maintained at an average temperature of 28-30°C. Kayombo et al. (2003) reported μ values from 0.35 to 

0.48 d
-1

 for algae grown in nutrient enriched water (500 mg/L (NH4)2SO4, 500 mg/L KNO3, and 100 mg/L 

KH2PO4 added) from the inlet of a facultative WSP, maintained at an average temperature of 30°C. 

Landesman et al. (2005) reported μ values from 0.16 to 0.22 d
-1

 for duckweed grown in cattle feedlot 

runoff wastewater (containing 329 mg/L total N and 231 mg/L orthophosphate) maintained at an average 

temperature of 29°C. From these studies, it was noted that algae have higher μ values than duckweed for 

all ranges cited.  

WSP#2 contained the highest N and P loads of the system, with levels in excess of the amount 

required for the green algae growth observed (excesses of over 372%, 1-7%, and 3% for organic 

substrate, dissolved inorganic N, and total P, respectively), based on a Monod growth model previously 

derived for the WSPs from chl-a and substrate concentration measurements in Chapter 3. Monod growth 

models are suitable for modelling algae growth (Barsanti and Gualtieri, 2006) and have been used in a 

number of studies (Sterner and Grover, 1998; Kayombo et al., 2003; Landesman et al., 2005). The more 

rapid algae growth compared to duckweed and other macrophytes observed in the system, would imply 

that the algae likely out-competed these other plants, thereby establishing and sustaining the large 

formations of biomass observed in WSP#2 (Figure 4.2), until die-off in the fall. The large floating 

agglomerations of algae in WSP#2 would also limit sunlight penetration at the lower levels of the water 

column, where milfoil and pondweed are rooted (Bristow and Whitcombe, 1971). NO3
-
 is the principal 

form of N that algae can uptake (Barsanti and Gualtieri, 2006) and was most abundant in WSP#2 

followed by large decreases in concentrations in WSP#1 and WSP#4 (Table 3.4). A strong positive 

correlation between the chlorophyceae abundance and NO3
-
 concentration in WSP#2 was observed, 
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suggesting that this was the preferred N form for algae growth in WSP#2, compared to weak to negative 

correlations between chlorophyceae abundance and NO2
-
, NH4

+
, and NH3 (Table 4.3). 

In WSP#1, lower N and P levels (Table 3.4) likely provided a more balanced opportunity for growth 

between algae and macrophytes, as observed by the increasing presence of the latter. Additionally, it has 

been shown that macrophytes draw a significant portion of their N and P requirements from sediments 

(Madsen and Cedergreen, 2002). Barko et al. (1991) reported that sediments were the primary pathway 

for N and P uptake by macrophytes in the majority of natural waters, particularly for lakes and ponds, 

where flow rates are slow (Madsen and Cedergreen, 2002). Sediments of WSPs contain high levels of N 

and P as a result of settling and precipitation (Keffala et al., 2013). The lower macronutrient levels in the 

waters of WSP#1 compared with WSP#2 likely limited algae growth, but did not hinder the growth of 

rooted macrophytes such as milfoil and pondweed, as they would be able to meet their macronutrient 

requirements from the sediment zone.  

In WSP#4, total N levels decreased further and total P levels remained constant, and the abundance of 

algae and chl-a levels were both noted to decrease. The abundance of embryophyta increased 

considerably to levels above 80%. As in WSP#1, milfoil and pondweed were likely able to access their 

macronutrient requirements from the sediments. The growth of large agglomerations of duckweed in 

WSP#4 may be explained by its tolerance to high pH, where studies have shown that it can sustain growth 

at pH levels of up to 9.5-10 (Leng, 1999; Kesaano, 2011). Algae, including chlorophyceae, generally 

grow in a pH range of 7-9 (Lavens and Sorgeloos, 1996). While algae can cause an increase in pH levels 

through the consumption of CO2, high pH level can eventually hinder algae growth, even pH tolerant 

algae (Bergstrom et al., 2007). In their study, Bergstrom et al. (2007) noted a reduction in chl-a levels of 

nearly 90% for freshwater algae cultures in waters with pH levels maintained at 8.9 and 9.9, respectively. 

Once duckweed populations are established during the summer months, they can then limit the growth of 

algae and consequently reduce the concentration of DO throughout the water column. Unlike algae, 

duckweed does not transfer oxygen to the water column to sustain aerobic bacterial activity (Crites and 
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Tchobanoglous, 1998). This phenomenon was observed during the study, with DO levels decreasing 19% 

and 5% across WSP#1 and WSP#4, respectively.  

In terms of pH levels, WSP#2 is the main operational concern, as the majority of the pH fluctuations 

occur in this system and remain unbuffered in the subsequent WSPs (Figure 4.5). Increases in pH 

resulting from photosynthetic algae growth is well documented (Kayombo et al., 2005; Barsanti and 

Gualtieri, 2006; Shammas et al., 2009; Zang et al., 2011). Over the monitoring period, pH levels rose 

35.4% on average within WSP#2, compared to a decrease of 1.3% in WSP#1 and an increase of 2.7% in 

WSP#4. pH levels generally decreased in WSP#1 and WSP#4 from the levels observed in WSP#2 from 

mid-July to mid-August (Figure 4.5), when temperatures were highest. The presence of duckweed has 

been reported to be associated with decreases in pH levels (Zimmo et al., 2000; Kesaano, 2011) and may 

have been a contributing factor in this study. However, the smaller populations of duckweed in WSP#4 

compared to algae in WSP#2, may have limited the significance of duckweed influence on pH compared 

with the larger influence exerted by the excessive algae growth in WSP#2.  

 

Figure 4.5: pH levels in the Amherstivew WPCP WSPs over the July to September 2012 monitoring 

period, showing high pH increases in WSP#2 that remain high through WSP#1 and WSP#4. 
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The strong negative correlations between pH and chlorophyceae abundance (Table 4.3) in WSP#2 

suggest a dynamic time lag between these parameters, wherein the changes of pH and chlorophyceae 

abundance are offset by a certain period of time. This was previously identified to be the likely cause of 

negative correlations between pH and chl-a in the WSPs during the study period (Chapter 3) and formed 

the basis for the study presented in Chapter 5. The consistent and strong increases in pH levels and the 

dominance of chlorophyceae observed in WSP#2 suggests that algae growth caused pH levels to rise in 

the WSPs, with a dynamic time lag between initial algae growth and pH increases. 

To control pH in the WSPs, two suitable approaches could be undertaken which would involve either 

reducing the incidence of algae blooms in WSP#2 or reducing pH levels in WSP#1 or WSP#4. While 

algae grow faster than macrophytes, the latter are generally more temperature tolerant (Lavens and 

Sorgeloos, 1996; Leng, 1999), with duckweed able to grow at temperatures as low as 6°C (Leng, 1999) 

and algae (including chlorophyceae) typically growing at temperatures above 16°C (Lavens and 

Sorgeloos, 1996). In the spring, the establishment of duckweed populations prior to algae growth could 

prevent the excessive algae blooms in WSP#2 historically observed, and stabilize pH throughout the 

growth season, as suggested by Kesaano (2011). In this study, water quality monitoring and 

metagenomics analysis was initiated mid-summer when algae and macrophyte growth conditions had 

already been established. Further evaluation and analysis of WSP conditions over the course of spring and 

early summer, either in simulated laboratory conditions or in the field, may provide more insight into 

strategies for preventing excessive algae growth in WSP#2 and promoting duckweed predominance to 

stabilize pH. Alternatively, pH could be reduced by physical modifications to WSP#4. Vegetation in CWs 

are highly effective at buffering and controlling pH, as noted in a number of studies (Gschlöβl et al., 

1998; Mayes et al., 2009a; Mayes et al., 2009b; Tsalkatidou et al., 2009). CWs differ from WSPs in that 

the wastewater flows, either partially or fully, through layers of gravel or soil media rooted with plants, in 

addition to areas of open water containing floating and emergent vegetation (Kayombo et al., 2005; 

Vymazal et al., 2006). Further evaluation of CW dynamics in bench scale experiments would provide an 
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indication of the most appropriate type and configuration of CW for the system. Of the Amherstview 

WPCP WSPs, WSP#4 would be the preferred site for a CW compared to WSP#1 as it is the final stage of 

treatment. 

4.6 Conclusions 

This study involved the evaluation of algae and macrophyte species distributions in three facultative 

WSPs at a wastewater treatment plant in eastern Ontario, Canada. Since 2003, the three in-series WSPs 

operating have experienced high pH levels at the final effluent and excessive algae growth in the summer 

months. Algae and macrophyte biomass and water samples were taken over a three-month period from 

mid-summer to early-fall and subsequently analyzed using metagenomics techniques to determine the 

relative abundances of algae and macrophyte taxa. Water chemistry data taken over the same period for a 

full range of parameters allowed for the calculation of correlations between algae and macrophyte 

abundance and water chemistry conditions. 

In terms of the dynamics in relative abundance percentages, a shift was witnessed in the eutrophication 

pattern throughout the WSPs. The excessive algae populations in WSP#2 effectively prevented 

themselves from flourishing in WSP#1 and WSP#4 by consuming much of the initial macro-nutrient 

supply in WSP#2. The macrophytes observed and identified in the WSPs – duckweed, milfoil, and 

pondweed – are more complex vascular plants that may have, in the case of duckweed, thrived in the 

higher pH environments of WSP#2 and WSP#4 (Leng, 1999; Kesaano, 2011); or, in the case of milfoil 

and pondweed, likely accessed their nutrient requirements from the sediments of the WSPs (Madsen and 

Cedergreen, 2002; Barko et al., 1991), which are known to be rich in N and P (Keffala et al., 2013). The 

pH increases in the system occurred in WSP#2 due to the excessive algae growth, and were not stabilized 

downstream in WSP#1 and WSP#4. Two alternatives for pH control are thus recommended: reduce algae 

growth in WSP#2 through duckweed seeding or nutrient loading reduction; or design and implement a 

CW in WSP#4 with soil material and vegetation to buffer pH prior to its release. Further research, 
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involving laboratory experiments and further field sampling and observation, would provide more insight 

into the most appropriate alternative to managing pH for the long term.  

Algae are important organisms for wastewater treatment in WSP systems, as they provide DO for 

aerobic oxidation of organic matter by bacteria. However, their excessive growth can raise pH levels, and 

reduce treatment performance (Kayombo et al., 2005; Barsanti and Gualtieri, 2006; Shammas et al., 2009; 

Veeresh et al., 2010). As communities shift towards naturalized semi-passive treatment systems such as 

WSPs to reduce costs (Steinmann et al., 2003; Shammas et al., 2009), knowledge of algae growth issues 

and how to address them is paramount to ensure successful system operation. 
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Chapter 5 

Time-Series Relationships Between Chlorophyll-a, Dissolved Oxygen, and pH 

in Three Facultative Wastewater Stabilization Ponds 

5.1 Abstract 

This study involved the evaluation of time-series relationships between chlorophyll-a (chl-a), 

dissolved oxygen (DO), and pH in three facultative wastewater stabilization ponds (WSPs) operated in 

series at a wastewater treatment plant in eastern Ontario, Canada. Since 2003, the WSP system has 

experienced high pH levels and excessive algae growth during the summer months. During the summer of 

2013, chl-a, DO, pH, temperature, and daily solar radiation were monitored on an hourly basis for each 

WSP over a one week period. An additional two weeks of monitoring was conducted in WSP#2 to 

provide a more robust data set. Time-series analyses, consisting of cross-correlation evaluations, were 

performed on the dataset to investigate the time-dependent dynamics between chl-a, DO, and pH. A 

strong statistical dependence between chl-a, DO, and pH was found during periods of high photosynthetic 

activity and algae growth; as indicated by chl-a concentrations and field observations. WSP#2 had the 

highest algae growth and the statistical relationships between chl-a and DO and chl-a and pH were found 

to be the strongest, with maximum cross-correlation coefficients of 0.54 and 0.56 observed at lags of 20 

and 16 hours for DO and pH, respectively. Strong diurnal patterns for DO and pH were observed in 

WSP#1 and WSP#4, and in WSP#2 during periods of reduced algae growth. During periods of excessive 

algae growth in WSP#2, no clear diurnal pattern was noted for DO and pH. In general across all WSPs, 

daily DO concentration peaks led those of chl-a by an average of 43 minutes, while daily chl-a peaks led 

those of pH by an average of 2 hours and 15 minutes. 

5.2 Introduction 

In facultative WSPs, algae provide an effective treatment mechanism for the removal of nutrients and 

the production of DO. In many of these systems, with sufficient nutrient loadings, algae form a symbiotic 
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relationship with aerobic bacteria that creates an important cyclic treatment mechanism for nutrient 

removal from municipal wastewaters (Shammas et al., 2009). Photosynthetic production of DO by algae 

enhances aerobic oxidation by bacteria, which in turn convert nutrient compounds such as ammonia and 

phosphate to readily consumable forms. Large nutrient loads can lead to the excessive proliferation of 

algae and eutrophication of receiving environments (Smith et al., 2006). With excessive algae growth, pH 

may rise to harmful levels as dissolved carbon dioxide (CO2) is consumed in photosynthetic cell 

metabolism (Kayombo et al., 2005; Barsanti and Gualtieri, 2006). Strong statistical correlations between 

chlorophyll-a (chl-a), DO, and pH have been investigated and confirmed by Dowd et al. (2002), Zang et 

al. (2011).  Such correlations may also be time-lagged, reflecting the dynamic nature of algae growth and 

their subsequent influence on changes to water quality (Dowd et al., 2002). 

A previous investigation of the Amherstview WPCP WSP system in eastern Ontario, Canada was 

carried out in the summer and fall of 2012 to determine the primary water quality parameters contributing 

to algae growth and pH fluctuations. This particular WSP system has experienced widespread algae 

blooms and pH levels that consistently exceed regulatory discharge limits for the final effluent. In a 

previous study of the three WSPs operated in series (Chapter 3) data for a range of parameters, including 

chl-a, DO, and pH, was collected on a weekly basis from July to October 2012. Correlations between chl-

a and DO as well as chl-a and pH were found to be either negative or non-existent, and time-series 

analysis with a lag period of one week did not show any discernible trends. It was believed that time lags 

shorter than one week may have existed between these parameters, and thus warranted further 

exploration. This study presents the results of continuous monitoring of chl-a, DO, and pH over a period 

of one week within each WSP to determine and characterize the dynamic time lags between these 

parameters within each WSP system. Additional monitoring was conducted in the WSP#2 for a two week 

period to characterize the effect of floating algae on diurnal DO and pH fluctuations. 
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5.3 Methods 

5.3.1 Field Monitoring 

In 2013, monitoring was conducted at each of the three WSPs over a one week period and considered 

pH, DO, chl-a, and temperature (June 19-26 for WSP#2, June 26-July 3 for WSP#1, and July 3-10 for 

WSP#4). To more fully assess the effect of the floating algae on diurnal fluctuations of DO and pH, 

WSP#2 was monitored further for an additional period of two weeks (July 23-August 6). The history and 

configuration of the WSPs was previously described in Section 3.3.1, including designed and profiled 

dimensions (Table 3.1). All parameters were measured with a Hach© Hydrolab® DS5 multiparameter 

probe, which automatically logged data at one hour intervals. The probe was placed before the outfall 

weirs in the effluent chambers of each WSP at the centre of the flow path.  

5.3.2 Statistical Analysis 

Statistical analysis consisted of time-series analysis and was conducted to identify time dependent 

relationships between chl-a, DO, pH, and solar radiation in an effort to better understand treatment 

performance and system dynamics. Time-series analysis involved computing cross-correlations between 

parameters using SAS© JMP® 10.0.0 software. Cross-correlation coefficients are values between -1 and 

1 that indicate the strength of the relationship between two parameters, with one of the parameters offset 

to the other in time. A high cross-correlation coefficient magnitude indicates a strong statistical 

relationship between the parameters, with the sign indicating the relative directions of the changes 

between them. S.E. ranges were calculated for each WSP by JMP® according to Equation 3.4 in Section 

3.5.2, where n represents the number of observations within the WSP. The S.E. represents an approximate 

95% confidence interval (SAS, 2013); thus, cross-correlation coefficients outside of the S.E. range were 

generally considered to be statistically significant, as suggested by Meko (2013).  
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5.4 Results and Discussion 

5.4.1 Time Series of Chl-a, DO, and pH 

Site photographs taken during the monitoring period are presented in Figure 5.1. Time-series plots of 

hourly measurements of pH and chl-a and DO concentrations are presented for WSP#2 (Figure 5.2), 

WSP#1 (Figure 5.3) and WSP#4 (Figure 5.4). The time-series plot of hourly pH, chl-a, and DO for the 

subsequent two week monitoring period for WSP#2 is presented in Figure 5.5. Chl-a levels were highest 

in WSP#2, with an average concentration of 9.8  6.6 μg/L during the first one week period, but 

decreased considerably during the subsequent two week period to an average concentration of 0.89  4.2 

μg/L. The very low chl-a levels in WSP#2 during the subsequent two weeks of monitoring was likely due 

to the reduced algae growth observed in the field in this period. WSP#1 had an average chl-a 

concentration of 2.62  6.7 μg/L (73% lower than in WSP#2 during the first one week monitoring period) 

and WSP#4 had an average chl-a concentration of 3.2  2.8 μg/L (65% lower than in WSP#2 during the 

first one week monitoring period). There were no clear diurnal patterns in chl-a observed in any of the 

WSPs, which was likely due to the large amount of algae biomass in the WSPs (particularly WSP#2) 

throughout each monitoring period. With consistent algae growth and large amounts of biomass, daily 

fluctuations in photosynthetic activity likely had little effect on chl-a concentrations, particularly as they 

remained below the relatively low (under 10 μg/L) range cited by Zang et al. (2011) to have less defined 

chl-a behavior. The large standard deviations noted in the chl-a measurements were likely attributable to 

the inherent sources of error in environmental sampling, particularly with the fluorometric equipment 

used, as background fluorescence and interference of signals are known to occur (Turner Designs, 2012). 

Background fluorescence and interference may have also contributed to the chl-a spikes observed in 

WSP#1 between hours 96 and 120 (Figure 5.3). While background fluorescence and interference may 

generate some level of error, sampling in flowing water (such as effluent chambers) and at consistent 

times can reduce these error sources (Turner Designs, 2012). Fluorometric measurement of chl-a has been 
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successively applied by numerous researchers (Weatherell et al., 2003; Torsten et al., 2005; Veeresh, 

2010; Aiken et al., 2011; Amengual-Morro, 2012; Turner Designs, 2012).  

  (a)  (b)                       

(c)  (d)  

Figure 5.1: Site photographs taken July 11, 2013; (a) WSP#2 from effluent chamber; (b) floating 

algae in WSP#2 at effluent chamber (c) WSP#1 from west shore; (d) WSP#4 from effluent 

chamber. 

pH levels remained relatively constant in each of the WSPs throughout their respective measurement 

periods, with the highest levels in WSP#2 at an average value of 8.9  0.2 during the first one week 

monitoring period and 9.2  0.2 during the subsequent two week monitoring period. Average pH values 

in WSP#1 and WSP#4 were 8.1  0.4 and 8.3  0.2, respectively. The pH levels across the WSPs 

corresponded to changes in chl-a levels across the system. In WSP#2 (during the subsequent two week 

monitoring period but not the first one week monitoring period), WSP#1 and WSP#4, a diurnal pattern in 

pH was observed, with levels rising until dusk and falling overnight. A diurnal pattern would be 
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anticipated in a system with pH rises due to photosynthetic activity (Crites and Tchobanoglous, 1998; 

Kayombo et al., 2005; Barsanti and Gualtieri, 2006; Shammas et al., 2009; Veeresh et al., 2010).  

DO levels were highest in WSP#2, with values exceeding 14  2.9 mg/L on average in the first one 

week period and 13  3.2 mg/L on average in the subsequent two week period. The high DO levels in 

WSP#2 in the first one week period coincided with the high chl-a levels and large amounts of visible 

floating algae and plant growth (Figure 5.1a and b) compared with the other WSPs (Figure 5.1c and d). 

These high DO levels are known to be sufficient to cause auto-floatation of algae, where the higher partial 

pressure of the water from the DO gas pushes algae flocs to the surface (Arbelaez et al., 1983; Boyd et 

al., 1994); a phenomenon which appears to have occurred solely in WSP#2 (Figure 5.1a and 5.2b). DO 

concentrations in WSP#1 and WSP#4 averaged 5.4  2.8 mg/L and 6.3  2.4 mg/L, and were 62% and 

55% lower than in WSP#2, respectively. Very little floating algae (Figure 5.1c) were noted in field 

observations for WSP#1, while in WSP#4, floating algae agglomerations and large areas covered by 

duckweed (a common aquatic macrophyte (Leng, 1999)) (Figure 5.1d) were observed. Diurnal DO 

patterns were observed in all WSPs, with concentrations increasing throughout the daylight period and 

dropping during the night (7 pm – 7 am). For WSP#2, a diurnal DO pattern was observed in the 

subsequent two week monitoring period but not during the first one week monitoring period. This pattern 

was not observed in the first one week monitoring period in WSP#2, which was likely due to the near 

complete coverage of the WSP by floating algae, as discussed further in Section 5.4.2. 

 



 

102 

 

 

Figure 5.2: pH, DO, and chl-a time-series in WSP#2 from June 19, 2013 to June 26, 2013, with 

shaded bars indicating dark hours (7pm-7am). High chl-a levels were observed, but there were no 

clear diurnal patterns for pH and DO. 

 

Figure 5.3: pH, DO, and chl-a time-series in WSP#1 from June 26, 2013 to July 3, 2013, with 

shaded bars indicating dark hours (7pm-7am). Low chl-a levels and distinct diurnal patterns for 

DO and pH were observed. 
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Figure 5.4: pH, DO, and chl-a time-series in WSP#4 from July 3, 2013 to July 10, 2013, with shaded 

bars indicating dark hours (7pm-7am). Low chl-a levels and distinct diurnal patterns for DO and 

pH were observed. 

 

Figure 5.5: pH, DO, and chl-a time-series in WSP#2 from July 23, 2013 to August 5, 2013, with 

shaded bars indicating dark hours (7pm-7am). Low chl-a levels and distinct diurnal patterns for 

DO and pH were observed. 
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5.4.2 Cross-Correlations of Chl-a, DO, and pH 

Two metrics were utilized to indicate statistical relationships between chl-a, DO, and pH: cross-

correlations and the number of hours between daily peak values for parameters. Cross-correlations 

between chl-a, DO, and pH were investigated over a 72-hour lag period, using one hour lag time steps, for 

WSP#2 during the first one week monitoring period (Figure 5.6), WSP#1 (Figure 5.7), and WSP#4 

(Figure 5.8). The data from the subsequent two week monitoring period of WSP#2 was not included due 

to the very low chl-a readings measured. Strong positive correlations between chl-a, DO, and pH were 

anticipated based on the findings of Zang et al. (2011). The maximum cross-correlation coefficients for 

each set of parameters in each WSP and the lag time at which they occurred are presented in Table 5.1.  

Table 5.1: Maximum cross-correlation coefficients between parameters and lag times at which they 

occur for each WSP. 

Parameters Lag time 
Cross-correlation 

coefficient 

WSP#2 - first one week monitoring session 

- Chl-a_DO 20 0.54 

- Chl-a_pH 16 0.56 

- DO_pH 0 0.78 

WSP#1 

- Chl-a_DO -1 0.18 

- Chl-a_pH -1 0.12 

- DO_pH 0 0.91 

WSP#4 

- Chl-a_DO -5 0.37 

- Chl-a_pH -4 0.33 

- DO_pH 0 0.92 

WSP#2 - second two week monitoring session 

- Chl-a_DO -4 0.23 

- Chl-a_pH -4 0.11 

- DO_pH 0 0.69 
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Table 5.2: Average maximum daily values and lag time between them over all WSPs, with standard 

deviations. 

Parameter Average
 (1)

 Standard deviation 

Times at which maximum daily values occur (hh:mm:ss) 

- Chl-a 11:55:00 08:24:04 

- DO 11:12:30 08:29:24 

- pH 14:10:00 07:32:13 

Lag time between maximum daily values of parameters (hours) 
(2)

 

- chl-a_DO -0.71 9.23 

- chl-a_pH 2.25 9.01 

- DO_pH 2.96 6.31 

Note: (1) first variable in label is input, second is output; (2) negative 

value indicates that output led input. 

 

The average periods during the day when the parameters were at a maximum, and the average 

difference in time between the maximums of parameters, are presented in Table 5.2. The maximum daily 

peaks for chl-a and DO were on average less than one hour apart, with DO leading by 43 minutes. While 

the lag of 43 minutes between these parameters was much shorter than the lag of 20 hours at which the 

maximum cross-correlation coefficient occurred (Figure 5.6), statistically significant positive cross-

correlation coefficients occurred from -10 to 69 hours, thus crossing the 1 hour lag time at which the 

concentration peaks were found to lag, on average for all WSPs. This is contrasted to the possible reasons 

for DO leading chl-a are further discussed. pH trailed chl-a by 2 hours and 15 minutes on average, and 

trailed DO by nearly 3 hours on average. The high standard deviations indicate large amounts of 

variability in the data and suggest a lack of a consistent pattern in the peak times and lags. 
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Figure 5.6: Cross-correlation coefficients between chl-a, DO, and pH for WSP#2 data (first one 

week period) over a 72 hour lag period; the first variable in the series label is the input, second the 

output; with S.E. bars. Significant positive cross-correlations between chl-a and DO and chl-a and 

pH occurred over lags of -10 to 69 hours and -13 to 61 hours, respectively. 

In WSP#2 during the first one week monitoring period, significant positive cross-correlations were 

observed between chl-a and DO from lags of -10 to 69 hours, with the maximum cross-correlation 

(strongest statistical relationship) (0.54) having occurred at 20 hours (Figure 5.6). The maximum 

significant positive cross-correlation between chl-a and DO (0.18) in WSP#1 was observed at a lag of -1 

hour. And, in WSP#4, significant positive cross-correlations between chl-a and DO were observed at lags 

of -9 to 3 hours, with the maximum (0.37) having occurred at -5 hours. The significant cross-correlations 

in WSP#2 likely indicated that the higher DO levels may have been due, in part, to photosynthetic activity 

from high levels of algae growth (Figure 5.1a and b). In the time-series analysis, chl-a was set as the input 

variable with respect to DO, thus the positive time lag for the significant cross-correlations suggested that 

DO was added to the system and continued to be added following increases in chl-a. Indeed, auto-
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regressive algae dynamics, as reported by Lee et al. (n.d.), Lee et al. (2003), and Liu et al. (2007), may 

have occurred in these WSP’s, whereby algae growth can be strongly influenced by previous growth, and 

DO would thus have continued to increase along with photosynthesis due to higher levels of algae. The 

positive cross-correlations between chl-a and DO that began at -10 hours and continued into the zero lag 

phase indicate that there was a certain amount of DO production that led chl-a growth in WSP#2 (Figure 

5.6).  

 

Figure 5.7: Cross-correlation coefficients between chl-a, DO, and pH for WSP#1 data over a 72 

hour lag period; first variable in series label is the input, second the output; with S.E. bars. A 

significant positive cross-correlation between chl-a and DO occurred at a lag of -1 hour. 
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Figure 5.8: Cross-correlation coefficients between chl-a, DO, and pH for WSP#4 data over a 72 

hour lag period; first variable in series label is the input, second the output; with S.E. bars. 

Significant positive cross-correlations between chl-a and DO and chl-a and pH occurred over lags 

of -9 to 3 hours and -9 to 1 hours, respectively. 

The trend of DO leading chl-a in cross-correlations was continued in WSP#1 (Figure 5.7) and WSP#4 

(Figure 5.8). The cross-correlations between DO and pH in WSP#1 and WSP#4 did not remain significant 

over the same length of time as the cross-correlations in WSP#2, suggesting that DO production from 

photosynthetic activity in WSP#1 and WSP#4 was less prolonged than in WSP#2. In WSP#1, only one 

significant cross-correlation (0.1761) occurred, at a lag of -1 hour. Reduced algae growth in this WSP, as 

indicated by the data and supported by field observation (Figure 5.1c), may have resulted in more DO 

being consumed by aerobic bacteria than being produced by algae. WSP#1 algae growth was likely lower 

due to lower availability of nutrients and the proliferation of aquatic macrophytes, as noted in a previous 

study (Chapter 4). Cross-correlations in WSP#4 between chl-a and DO were higher (0.365) than in 

WSP#1, and significant over a longer lag period (lasting 12 hours) (Figure 5.8), suggesting a return to 
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higher photosynthetic production occurred, though not to the same degree as in WSP#2. This primary 

production likely arose from both duckweed and algae growth, as field observations (Figure 5.1d) 

suggested.  

In all WSPs, the maximum daily peaks of DO tended to lead those of chl-a by an average of 0.71 

hours (43 minutes) (Table 5.1). This trend was confirmed in all cross-correlation analyses (Figure 5.6, 

Figure 5.7, and Figure 5.8) and has been noted by Dowd et al. (2002) and Lee et al. (n.d.). In a time-series 

study examining chl-a, DO and temperature in a tidal lagoon over a 2-year period in Tracadie Bay, Prince 

Edward Island, Dowd et al. (2002) found that peak daily DO values led peak daily chl-a values by 4 hours 

on average. They noted that in an idealized scenario, this lead would be 8 hours, but that physical ocean 

conditions and cellular respiration likely closed the gap between the peaks of these two parameters (Dowd 

et al., 2002). In a study of algae blooms in the coastal waters of Hong Kong, Lee et al. (n.d.) found 

positive cross-correlations (up to 0.33) between chl-a and DO up to a lag of 3 days (72 hours), with the 

DO data leading (as input), for dinoflagellate blooms. They noted that DO production from 

photosynthesis likely contributed to the correlations most strongly. 

The diurnal patterns of DO changes were most apparent in WSP#1 (Figure 5.3) and WSP#4 (Figure 

5.4) and provide further evidence that the DO in the system was most likely primarily produced by 

photosynthetic activity in sunlight and removed from the system at night or during heavy cloud cover 

when algae had reduced photosynthetic activity and underwent cellular respiration along with aerobic 

bacteria (Dodds, 2002). The less visible diurnal pattern in WSP#2 during the first week of monitoring 

(Figure 5.2) may have been due to the excessive levels of floating algae and the potentially supersaturated 

state of the system with respect to DO solubility. The excessive algae growth noted in WSP#2 may have 

driven DO levels above saturation, which may in turn have caused autofloatation of the algae biomass, as 

has been noted to occur in similar systems by Arbelaez et al. (1983) and Boyd et al. (1994).  During the 

subsequent two weeks of monitoring in WSP#2, lower chl-a levels and a reduced presence of the floating 

algae cover was observed in the data and in the field, respectively. DO levels remained high throughout, 
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however, and a distinct diurnal pattern was observed (Figure 5.5). These findings would support the idea 

that the presence of excessive floating algae may have been responsible for retaining DO within the water 

column during the night time, thus preventing the expression of a diurnal pattern. 

Strong positive correlations between chl-a and pH were anticipated based on the findings of Zang et 

al. (2011). In WSP#2 during the first one week monitoring period, significant positive cross-correlations 

were observed between chl-a and pH from lags of -13 to 61 hours, with the maximum cross-correlation 

(0.56) having occurred at 16 hours (Figure 5.6). No significant positive cross-correlations were observed 

between chl-a and pH in WSP#1 (Figure 5.7), and, in WSP#4, significant positive cross-correlations 

between chl-a and pH were observed at lags of -9 to 1 hours, with the maximum (0.33) having occurred at 

-4 hours (Figure 5.8). The strongest cross-correlations between chl-a and pH were observed in WSP#2 

(Figure 5.6), where algae growth was highest. There was a large time lag window where chl-a led pH, 

which would suggest that pH levels rose after the onset of photosynthesis and as it continued. No 

significant positive cross-correlations between chl-a and pH were observed in WSP#1 (Figure 5.7), which 

may be due to the lower photosynthetic activity in the WSP, as noted by average chl-a levels and 

observed in the field. In WSP#4, significant positive cross-correlations between chl-a and pH were 

observed for lags of -9 to 3 hours (Figure 5.8). The negative lag period for the significant cross-

correlations in WSP#4 suggested that pH led chl-a, which, unlike DO leading chl-a, would not be 

expected. This would not be expected due to the fact that pH rise from photosynthetic activity is caused 

by the consumption of carbon dioxide from the water and is part of the process itself and could not 

precede it (Kayombo et al., 2005; Shammas et al., 2009). Rather, the pH lead over chl-a in WSP#4 may 

indicate that pH changes were due to other factors such as aerobic oxidation of waste. Indeed, when all 

WSPs are considered, the maximum daily peaks of chl-a tended to lead those of pH by an average of 2.25 

hours ( 
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Table 5.2). This lead was likely heavily influenced by the dynamics in WSP#2, where the majority of 

photosynthetic activity was noted (during the first one week monitoring period). 

Strong cross-correlations between DO and pH were found in all WSPs, particularly in WSP#1 (Figure 

5.7) and WSP#4 (Figure 5.8).  These cross-correlations exhibited a very well-defined diurnal pattern, with 

increases and decreases following a sinusoidal shaped curve with a 12-hour period. Cross-correlations 

between chl-a and DO, and chl-a and pH closely resembled each other in terms of curve shape over the 

time-series lag period for all WSPs. The strong and statistically significant cross-correlations between DO 

and pH in all WSPs would suggest that the two parameters changed similarly due to algae growth. In 

WSP#1 (Figure 5.7) and WSP#4 (Figure 5.8), the cross-correlation curves between DO and pH were 

sinusoidal with phase lengths of 12 hours, indicating that both parameters likely underwent strong diurnal 

changes and were impacted by algae growth at the same times during the day. At lags of 12 hour periods, 

one parameter was in a daytime phase while the other was in the night-time phase, and both changed in 

the opposite direction, resulting in the lower or negative cross-correlations between them. The cross-

correlation curve for WSP#2 during the first one week monitoring period (Figure 5.6) was less prominent, 

which, as previously discussed, was most likely due to the effect of the floating algal biomass. It should 

be noted that the smaller degree of variation in pH compared with chl-a and DO in the time series (Figure 

5.2 to 5.4) likely made chl-a or DO the dominant contributor to the calculation of the cross-correlations. 

However, as cross-correlations coefficients are relative to the means of the individual parameters, they 

were still valid and useful for understanding the dynamic relationships between the parameters. 

Cross-correlations between chl-a and daily horizontal solar insolation for each WSP (for WSP#2, first 

one week monitoring period included only), over a lag period of 72 hours, are presented (Figure 5.9). 

Ground solar insolation data for the area was obtained from the NASA SSE database, available through 

NRC’s RETScreen® software, and is in units of kilowatt hours (kWh)/m
2
/d (NASA, 2012). In WSP#2, 

significant positive cross-correlations were observed from lags of -30 to 32 hours and the maximum 

cross-correlation (0.53) occurred at 5 hours. In WSP#1, significant positive cross-correlations were 
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observed from lags of 10 to 19 hours and the maximum cross-correlation (0.21) occurred at 16 hours. In 

WSP#4, significant positive cross-correlations were observed at 7 to 25 hours and the maximum cross-

correlation (0.33) occurred at 17 hours. The statistically significant positive cross-correlations between 

solar radiation and chl-a observed in all WSPs thus suggests that there was a strong dependence between 

the amount of solar energy available, photosynthetic activity, and the resulting chl-a biomass produced. 

 

Figure 5.9: Cross-correlation coefficients between solar radiation and chl-a for all WSPs over a 72 

hour lag period; solar radiation as input, chl-a as output; with S.E. bars. Significant positive cross-

correlations between chl-a and solar radiation were observed at lags of -30 to 32 hours, 10 to 19 

hours, and 7 to 25 hours for WSP#2, WSP#1, and WSP#4, respectively. 

5.5 Conclusions 

This study involved the evaluation of time-series relationships between chl-a, DO, and pH in three 

facultative WSPs at a wastewater treatment plant in eastern Ontario, Canada. Since 2003, the three in-

series WSPs operating have experienced high pH levels and excessive algae growth in the summer 

months. Hourly samples of chl-a, DO, pH, and temperature were taken at the effluent of each WSP for 
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one week during the summer of 2013. An additional two weeks of monitoring was conducted in WSP#2 

to better understand trends observed. Time-series analysis, consisting of cross-correlation evaluation, was 

performed on the dataset to determine the time-dependent relationships between chl-a, DO, and pH. 

It was found that strong statistical dependence between chl-a, DO, and pH were present in the WSPs 

when high levels of photosynthetic activity occurred; as indicated by chl-a concentrations and field 

observations. WSP#2 had the highest algae growth and the statistical relationships between chl-a and DO 

and chl-a and pH were strongest, with maximum cross-correlation coefficients of 0.54 and 0.56 observed 

at  lags of 20 and 16 hours for DO and pH, respectively. Strong diurnal patterns for DO and pH were 

observed in WSP#1 and WSP#4, and in WSP#2 during a period of reduced algae growth. The near 

complete coverage of WSP#2 surface by floating algae during the period of excessive algae growth was 

noted to have likely retained DO in the water column during the night time, which is why no diurnal 

pattern was observed. In general across all WSPs, daily DO concentration peaks led those of chl-a by an 

average of 43 minutes, while daily chl-a peaks led those of pH by an average of 2 hours and 15 minutes. 

Solar radiation was noted to be strongly correlated to chl-a concentrations in all WSPs, indicating good 

conversion from photosynthetic activity to chl-a growth in the WSPs. 

The results of this study provide strong evidence that the relationships between algae growth and the 

production of DO and the elevation of pH levels in water systems are time-dependent. These findings 

may provide valuable information to WSP system operators experiencing similar eutrophication 

problems, as the timing of changes in chl-a, pH, and DO may be predicted and addressed preemptively. 

Additionally, the nature of these relationships and the parameters involved are found in all water systems, 

supporting the use of the time-series analysis methods presented in this study on a wide variety of water 

resources studies. 
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Chapter 6 

Performance Evaluation of a Hybrid Passive Landfill Leachate Treatment 

System Using Multivariate Statistical Techniques 

6.1 Abstract 

A pilot-scale hybrid-passive treatment system operated at the Merrick Landfill in North Bay, Ontario, 

Canada, treats municipal landfill leachate and provides for subsequent natural attenuation. Collected 

leachate is directed to a hybrid-passive treatment system, followed by controlled release to a natural 

attenuation zone before entering the nearby Little Sturgeon River. The study presents a comprehensive 

evaluation of the performance of the system using multivariate statistical techniques to determine the 

interactions between parameters, major pollutants in the leachate, and the biological and chemical 

processes occurring in the system. Five parameters (ammonia, alkalinity, chemical oxygen demand 

(COD), heavy metals, and iron) were set as criteria for the evaluation of system performance based on 

their toxicity to aquatic ecosystems and importance in treatment with respect to discharge regulations. 

System data for a full range of water quality parameters over a 21-month period were analyzed using 

principal components analysis (PCA), as well as principal components (PC) and partial least squares 

(PLS) regressions. PCA indicated a high degree of association for most parameters with the first PC, 

which explained a high percentage (>40%) of the variation in the data, suggesting strong statistical 

relationships among most of the parameters in the system. Regression analyses identified 8 parameters 

(set as independent variables) that were most frequently retained for modelling the five criteria parameters 

(set as dependent variables), on a statistically significant level: conductivity, dissolved oxygen (DO), 

nitrite (NO2
-
), organic nitrogen (N), oxidation reduction potential (ORP), pH, sulfate and total volatile 

solids (TVS). The criteria parameters and the significant explanatory parameters were most important in 

modelling the dynamics of the passive treatment system during the study period. Such techniques and 
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procedures were found to be highly valuable and could be applied to other sites to determine parameters 

of interest in similar naturalized engineered systems. 

6.2 Introduction 

MSW is a major concern for cities and communities around the world and presents a persistent 

management challenge. It is estimated that 1.3 billion tonnes of MSW is generated in cities around the 

world, and will only rise as urbanization continues (Hoornweg and Bhada-Tata, 2012). Landfill disposal 

still overwhelmingly remains the primary method for managing MSW in both high- and low-income 

countries, and brings with it the toxic by-product of landfill leachate. This wastewater is often composed 

of metals, organic matter, chlorinated chemicals, and high levels of nutrients (Speer et al., 2012). Due to 

the complexity of the solution and the high concentrations of individual pollutants, leachate treatment can 

be relatively expensive in terms of energy requirements and chemical inputs. Additionally, leachate 

production continues for many years after a landfill is closed, creating a long-term management burden 

for the operator (Mulamoottil et al., 1999; Rew and Mulamoottil, 1999). Landfill operators in low- and 

high-income countries can both benefit from sustainable treatment technologies that minimize the capital 

and operating costs of leachate treatment, while sufficiently treating effluents to minimize ecological 

impacts and human health risks. 

Passive treatment systems are one such technology that can be operated effectively at a lower cost 

while performing comparably to more active and conventional systems. They have been successfully 

implemented at numerous facilities and are responsive to changing leachate composition and carry lower 

energy and maintenance costs (Rew and Mulamoottil, 1999; Mehmood et al., 2009; Speer et al., 2012). 

An active treatment stage can be incorporated to improve performance in cold climates by providing a 

level of pre-treatment that removes a large fraction of the oxygen demand and metals (Speer, 2011), with 

the combined train termed a hybrid-passive treatment system. The complexity of the leachate necessitates 

the monitoring of a large number of water quality parameters to evaluate performance, where focused 

analyses can then be performed depending on the broad system dynamics. Multivariate statistical analysis 
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is a useful set of techniques that can indicate interactions between variables and identify trends in 

treatment performance both spatially and temporally.  

This study evaluates the performance of a novel hybrid-passive treatment system receiving leachate 

collected from an operating MSW landfill and providing for the controlled release of treated leachate to a 

natural attenuation zone prior to entering the receiving environment.  A comprehensive set of water 

quality parameters were monitored bi-weekly over a 21-month period, from December 2009 to August 

2011. The data was analyzed using PCA, as well as PC and PLS regression analyses in order to 

understand the primary variables influencing performance and the interactions and trends between them, 

with respect to treatment objectives that include minimizing the impacts of the treated leachate on the 

receiving environment.  

6.3 Methods 

6.3.1 System Overview 

The Merrick Landfill (site) serves as the primary MSW disposal site for the City of North Bay 

(Ontario, Canada) and surrounding townships, and is located approximately 25 km north of the City. First 

opened in 1994, the site has an expected service life of 40 years and was initially designed with monitored 

natural attenuation within the site boundaries as the proposed leachate management strategy. This design 

was based on the expectation that the site hydrogeochemistry could allow physical, chemical, and 

biological mitigation of contaminants. After three years of operation, leachate-impacted surface and 

groundwater was observed in a wetland and river 500 m west of the site and resulted in consistent 

exceedances of the regulatory approvals for the facility. In response to the need for leachate treatment 

prior to discharge into the natural attenuation zone, a hybrid-passive leachate treatment system was 

developed and implemented. It consisted of a constant flow attached-growth aerated cell (pre-treatment 

system), which fed two passive treatment systems: a peat and wood shaving biological trickling filter 

(PW), and a sand and gravel wetland (AWL). The effluent of each passive treatment system was released 

to the natural attenuation zone in a controlled manner. An overall system design diagram is presented in 
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Figure 6.1, and the following subsections summarize the system design which was previously detailed by 

Speer (2011) and Speer et al. (2012).  

 

Figure 6.1: Hybrid-passive treatment system schematic implemented at the Merrick Landfill in 

North Bay (Ontario, Canada) as designed and implemented by Speer (2011), with the 

configurations of the pre-treatment, PW, and AWL subsystems shown (Speer, 2011). Plan views are 

shown above side profile views for each component. 

6.3.1.1 Pre-Treatment System 

Raw leachate from the leachate collection system continuously fed the pre-treatment system at a flow 

rate of 4 m
3
/d. The pre-treatment system consisted of: (1) a 3-day HRT, 12 m

3
 aerated fixed-film reactor; 

and (2) a 1-day HRT, 4 m
3
 mixing and storage tank. Aeration was maintained at a rate of 0.43 m

3
/min. 

Biological attachment was encouraged through the use of packing in the fixed-film reactor composed of 

an inert plastic medium (1 percent (%) of the total reactor volume). 
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6.3.1.2 Passive Treatment Subsystems 

Pre-treated leachate from the pre-treatment system fed each passive treatment subsystem with identical 

flow rates of 2 m
3
/d. The PW filter consisted of a two-cell vertical subsurface flow configuration, with 

cell media consisting of a 25% peat and 75% wood shavings mixture, selected from a previous bench-

scale study (Speer, 2011). Cell 1 provided for aerobic treatment in a downward flow configuration. 

Treatment was achieved through intermittent feed-and-rest dosing cycles, with six 0.33 m
3
 doses per day 

and as described by Chazarenc et al. (2009). Cell 2 provided for anaerobic treatment in an upward flow 

configuration. 

The AWL wetland consisted of four cells with sand and gravel media. Each cell contained salt tolerant 

vegetation. Cells 1, 2, and 4 provided for aerobic treatment in a downward flow configuration. A dosing 

cycle similar to the one applied to the PW filter was used, with eight 0.25 m
3
 doses per day. Cell 3 

provided for anaerobic treatment in an upward flow configuration.  

6.3.2 Parameters of Interest 

Parameters of interest for the study, along with sampling frequency and analytical methods, are 

presented in Table 6.1. The water quality parameters monitored during study were selected based on 

previous work by Speer (2011), Speer et al. (2011), and Speer et al. (2012), where sample collection and 

analyses are provided in detail. These parameters of interest are frequently reported as either: fundamental 

measures of water quality for wastewaters, in the case of pH, alkalinity, temperature, ORP, DO, 

conductivity, solids, and organic matter (Snoeyink and Jenkins, 1980); toxic constituents of landfill 

leachate, in the case of heavy metals, sulphate, sulfide, chloride, phenols, and organic matter 

(Chiemchaisri et al., 2009; Sawaittayothin and Polprasert, 2006; Ribé et al., 2012); or, nutrients that may 

cause eutrophication, in the case of the N and P species (Barsanti and Gualtieri, 2006). 
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Table 6.1: Parameters of interest for the three year monitoring program of the hybrid-passive 

treatment system designed and installed by Speer (2011), with sampling frequencies and analytical 

methods employed indicated. 

Classification Parameter Frequency Method 

Water quality 

pH Bi-weekly WTW Sensolyt DWA 

Alkalinity, as CaCO3 Bi-weekly APHA Standard Method 2320B 

Temperature Bi-weekly WTW Sensolyt DWA 

ORP Bi-weekly WTW Sensolyt DWA 

Conductivity Bi-weekly YSI Tetracon 700 IQ 

DO Bi-weekly YSI FDO 700 IQ 

Sulphate Bi-weekly Ion chromatography 

Sulfide Bi-weekly 

Inductively coupled plasma (ICP) optical 

emission spectrometry (OES) and mass 

spectrometry (MS) 

Chloride Bi-weekly Ion chromatography 

Phenols Bi-weekly Gas chromatography 

Solids 

Total solids (TS) Bi-weekly APHA Standard Method 2540D 

- Total volatile solids (TVS) Bi-weekly APHA Standard Method 2540D 

- Total fixed solids (TFS) Bi-weekly APHA Standard Method 2540D 

- Total suspended solids (TSS) Bi-weekly APHA Standard Method 2540D 

- Total dissolved solids (TDS) Bi-weekly APHA Standard Method 2540D 

Nitrogen 

species 

Ammonia Bi-weekly APHA Standard Method 4500-NH3-D 

Unionized ammonia Bi-weekly Calculation 

Nitrate (as N) Bi-weekly Ion chromatography 

Nitrite (as N) Bi-weekly Ion chromatography 

Total Kjeldahl nitrogen (TKN) (total) Bi-weekly APHA Standard Method 4500-Norg-B 

- TKN (soluble) Bi-weekly APHA Standard Method 4500-Norg-B 

Phosphorus 

species 

Total phosphorus (P) Bi-weekly APHA Standard Method 4500-P-E 

- Total P (soluble) Bi-weekly APHA Standard Method 4500-P-E 

Orthophosphate Bi-weekly Ion chromatography 

- Orthophosphate (soluble) Bi-weekly APHA Standard Method 4500-P-E 

Hydrolysable P Bi-weekly Photometric 

- Hydrolysable P (soluble) Bi-weekly Photometric 

Oxygen 

demand 

Carbonaceous biochemical oxygen 

demand (cBOD) (total) 
Bi-weekly APHA Standard Method 5210B 

- cBOD (soluble) Bi-weekly APHA Standard Method 5210B 

Chemical oxygen demand (COD) (total) Bi-weekly APHA Standard Method 5220D 

- COD (soluble) Bi-weekly APHA Standard Method 5220D 

Biochemical oxygen demand (BOD) 

(total) 
Bi-weekly APHA Standard Method 5210B 

- BOD (soluble) Bi-weekly APHA Standard Method 5210B 

Metals Refer to text Bi-weekly ICP OES and ICP MS 
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A suite of metals of interest were analyzed using inductively coupled plasma (ICP) mass spectrometry 

(MS) and optical emission spectrometry (OES): silver (Ag), aluminum (Al), arsenic (As), barium (Ba), 

calcium (Ca), cadmium (Cd), cobalt (Co), chromium (Cr), copper (Cu), iron (Fe), potassium (K), 

magnesium (Mg), manganese (Mn), molybdenum (Mo), sodium (Na), nickel (Ni), lead (Pb), tin (Sn), 

strontium (Sr), titanium (Ti), thallium (Th), uranium (U), vanadium (V), and zinc (Zn). Heavy metals 

were defined as those with atomic weights above calcium and thus included all metals of interest except 

aluminum, calcium, potassium, magnesium, and sodium (Venugopal and Luckey, 1975; Hale and 

Margham, 1988; Hawkes, 1997; and Hogan, 2010). Concentrations of heavy metals were calculated as the 

sum of the individual concentrations of the constituent metals as defined. 

In evaluating treatment performance, key parameters related to toxicity of the treated leachate and 

performance of the hybrid-passive treatment system were isolated in the analysis as treatment objectives. 

Of these parameters, ammonia, heavy metals, and organic matter (indicated as COD), are generally 

considered the primary pollutants in landfill leachate (Chiemchaisri et al., 2009; Sawaittayothin and 

Polprasert, 2006; Ribé et al., 2012). These parameters are often important targets for management in 

discharge regulations. Alkalinity is an essential indicator of the receiving body’s health as a measure of 

pH buffering capacity (Neal, 2001). Additionally, iron, while classified as a heavy metal, warranted 

individual examination due to the potential for clogging from iron precipitates (Speer, 2011; Speer et al., 

2013). Thus, the evaluation of treatment performance was framed around the dynamics contributing to 

changes in the concentrations of the following criteria parameters, set as the dependent variables in 

regression analyses: ammonia, alkalinity, COD, heavy metals (as defined), and iron. 

6.3.3 Field Sampling and Laboratory Analysis 

Effluent samples were taken from each stage of the hybrid-passive treatment system (Figure 6.1) on a 

bi-weekly basis and analyzed, as specified by Speer et al. (2012), and according to APHA (2005). The 

eight sampling points in order of leachate flow are indicated as follows: raw leachate influent (LE), fixed-

film reactor effluent (FF), storage tank effluent (ST), AWL cell 1 effluent (WE1), AWL cell 2 effluent 
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(WE2), AWL cell 3 effluent (WE3), AWL cell 4 effluent (WE4), PW cell 1 effluent (PW1), and PW cell 

2 effluent (PW2). For all parameters, values below the DL were reported as one half of the DL (Speer, 

2011). 

6.3.4 Statistical Analysis 

Statistical analyses for all sampling points were performed on a dataset consisting of the measured 

concentrations using JMP® 10.0.0 software, produced by SAS©. The multivariate modelling package 

includes PCA, time series, multiple regression, and PLS capabilities. At times, the dataset from the study 

contained missing data and the JMP® imputation tool was used to estimate missing values prior to PCA. 

In some cases, imputation estimated negative numbers for missing values. These estimates were set to one 

half of the individual DLs for all parameters, with the exception of ORP, for which negative values are 

possible. Data from individual sampling points were converted to loadings through multiplication with 

the average daily flow rates for each point: 4 m
3
/day for LE and the pre-treatment system points; and 2 

m
3
/day for all points in the AWL wetland and PW filter systems. A log-transformation was applied to the 

dataset to increase the normality of the data distribution and the suitability of parametric analytical 

methods such as linear regression. For ORP, a constant equal to the lowest negative number plus one was 

added to observations to allow log-transformation, as suggested by Wicklin (2011). Normality was 

assessed using the Shapiro-Wilk test for a normal distribution fit over a histogram of the data for each 

parameter. This test was applied to both a non-transformed dataset and a log-transformed dataset, with 

higher Shapiro-Wilk W values indicating better fits to the normal distribution (SAS, 2013). Summing the 

W values for each parameter and dividing by the number of parameters resulted in average W values of 

0.647 and 0.812 for the un-transformed and log-transformed datasets, respectively; indicating increased 

normality of the distribution for the log-transformed data. Hence, the log-transformed data was 

incorporated further into the analysis. 

Statistical analyses were performed on data subsets capturing the range of conditions in the system as 

noted in Table 6.2. Due to the large number of interacting parameters, and the limited number of 
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observations, two sets of statistical analyses were performed for each subset: one with the total parameter 

fractions (where applicable) and one with the dissolved parameter (soluble) fractions. For all subsets, 

PCA runs were performed with each one excluding a criteria parameter, with each criteria parameter set 

as the dependent variable in PLS and PCA regressions.  

Table 6.2: Statistical data subsets and the sampling points included in each subset for PCA and 

regression analysis of the performance of the hybrid-passive treatment system. 

Subset Name Sampling Points Included 
Ratio between observations 

and variables 

All 
LE, FF, ST, PW1, PW2, 

WE1, WE2, WE3, WE4 
15.3 

PW-system LE, FF, ST, PW1, PW2 8.6 

AWL-system 
LE, FF, ST, WE1, WE2, 

WE3, WE4 
12 

Pre LE, FF, ST 5.3 

PW PW1, PW2 3.4 

WE1 WE1, WE2, WE3, WE4 6.7 

 

For all PCAs, the ratio between the number of observations and variables in a dataset is an important 

consideration in PCA accuracy, with Suhr (2005) and Allen (2002) citing a minimum of 5-10 

observations per variable, with more observations increasing reliability of the results. In the data from this 

study, the best ratio of observations to variables that was possible was 15.3 when all sampling points were 

included, and only the PW subset had a ratio below 5 (Table 6.2). From the first PCA results for all 

subsets, evaluation of the principal variables contributing to variance in the dataset was performed using 

the Methods B2 and B4 presented by Jolliffe (1986) and used by King and Jackson (1999). In method B2, 

each variable most highly associated with the last K-p components, determined by highest absolute 

loading value, is removed sequentially. In method B4, each variable most highly associated with the first 

p components, determined by highest absolute loading value, is kept sequentially (Jolliffe, 1986; King 

and Jackson, 1999). Both methods first require the selection of a number p of PCs to retain based on a 

given criteria. King and Jackson (1999) recommended the following criteria for choosing p: (1) all PCs 

with eigenvalues greater than 0.6; (2) all PCs that contributed to a cumulative percentage of variation 

explained of greater than 90%; and (3) utilizing the broken-stick procedure as presented by King and 
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Jackson (1999) and Peres-Neto et al. (2003). The highest p value generated from application of each of 

the three criteria was used, to remain conservative. The p variables retained are considered to be the ones 

that contribute most to the variation in the data, while the K-p variables are considered redundant in 

explaining the data (King and Jackson, 1999).  

After performing PCA, regression analyses were performed to determine the most representative 

quantitative relationships from the water quality parameters and PCs to model the concentrations of the 

criteria parameters in the system. PLS regressions were performed on the p variables selected for each 

subset, with the individual criteria parameters as the dependent variable in each case. PC standard least 

squares regressions were performed on the PC scores generated by PCA runs on the p variables for each 

subset, with the individual criteria parameters as the dependent variable in each case. Both regression 

techniques are suitable for multivariate situations, as they eliminate the problem of multi-collinearity 

(Abdi, 2003). The combination of PCA method and regression type that produced the highest R
2
 value 

was deemed the most suitable model for each individual subset and dependent variable.  

6.4 Results 

6.4.1 Removal Efficiencies 

Average removal efficiencies for each of the criteria parameters for the individual treatment 

components and across the entire AWL and PW subsystems are presented in Table 6.3. They were 

calculated in the same manner as those for the Amherstview data in Chapter 3 (Equation 3.1). Total 

ammonia was most successfully removed, and the AWL subsystem exhibited higher removal efficiencies 

than the PW subsystem for all parameters with the exception of heavy metals.  
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Table 6.3: Average removal efficiencies and standard deviations of criteria parameters for each 

hybrid-passive treatment system component and the overall system. 

Parameter Pre-Treatment 

System 

Passive Treatment Subsystems Overall 

AWL PW AWL PW 

Alkalinity 27 ± 30% 84 ± 13% 64 ± 12% 87 ± 12% 73 ± 12% 

Ammonia 15 ± 76% 87 ± 16% 47 ± 132% 91 ± 12% 74 ± 17% 

COD 22 ± 30.5% 62 ± 13% 50 ± 6% 70.5 ± 13% 62 ± 14% 

Heavy 

Metals 

47 ± 17% 29 ± 31% 51.5 ± 14% 63 ± 19.5% 75.5 ± 8.5% 

Iron 64 ± 44.5% 82 ± 10.5% 83 ± 11% 94.5 ± 5.5% 93.5 ± 9.5% 

Average 38.5 ± 36.3% 64.6 ± 17.3% 60 ± 25.8% 79.3 ± 12.5% 76.1 ± 11.6% 

6.4.2 PCA Score and Loading Plots 

Score and loading plots for PCA runs on the All, AWL system, and PW system data subsets (total 

fractions) are presented in Figure 6.2  and show that most parameters, with the exception of ORP and 

NO3
-
, were generally well aligned and related, with the first PCs in each run accounting for 41.3%, 

43.8%, and 39.5% of the variation in the datasets for the All, AWL system, and PW system subsets, 

respectively. ORP and NO3
-
 were characterized as unique since they were the only parameters to be 

negatively loaded onto the first PC, suggesting that they were negatively correlated to the other 

parameters and were expected to be important in describing system performance. The strong rightward 

directions of the loadings of all other parameters on the first PCs, for each dataset (a, b, and c) suggests 

that they are all strongly associated with these first PCs, which in turn had high percentages of variation 

explained. Thus, the parameters are well captured by the PCA conducted as their contributions to changes 

in the data are accounted for to a large degree by these first PCs. These trends are witnessed across the 

All, AWL system, and PW system datasets shown in Figure 6.2. The variable reduction procedure applied 

to each PCA run generally retained approximately 50% of the variables, reducing the parameters 

describing the system from 33 to 15, in the case of the All subset for the total fraction. 
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(a)  

(b)  

(c)  

Figure 6.2: PCA score (left) and loading (right) plots showing the PC scores of observations and 

loadings of variables on the first and second PCs, with percentages indicating the proportion of 

variation in the data explained by the PCs, for: (a) All subset (total fraction); (b) AWL-system subset 

(total fraction); (c) PW-system subset (total fraction). 
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6.4.3 PLS and PC Regressions 

Results of PLS and PC regressions on each of the data subsets are presented for the total and soluble 

fractions in Figure 6.3 and Figure 6.4, respectively, in which the maximum R
2
 values from each 

combination of PCA method (B2, B4) and regression type are shown graphically. 80% of the regression 

models had R
2
 values above 0.6, indicating relatively good fits on an overall basis.  

 

Figure 6.3: Maximum R
2
 values for regression models performed on each data subset (total 

fraction) for each criteria parameter as a dependent variable in the model from all PCA and 

regression methods tested, with (†) indicating the best regression model for the specified criteria 

parameter within each data subset and (*) indicating the best regression model for the specified 

data subset within each criteria parameter. 

The regression models were examined for suitability from two perspectives according to maximum R
2
 

values: the determination of criteria parameter(s) that best modelled the system within each data subset, 

with the criteria parameters as dependent variables in the regression models (as represented by (†) in 

Figure 6.3 and Figure 6.4); and, the determination of the data subset that represented the best regression 

model determined for each individual criteria parameter (as represented by (*)  in Figure 6.3 and Figure 
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6.4). From these two perspectives, the best regression models, as measured by the highest R
2
 value, 

indicated which criteria parameter was best explained by the data within each data subset, and which data 

subset provided the best regression model for each criteria parameter. Generally, these regression models 

allowed for the understanding of the importance of the criteria parameters with respect to each component 

of the overall treatment system. For the total fraction (Figure 6.3), the criteria parameters that generated 

the best regression models (with criteria parameter as the dependent variable) for each subset were found 

to be: COD for All; iron for PW-system; alkalinity for AWL-system; alkalinity for Pre; heavy metals for 

PW; and COD for AWL. The datasets for which the best regression models were generated for each 

criteria parameter were found to be: PW-system for heavy metals and iron; AWL-system for alkalinity and 

COD; and Pre for ammonia. For the soluble fraction (Figure 6.4), the most appropriate regression models 

for each subset were noted as: COD for All; heavy metals for PW-system; alkalinity for AWL-system; 

alkalinity for Pre; heavy metals for PW; and COD for AWL. The datasets for which the best regression 

models were generated for each criteria parameter were found to be: All for COD; AWL-system for 

alkalinity and iron; PW for heavy metals; and AWL for ammonia. 
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Figure 6.4: Maximum R
2
 values for regression models performed on each data subset (soluble 

fraction) for each criteria parameter as a dependent variable in the model from all PCA and 

regression methods tested, with (†) indicating the best regression model for the specified criteria 

parameter within each data subset and (*) indicating the best regression model for the specified 

data subset within each criteria parameter. 

The regression models considered to be appropriate for further analysis were those that matched the 

two evaluation perspectives utilized: those that had the highest R
2
 value within a data subset of all 

regression models tested for a particular criteria parameter, or the highest R
2
 value within a criteria 

parameter of all regression models tested for a particular data subset; as indicated for total (Figure 6.3) 

and soluble (Figure 6.4) fractions. From these best-fit models, the frequency that each individual 

parameter was noted to be an explanatory variable in the models was determined, providing an indication 

of which parameters were most often used and were thus describing much of the overall system (Table 

6.4). The significance of the frequencies was assessed by a t-test relative to the expected frequency 

(average number of counts for all entries within a subset), with p-values below α = 0.05 (95% confidence 

level) indicating significant frequencies. Based on this test of the frequencies, the following 8 parameters 
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were considered key explanatory variables with respect to modelling the criteria parameters: conductivity, 

DO, NO2
-
, organic N, ORP, pH, sulfate and TVS. 

Table 6.4: Frequency that parameters (those considered statistically significant based on a t-test of 

the means of the frequencies, with p-value shown) appear as predictor variables in the best fit 

models, as determined by having the highest R
2
 value within a set of models for a criteria 

parameter or for a data subset. 

Parameter 
Selection based on criteria parameter Selection based on subset t-test p-

value Total Soluble Total Soluble 

Conductivity 5 4 5 4 0.0025 

DO 5 5 5 5 --- 
(1)

 

NO2
-
 5 4 4 3 0.0125 

Organic N 5 5 5 5 --- 
(1)

 

ORP 5 5 4 3 0.0133 

pH 4 5 4 5 0.0023 

Sulfate 4 5 3 4 0.0125 

TVS 5 5 5 5 --- 
(1)

 

Note: (1) p-value not calculated because standard deviation is zero 

6.5 Discussion 

The AWL subsystem was found to be more effective at removing all criteria parameters than the PW 

subsystem, with the exception of heavy metals. The higher PC percentages in PCA (Figure 6.2) and 

higher R
2
 values in regressions (Figure 6.3, Figure 6.4) for the AWL wetland compared with the PW filter 

suggests that the dataset better described the dynamics occurring in the former and may have reflected the 

higher overall performance achieved by the AWL wetland compared with the PW filter, with respect to 

the five criteria parameters. No distinct differences were noted between the results obtained for the total 

and soluble fractions, as the PCA and regressions for both fractions produced similar loadings and R
2
 

values. 

6.5.1 Criteria Parameters for Treatment 

The criteria parameters were generally well explained by the regression models consisting of the 

retained parameters, suggesting that leachate treatment in the overall system was associated primarily 
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with these parameters. The regressions in the AWL system subset had the highest average R
2
 values, 

which may indicate that treatment goals were best met in this system, as the data is better modelled by the 

regressions than in the PW system. High R
2
 values indicate that  the criteria parameters (dependent 

variable) were well explained by the retained parameters (independent variables), which in turn suggests 

that the changes in the data were well captured by the models. Since we attribute changes in the criteria 

parameters to treatment of them, then we can say that the regression models help indicate how treatment 

goals were met. As with the average removal efficiencies, the exception to this trend was associated with 

the heavy metals, which were better removed in the PW filter (Speer, 2011). 

Alkalinity is a measure of the buffering capacity of a water system, and is important for ecosystem 

health (Snoeyink and Jenkins, 1980; Neal, 2001). The leachate-impacted groundwater entering the 

wetlands and river adjacent to the site was noted to have alkalinity concentrations 1,000 times higher than 

that generally found in natural surface waters of the area (CRA, 2003). While alkalinity was reduced 

considerably in the overall system (87% in the AWL wetland and 73% in the PW filter), the 

concentrations in the effluents of the AWL and PW subsystems remained relatively high with average 

concentrations of 2,069 and 4,469 mg/L as CaCO3, respectively (Speer, 2011). As expected, regression 

analyses explained alkalinity well in the AWL-system data subset, where the highest removal efficiencies 

were observed. In the PCA loading plot for the AWL-system subset (total fraction), it was found that 

alkalinity was highly loaded to the first PC along with most other parameters (Figure 6.2b), with a loading 

coefficient of 0.915. Alkalinity was weakly negatively loaded with the second PC (-0.093), along with 

total ammonia, BOD, cBOD, organic N, orthophosphate, total P, hydrolysable phosphorus (P), phenol, 

TSS, Al, Ca, Fe, and heavy metals. 

Ammonia is extremely toxic to receiving environments, is a major constituent of landfill leachate 

(Chiemchaisri et al., 2009; Sawaittayothin and Polprasert, 2006), and is the primary N form in landfill 

leachates (Speer et al., 2012). It is often reported to be the most toxic component of landfill leachate 

(Ribé et al., 2012). In the PCA loading plot for the AWL-system subset, it was found that ammonia was 
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highly loaded to the first PC (Figure 6.2b), with a loading coefficient of 0.788. Ammonia was weakly 

negatively loaded with the second PC (-0.124), along with alkalinity, BOD, cBOD, organic N, 

orthophosphate, total P, hydrolysable P, phenol, TSS, Al, Ca, Fe, and heavy metals. The opposite sign for 

NO3
-
 and NO2

-
 loadings on the second PC compared to ammonia suggests that nitrification was likely an 

important ammonia removal mechanism in the system (Speer et al. 2012). 

COD is a measure of the amount of organic matter in the leachate. In the PCA loading plot for the 

AWL-system subset, it was determined that COD was highly loaded to the first PC (Figure 6.2b), with a 

loading coefficient of 0.932. COD was weakly positively loaded with the second PC (0.176), along with 

pH, ORP, conductivity, chloride, NO3
-
, Total N, total solids (TS), TVS, total fixed solids (TFS), total 

dissolved solids (TDS), K, Mg, and Na. Additionally, Speer et al. (2012) noted a strong statistical link 

between COD and nitrification in the passive treatment subsystems, which was also noted in the PCA by 

the similar loadings between COD and NO3
-
 on the second PC. In a study of leachate quality from an 

active landfill, Durnusoglu and Yilmaz (2006) reported that COD was an essential parameter for 

explaining variation in the data, which we have determined to be the case for this system, as it was highly 

loaded onto the first PC and thus contributed to a high level of variation in the dataset. 

While generally considered a heavy metal, iron was examined individually due to its potential effect 

on biofilter media clogging (Venugopal and Luckey, 1975; Hale and Margham, 1988; Hawkes, 1997; 

Hogan, 2010; Speer et al., 2012). Iron was reduced very effectively in both passive systems, with average 

reductions of 94.5% and 93.5% for the AWL and PW subsystems, respectively (Speer, 2011; Speer et al., 

2012). For the total fraction, the regression on the PW-system subset explained iron the best; while the 

regression on the AWL-system subset best explained the soluble fraction. In the PCA loading plot for the 

AWL-system subset, iron was found to be highly loaded to the first PC (Figure 6.2b), with a loading of 

0.805. Iron was weakly negatively loaded with the second PC (-0.302), along with pH, ORP, 

conductivity, chloride, NO3
-
, Total N, TS, TVS, TFS, TDS, K, Mg, and Na.  
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Unlike the other criteria parameters, the heavy metals were reduced more effectively in the PW filter, 

with average reductions of 76% compared to 63% in the AWL wetland (Speer, 2011). In the PCA score 

plot for the PW-system subset, heavy metals were highly correlated to the first PC (Figure 6.2c), with a 

loading of 0.855. Heavy metals were weakly negatively correlated with the second PC (-0.26), along with 

BOD, cBOD, orthophosphate, TP, hydrolysable P, phenols, TSS, Al, Ca, and Fe. 

6.5.2 Identification of Significant Parameters 

Through the PCA and regression analyses, eight significant explanatory parameters were identified on 

a statistically significant level (p-values < 0.05): conductivity, DO, NO2
-
, organic N, ORP, pH, sulfate, 

and TVS (Table 6.4). These parameters appeared as retained variables across all subsets for frequencies 

considered statistically significant according to a t-test of the means of the frequencies, and may be 

considered the key parameters in describing system treatment performance with respect to the criteria 

parameters. pH is a vital measure of any water quality system, and drives all acid-base equilibria 

(Snoeyink and Jenkins, 1980). Conductivity is a measure of the amount of charged ions in the leachate. In 

a study by Ribé et al. (2012), where landfill leachate was treated with a pine bark biosorbent followed by 

exposure of organisms to the treated leachate to determine toxicity, it was found that the leachate samples 

highly associated with pH, conductivity, and heavy metal concentration in PCA were most strongly 

correlated to an increased toxic response in daphnia and algae, suggesting an important role in toxicity of 

leachate. These parameters were confirmed to be important in this study in terms of interactions with the 

criteria parameters. ORP, which was observed to be an outlier on PCA score plots (Figure 6.2), was 

identified as one of the key parameters from the regressions. Leachate contains high concentrations of 

charged metal species, which can be solubilized or precipitated based on the redox conditions (as 

measured by ORP) and pH (Snoeyink and Jenkins, 1980; Durnusoglu and Yilmaz, 2006). NO3
-
, which 

was the other parameter that was observed to be an outlier on the PCA score plots (Figure 6.2), was not 

identified to be important, but the closely associated NO2
-
 was identified as a key parameter from the 

regressions. NO2
-
 is an intermediary compound in biological nitrification, which was noted to be a 
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dominant mechanism for ammonia removal in the passive treatment systems (Speer, 2011; Speer et al., 

2012). Nitrification in the passive treatment subsystems was also noted to be strongly correlated to COD, 

another criteria parameter, by Speer (2011) and Speer et al. (2012). DO is required for nitrification and 

other aerobic biological processes that were supported in Cell 1 of the PW filter and Cells 1, 2, and 4 of 

the AWL wetland (Speer, 2011). Sulfate in landfill leachate could contribute to the reduction of COD by 

sulfur-reducing bacteria and to the precipitation of metals through the formation of metal sulfides which 

may in turn lead to the generation of alkalinity and a resulting pH increase (Nedwell and Reynolds, 1996; 

Speer et al., 2012). In a study on the quality of a river and wetland receiving untreated landfill leachate, 

Nyame et al. (2012) reported that sulfate was a statistically significant constituent, as determined through 

strong loadings to the first and second PCs in relation to other physical and chemical parameters. TVS 

was likely retained as a significant parameter as they constitute volatile fatty acids (VFAs), which formed 

up to 20% of the overall oxygen demand of the leachate at the site and accounted for up to 18% of the 

COD removed in the system (Speer et al., 2012). VFAs are most closely associated with the anaerobic 

phase of landfill waste degradation, which consists of the breakdown of the waste to amino acids 

(containing organic N) and VFAs (Speer, 2011). The importance of organic N in landfill leachate was 

likely related to the anaerobic phase of landfill waste degradation and the hydrolyzing of organic N to 

ammonia (Speer, 2011). 

6.5.3 Appropriateness of Multivariate Techniques 

PCA and other multivariate statistical techniques to interpret and evaluate landfill leachate 

environmental effects and treatment performance have been applied in a number of studies (Clément et 

al., 1997; Durnusoglu and Yilmaz, 2006; Ziyang et al., 2009; Nyame et al., 2012; Ribé et al., 2012). This 

study has shown the applicability of PCA and PLS and PC regressions in determining key variables for 

treatment performance with respect to individual criteria parameters and reducing large datasets to more 

manageable parameter listings. These methods may be used as a screening tool in long-term leachate 
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treatment monitoring, whereby the most important parameters with respect to treatment goals may be 

identified and sampling and monitoring programs may be developed accordingly.  

6.6 Conclusions 

This study evaluated the performance of a novel hybrid-passive treatment system receiving leachate 

collected from an operating MSW landfill near North Bay, Ontario, Canada.  A comprehensive set of 

water chemistry parameters were monitored bi-weekly over a 21-month period. The data was analyzed 

using PCA and PC and PLS regression analyses in order to understand the primary parameters 

influencing performance and the interactions and trends between them, with respect to treatment 

objectives to minimize the impacts of the treated leachate on the receiving environment. Treatment 

objectives were examined in terms of five criteria parameters: ammonia, alkalinity, COD, heavy metals, 

and iron. 

The removal percentages and multivariate analyses confirmed that the AWL wetland subsystem 

provided better treatment for four of the criteria parameters: ammonia, alkalinity, COD, and iron; while 

the PW filter subsystem provided better treatment for heavy metals. PCA indicated a high degree of 

association with the first PC for all parameters except NO3
-
 and ORP, and a high percentage of variation 

(>40%) was explained by this PC, suggesting strong statistical relationships among the parameters. A 

variable reduction procedure reduced the dataset from 33 to between 15-17 variables that were considered 

the most important in explaining the variation in the data. Of these 15-17 variables within each PCA, 

regression analyses further identified 8 explanatory variables that were most frequently retained for 

modelling the criteria parameters, on a statistically significant level (p-values < 0.05): conductivity, DO, 

NO2
-
, organic N, ORP, pH, sulfate, and TVS. These significant parameters are often associated with 

landfill leachate as noted in other studies (Nedwell and Reynolds, 1996; Durnusoglu and Yilmaz, 2006; 

Speer, 2011; Ribé et al., 2012, Nyame et al., 2012).  

Multivariate statistical tools, including PCA and PLS and PC regressions, are valuable in determining 

key parameters and their relationships and may be successfully applied to landfill leachate data, as shown 
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in this study. The long-term monitoring burden associated with MSW landfills and leachate treatment, 

and the widespread implementation of landfills throughout the world highlight the importance of 

statistical evaluation in identifying significant parameters and treatment trends (Mulamoottil et al., 1999; 

Rew and Mulamoottil, 1999; Durnusoglu and Yilmaz, 2006). The criteria parameters and the significant 

explanatory parameters were most important in modelling the dynamics of the hybrid-passive treatment 

system during the study period, and such techniques and procedures may be applied to other sites to 

determine parameters of interest in similar fashion. 
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Chapter 7 

Summarizing Conclusions  

7.1 Conclusions 

This thesis consisted of two separate investigations examining the performance and water quality 

interactions of: (one) a series of WSPs operating at a facility treating municipal wastewater and, (two) a 

hybrid-passive landfill leachate treatment system operating at a MSW landfill. Both investigations 

consisted of comprehensive field monitoring programs coupled with extensive data analyses: multivariate 

statistical analysis consisting of PCA, and PLS and PC regressions were applied to determine the 

principal parameters influencing system changes and performance in each investigation; time-series 

analysis was used to determine time dependent correlations between key parameters in the first 

investigation; and metagenomics analysis was used to characterize algae and macrophyte species profiles 

in the system and their relative abundances in the first investigation.  

At the Amherstview WPCP in Amherstview, Ontario, excessive algae growth and high pH levels in 

the WSPs during the summer months has occurred since 2003 and has been an ongoing regulatory 

concern at the final WSP effluent. Three studies were conducted to better understand the causes of the 

algae growth and high pH levels. The first study involved the evaluation of water chemistry interactions 

in the WSP system and identification of the parameters contributing to the pH levels observed. Samples 

for a full range of water chemistry parameters were collected weekly from July to October 2012 and 

analyzed using PCA and PC and PLS regressions. PCA identified eight principal parameters that 

described pH levels with good model fits: alkalinity, conductivity, ORP, TSS, COD, NO3
-
, NO2

-
, and 

orthophosphate. The second study involved metagenomics sequencing of plant biomass and water 

samples from the WSPs, followed by an analysis of the relative abundances of the algae and macrophyte 

species in relation to water chemistry conditions. Samples were collected at different points across the 

lagoon over a three-month period, providing information with respect to the temporal and spatial 
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variations in the species composition of the growth and their relative abundances. A strong shift in the 

species dominating growth was noted moving from WSP#2 to WSP#4, with green algae predominanting 

in WSP#2 and aquatic macrophytes predominanting in WSP#4. It was found that the pH increases 

occurred primarily in WSP#2 and were not reduced in WSP#1 or WSP#4. This trend corresponded to the 

excessive floating green algae levels observed in the field. The third study involved the evaluation of 

time-series relationships between chl-a, DO, and pH in the WSPs to better understand the time-dependent 

correlations and interactions between these parameters as an indicator of photosynthetic activity within 

each WSP. These parameters were monitored on an hourly basis over a one-week period within each 

WSP, and time-series analyses, including calculation of cross-correlation coefficients, were performed. 

The results compliment the findings of the water chemistry study of the WSPs (Chapter 3), indicating 

strong statistical relationships between chl-a, DO, and pH in the WSPs, when high levels of 

photosynthetic activity were observed. The highest algae growth was observed in WSP#2 and 

corresponded to the strongest statistical relationships between chl-a and DO and chl-a and pH. In all 

WSPs, strong diurnal patterns were noted for DO and pH. In general across all WSPs, daily DO 

concentration peaks preceded those of chl-a by an average of 43 minutes, while daily chl-a peaks 

preceded those of pH by an average of 2 hours and 15 minutes. 

The Merrick Landfill was first opened in 1994 and serves as the primary MSW disposal site for the 

City of North Bay and surrounding areas. A hybrid-passive leachate treatment system at the site provides 

for the controlled release of MSW landfill leachate through an engineered hybrid-passive treatment 

system and the subsequent natural attenuation zone.  A study was conducted to evaluate treatment 

performance of the system with multivariate statistical techniques. Data from December 2009 to August 

2011, the operational period of the system, was analyzed using PCA and PC and PLS regressions. 

Treatment performance was evaluated in terms of five criteria parameters based on their importance in 

treatment and toxicity: alkalinity, heavy metals, iron, ammonia, and COD. It was found that most 

parameters were highly associated with each other, as indicated by a high percentage (>40%) of variation 
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explained by the first PC. Eight parameters were identified as important in modelling the five criteria 

parameters, based on the frequency that they were retained in modelling: conductivity, DO, NO2
-
, organic 

N, ORP, pH, sulfate and TVS. 

Adequate treatment of wastewater effluents is necessary to conserve natural resources, prevent human 

health risks, and protect ecosystems around the world. The issue of water pollution and its effects are only 

becoming more salient in a world being increasingly pressured by population growth, dwindling natural 

resources, and climate change. While the types and composition of wastewater effluents differ 

considerably by source, location, and level of treatment, municipal wastewater and leachate from MSW 

landfills are perhaps the most widespread and produced in the greatest quantities, making them important 

targets for treatment and monitoring. Sustainable treatment technologies, including WSPs, CWs, and 

biological filters, are affordable and low-maintenance alternatives for treating wastewaters and leachates 

and offer significant potential for communities facing water pollution challenges (Rew and Mulamoottil, 

1999; Sundaravadivel and Vigneswaran, 2001; UN, 2008). As natural systems, these treatment 

alternatives contain numerous interacting parameters and are complex to model (Ouali et al., 2009). 

Multivariate statistical analysis, time-series analysis, and metagenomics analysis are three evaluation 

techniques that were applied in this thesis and can be used to identify trends in system dynamics and 

important relationships between parameters for these natural systems. 

7.2 Engineering Contributions 

The work presented in this thesis brings a number of new and significant contributions to the field of 

engineering through the application of multivariate statistics, time series analysis, and metagenomics 

sequencing techniques. Multivariate statistics, consisting of PCA and regression analysis can reveal 

patterns not easily observed in data and identify key parameters affecting system dynamics. These sets of 

techniques are frequently used in ecological studies and in performance evaluations of engineered 

systems, but are often applied to specific parameter datasets. In the Amherstview WPCP and Merrick 

Landfill studies, multivariate techniques were applied to full datasets of water chemistry parameters, thus 
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allowing for a whole systems approach in evaluating the naturalized systems. Time series analyses can 

provide insight into time-dependent statistical relationships between parameters and thus identify 

dynamic time lags between parameter trends. In the Amherstview WPCP study, a finite time step was 

established through the monitoring, allowing for the evaluation of these time series relationships at very 

small increments. Metagenomic sequencing can characterize the genomic profile and relative abundances 

of different species present in water, soil, and plant samples, and help identify the organisms that 

dominate growth in these samples. For the Amherstview WPCP study, metagenomic sequencing of algae 

and macrophytes (eukaryotes) was performed to determine which algae and macrophyte species 

dominated growth in the WSPs, both spatially and temporally. The relative abundances determined were 

correlated to the water chemistry data, providing unique insight into the inter-relationships between algae 

and macrophyte growth and concentrations of individual parameters impacting growth and the effects of 

their changes. The development and application of these techniques, as presented in this thesis, may assist 

researchers in uncovering trends or important interactions between parameters in environmental systems 

such as WSPs and CWs.  

7.3 References 

Ouali, A., C. Azri, K. Medhioub, A. Ghrabi. 2009. Descriptive and multivariable analysis of the physico-

chemical and biological parameters of Sfax wastewater treatment plant. Desalination, 246: 496-505.  

Rew, S., G. Mulamoottil. 1999. “A Cost Comparison of Leachate Treatment Alternatives.” In 

Constructed Wetlands for the Treatment of Landfill Leachate. G. Mulamoottil, E.A. McBean and F. 

Rovers (eds.). New York, USA: Lewis Publishers, pp. 261-270. 

Speer, S. 2011. “Passive and Naturalized Landfill Leachate Treatment Systems for Source Water 

Protection,” Ph.D. dissertation. Kingston, Canada: Department of Civil Engineering, Queen’s 

University. 

Speer, S., P. Champagne, B. Anderson. 2011. Treatability study of two hybrid-passive treatment systems 

for landfill leachate operated at cold temperature. Water Quality Research Journal of Canada, 43(3): 

230-238. 

Speer, S., P. Champagne, B. Anderson. 2012. Pilot-scale comparison of two hybrid-passive landfill 

leachate treatment systems operated in a cold climate. Bioresource Technology, 104: 119-126. 

Sundaravadivel, M., S. Vigneswaran. 2001. Constructed wetlands for Wastewater Treatment. Critical 

Reviews in Environmental Science and Technology, 31(4): 351-409. 



 

144 

 

United Nations Human Settlements Programme (UN). 2008. “Constructed Wetlands Manual.” UN-

HABITAT Water for Asian Cities Programme. Kathmandu, Nepal: UN.  



 

145 

 

Appendix A 

Methods for the Amherstview WPCP Studies 

A.1 WSP Depth Profiling 

Depth profiling was conducted in early May 2012 for WSP#1 and WSP#4 and in early August 2012 

for WSP#2. The main purpose of depth profiling was to determine the current volume of the WSPs and to 

estimate their theoretical HRTs. 

Based on satellite imagery of the WSPs from Google© Earth® software (2011), the shores of the 

WSPs and the approximate locations of the baffles were drawn in Autodesk© AutoCAD ® software 

(2010). A grid lined with the shores was then developed for each WSP, based on 10m intervals along the 

WSP shores, and 40m or more intervals further from the shores. The orientation of the grid was aligned 

with the closest shoreline in each direction, to provide an easy point of reference during field sampling. 

Sampling points were set at the intersections of the latitudinal (x-) and longitudinal (y-) grid lines. The 

points were selected to provide a cross sectional profile of the WSP across each WSP, in the x-and y-

directions. Flags along the shore were placed at the intersections of the grid lines and the WSP shore lines 

for each WSP. Distances between the flags were equivalent to the grid scale and were measured using two 

30m field tape measures. 

A boat was used to access the points on the WSP water surface. When the boat was approximately at a 

sampling location, as indicated by the flags along the shorelines, a field tape measure tied with an anchor 

was dropped into the water, until reaching the bottom surface of the WSP. The tape measure was lightly 

pulled upward to get the distance to the bottom, as recorded at the water surface. This procedure was 

repeated until the tape was submersed in a straight vertical line. The anchor was tied with string to the clip 

on the tape measure. The distance from the start of the tape measure’s markings to the anchor surface 

touching the WSP bottom was added on to all measurements to determine the full depth. 

The depths at the sampling points varied significantly with no consistent pattern, indicating uneven 

bottom surfaces of the WSPs. The surface variability was likely due to the random deposition of settled 
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solids, sediments, and other materials, such as animal feces, stones, and plant matter. The results do not 

indicate a gradual sloping surface from the WSP shores out towards a maximum flat profile. Rather, the 

WSPs were designed to have a sharper sloping surface from the shores to a flat depth close to the shores, 

as suggested by the results and field observations. 

A.2 Summer 2012 Effluent Monitoring (Chapter 3) 

Effluent monitoring in the summer of 2012 involved the collection and laboratory analysis of effluent 

water samples for a range of water quality parameters, as specified in Chapter 3. The following sections 

present more detailed methods and notes regarding the field, laboratory, and data analysis conducted. 

A.2.1 Sampling Methods 

Samples for analysis in the laboratory were collected with a bucket which was dipped into the effluent 

stream. Water, algae, and sediment samples were stored in LDPE or glass bottles and put into a cooler 

with an ice pack until delivery to Ellis Hall or Caduceon Laboratories for analysis. The intermittent water 

samples collected for chl-a analysis by Caduceon were stored in amber glass bottles until delivery to 

Caduceon for analysis. The Hach© Hydrolab® multi-probe was submersed in the effluent stream, 

generally in the midpoint, with an average placement depth of 16 cm. 

A.2.2 Laboratory Methods 

This section summarizes laboratory procedures applied to analysis completed in the Queen’s 

University laboratory. Caduceon Laboratories, which is accredited by CALA for all parameters analyzed 

under the project, applied standardized methods. For spectrophotometric analysis under the Hach 

methods, a Hach© DR2800® portable spectrophotometer was used. The unit has a photometric accuracy 

of 1% for samples between 0.5 and 2.0 absorbance readings, and great than 1% for samples above 2.0 

absorbance (Hach, 2013). All samples were within the 0.5-2.0 absorbance range, thus accuracy was 

maintained at 1%, not including interference error. 
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For COD, Hach method 8000 was followed, with no procedural changes. A stir bar was used instead 

of a blender for sample homogenization, due to the low turbitity of the samples. Glass microfiber filters, 

with porosities of 1.5 μm (VWR#6) and 0.45 μm (Millipore), were used for the soluble fraction. Analysis 

on the difference between the porosities of the two filter types is presented in Appendix B. The Hach 

method provides for the elimination of chloride up to 2,000 mg/L, which interferes with COD 

measurement. Chloride levels were measured in the WSPs on two occasions (Table A.1), with all values 

well below 2,000 mg/L. 

Table A.1: Chloride levels at each sampling point over two occasions (mg/L). 

Date PL L2 L1 L4 

2012-10-16 61.3 60.2 59.7 59.3 

2012-10-23 63.8 61.4 61.2 60.7 

 

For orthophosphate, Hach method 8048 was followed, with no procedural changes. A stir bar was used 

instead of a blender for sample homogenization, due to the low turbitity of the samples. Glass microfiber 

filters, with porosities of 1.5 μm (VWR#6) and 0.45 μm (Millipore), were used for the soluble portion. 

Statistical analysis on the difference between the porosities of the two filter types is presented in 

Appendix B. 

A.2.3 Analysis Methods 

A.2.3.1 Calibration of Chl-a Sensor Data 

The Hydrolab® DS5 chl-a probe measures a millivolt (mV) reading and is able to convert it to μg/L 

readings through a calibration. Due to years of use, this calibration between the two units of measure was 

not valid at the time of sampling, and as such, mV data was converted to chl-a through laboratory 

calibration. This calibration involved determining a linear relationship between known masses of chl-a 

and  mV readings from the Hydrolab® through a series of dilutions on an algae sample. A sample of 

water with suspended green algae (Chlorella vulgaris) grown in the laboratory was dried according to 

standard methods (APHA, 2005) to determine mass. Chl-a content was set to 1.5% of algae biomass, 
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which is commonly cited as a suitable ratio for green algae (APHA, 2005; Huang and Cong, 2007). 100 

mL of the same sample was diluted to a series of volumes (Table A.2) and measured with the Hydrolab® 

for chl-a content. The volumes were each measured over a minimum of 10 readings with continuous 

swirling to maintain a uniform suspension. A linear regression equation was determined from the linear 

portion of the dataset (Figure A.1). 

Table A.2: Laboratory calibration of Hydrolab® chl-a sensor with dilutions of algae water sample 

with measured biomass; grey indicates concentrations above the linear range for the chl-a sensor. 

Vol. (L) Algae Mass 

Conc. (g/L) 

Chl-a 

Conc. (μg/L) 

Chl-a 

Reading (V) 

0 0 0 0.295 

14 0.009 134.357 2.023 

13 0.01 144.692 2.137 

12 0.01 156.75 2.235 

11 0.011 171 2.3 

10 0.013 188.1 2.517 

9 0.014 209 2.652 

8 0.016 235.125 2.773 

7 0.018 268.714 3.27 

6 0.021 313.5 3.386 

5 0.025 376.2 3.826 

4 0.031 470.25 4.129 

3 0.042 627 4.105 

2 0.063 940.5 4.097 

1 0.125 1881 4.099 

0.5 0.251 3762 4.099 
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Figure A.1: Calibration curve for Hydrolab® chl-a probe with laboratory grown algae suspended 

in water, with linear regression equation and R
2
 value. 

A.2.3.2 Dataset for Statistical Analysis 

Average percent change values were presented and statistical analysis was based on the measured 

concentrations for all parameters at all sampling points, due to a lack of flow data for WSP#2 and 

WSP#1. Flow rates are continuously measured at PL and WSP#4 effluent on a daily basis. No 

measurement was performed for WSP#1 and WSP#4 due to lack of available equipment. The average 

relative percent difference (RPD) (Equation A.1) between the PL and WSP#4 flow rates over the 

sampling period is 18.0%, indicating similar water levels and flow profiles throughout the WSP system. 

        

∑
|          |

(
           

 
)

 
   

 
               [A.1] 

where, RPDavg represents the average RPD between the flow rates at PL and WSP#4, QPL is the effluent 

flow rate at PL at observation i, QWSP#4 iss the effluent flow rate at WSP#4 at observation i, and s is the 

number of observations. 
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From a statistical analysis perspective, use of mass loadings based on the flow rates at each sampling 

point is ideal, as it normalizes all data such that the differences in flow at each point are accounted for. 

This is necessary when large difference in flow rate are observed, but will become unnecessary when 

flow rates across the sampling points are similar. A difference of 18% between the PL and WSP#4 flow 

rates can be considered minor in light of the absence of flow data for WSP#2 and WSP#1. Retroactive 

estimation of the flow rates at these points would involve either modelling equations or extrapolation 

from current field measurements, and these procedures would carry a certain amount of error. In light of 

this, it was determined that evaluating the dynamics on a concentration basis would be suitable. Statistical 

analysis on concentration data for multiple sampling locations has been performed by Leardi et al. (2000), 

Dong et al. (2010), and Facca et al. (2011), which suggests that it is an accepted practice when the 

availability of flow data is limited. 

A.2.3.3 Statistical Analysis in JMP® 

The restricted error maximum likelihood (REML) estimation method was used in the multivariate 

platform during preprocessing to generate imputed values, based on the presence of missing data. Data 

imputation in JMP® led to negative values for some of the imputed estimates in the runs analyzing 

parameter loading. Except for those values under ORP – which can be positive or negative – all of these 

negative estimates were set to the minimum DL for the individual parameter. For parameters with 

different DLs for analysis by Queen’s vs. Caduceon, the lower DLwas applied. 

Data for each parameter was analyzed for normality in order to determine whether data transformation 

should be applied. Data that fits a normal distribution can be analyzed using parametric methods, 

including many types of regressions, thus providing more statistical power for interpretation (Groth et al., 

2013). Normally was assessed by evaluating the Shapiro-Wilk test for a normal distribution fit over the 

histogram of the data for each parameter. This test was applied to both a non-transformed dataset and a 

log-transformed dataset, with higher Shapiro-Wilk W values indicating better fits to the normal 

distribution (SAS, 2013a). Summing the W values for each parameter and dividing by the number of 



 

151 

 

parameters (Table A.3) indicates improved normality in the data with log-transformation. The log-

transformed data was incorporated into further analysis. Since ORP contains some negative values, which 

cannot have logs taken, a constant was added to all ORP observations. The constant was set to the lowest 

ORP observation plus one, resulting in the new lowest ORP value equal to one. 

Table A.3: Shapiro-Wilk test for normality of un-transformed and log-transformed datasets. 

Measure Un-transformed Log-transformed 

Shapiro-Wilks W over number of variables 0.8296 0.8521 

p-value 0.0078 0.0087 

 

While the data was transformed to bring it closer to a normal distribution, the dataset remained non-

parametric as a specific probability distribution could not be applied to it. For this reason, statistical 

correlation between each parameter was evaluated by the Spearman rank correlation coefficient instead of 

the Pearson correlation coefficient. To determine the validity and significance of correlations, Spearman ρ 

values were sorted by p-value, with small a p-value indicating that the correlation is significant and not 

due to coincidence (SAS, 2013a), and were then compared with the critical Spearman ρ value for a two-

tailed test at the 95% confidence level. Those values with a small p-value and above the critical ρ value 

were considered valid and significant. 

The pairwise estimation method was used in PCA analysis of the imputed dataset, based on the criteria 

of the data having more than 10 columns (variables). The robust method was deemed inappropriate for 

this data, as it works on the assumption of the presence of outliers in the dataset, which is not feasible for 

field sampling data. Additionally, PCA analysis itself assumes the absence of outliers in the data, which is 

appropriate for measured field data (Suhr, 2005). The weight, frequency, and by qualifiers in the 

multivariate and PCA platforms do not apply and were not used, as all sample entries (dates) are equally 

weighted and frequent. Multivariate and PCA results were interpreted based on the correlations between 

parameters, not the covariances. The correlation coefficient is a unitless measure, which is required for 

this dataset which consists of various units for parameters. 
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All parameters, with the exception of BOD and metals, were included in PCA, in total forms. BOD 

was not analyzed due to incomplete data and the availability of more complete entries for cBOD, which is 

a more suitable measure of oxygen demand for wastewater due to the inhibition of nitrifying bacteria 

(Metcalf and Eddy, 2003). 

Other methods and JMP® software settings, such as model run options, result selection and analysis 

criteria, and parameter limits, were applied: 

 For PLS regression, the following settings were used: scaling and centering, NIPALS estimation 

with cross-validation, and the maximum number of factors in each case. 

 For PC regression, the “Fit Model” platform was used with the following settings: no cross or 

nested effects, standard least squares estimation, and effect leverage emphasis. 

 For PC regression, the non-adjusted R
2
 value was reported instead of the adjusted R

2
. The 

adjusted R
2
 value is adjusted to the number of explanatory (independent) variables in the model 

and is used to make comparisons within models where variables are added or removed, as the 

number of variables will either improve the fit or provide no additional information (AcaStat, 

2013; SAS, 2013a). The number of variables to use in the model were already optimized through 

the variable selection criteria and the similarity measure in PCA, thus the measure is not 

considered appropriate for the methods employed in this study. Additionally, there is no 

equivalent adjustment for PLS regression, which was directly compared with the PC regression. 

The non-adjusted R
2
 value in the PC regressions is calculated in the same way as the R

2
 value in 

the PLS regressions. 

 In time-series analysis, the commonly used value of N/4 autocorrelation lags reported by JMP® 

was applied, where N is the number of samples. With 18 observations during the monitoring 

period at each sampling point, this results in a lag window of 4 weeks. 

 In the cross-correlations of time-series analysis, a positive lag indicates that the input variable is 

shifted before the output variable, and a negative lag indicates the reverse. 
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A.2.3.4 Sampling Date Adjustments 

For the weeks of July 2-6 and September 3-7, probe parameters were measured on a different day then 

other parameters. The non-probe data were moved onto the day with the probe data, such that a complete 

set of data for the week was available for analysis. 

A.3 Algae Metagenomics Sequencing (Chapter 4) 

A.3.1 Data preparation 

Data was obtained from the PGM server in the form of .fastq files. The files were manipulated to a 

readable format using the QIIME pipeline and Mothur software. The reads were then aligned using the 

greengenes alignment (core_set_aligned.imputed.fasta) and sent through a number of screening processes 

to remove bad reads. All reads less than 150 bp were removed. Aligned sequences which started after the 

PCR end base in the reference sequence data were removed. This represented the 25
th
 percentile of the 

data. 

A.3.2 Data Analysis 

An OTU table was created for further analysis. The OTU table can be visualized with Microsoft© 

Excel® and contains the number of sequences for each OTU in each sample, and the taxonomy of the 

OTU. Assigned Taxonomy using QIIME’s RDP classifier algorithm and the Silva Eukaryotic reference 

databases. The samples were assigned to taxonomies to increasing depth displaying them in easy to read 

graphs with the relative abundance of each algae calculated. The plots are available as an HTML file and 

as PDFs. A phylogenic .TRE file was produced which can be visualized with the appropriate software. 

The alpha and beta diversities were calculated from the OTU table. Alpha rarefaction plots were 

produced, as well as both 2D and 3D also weighted and un-weighted beta diversity plots. The 3D plots 

may be displayed using the KiNG display software. Using the alpha and beta diversities hierarchical 

clustering analysis was performed and an output PDF file was produced. 

Correlations between the algae relative abundance percentages and the water chemistry data were 

determined for the dates on which algae were sampled. In the cases where the algae and water chemistry 
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parameters were not sampled on the same date, the water chemistry data on the date closest to when the 

algae was sampled (generally within the work week) was taken. Water chemistry data without the log 

transformation was used, since there are many 0% values in the algae data. Spearman’s ρ correlation 

coefficients were calculated between the algae and macrophyte classes identified and the relevant water 

chemistry parameters as measured at the effluent on or near the same dates. 

A.4 Summer 2013 Effluent Monitoring 

Effluent monitoring in the summer of 2013 involved the collection of continuous chl-a, DO, and pH 

data from each of the WSP effluents over a three week period, with the Hydrolab® DS5 probe submerged 

in each WSP effluent for one week. This contributed to the data analyzed and presented in Chapter 5. This 

monitoring was conducted based on the recommendations provided in Chapter 3 and were aimed at 

determining time-series patterns between ch-a, DO, and pH on an hourly basis. Prior to monitoring, the 

Hydrolab® DS5 probe was serviced by Campbell Scientific in Edmonton, Alberta, Canada, in which all 

sensors on the probe were factory reset and calibrated. Thus, the mass (μg/L) readings calculated from the 

mV measurements are considered valid, as demonstrated in Figure A.2 by the strong linear relationships 

between the two units of measure for the measurements from each WSP. 

Statistical analysis methods and software settings were applied: 

 For time-series analysis, the forecast period was set to the default value of 25; 

 For time-series analysis, the number of autocorrelation lags value was set to 72 hours (3 days). 

This is the number of hours over which the cross-correlation is calculated, in forward and reverse. 

JMP® recommends choosing an autocorrelation value of N/4 (where N is the total number of 

observations), but this would only result in lags for up to 42 hours with the dataset. Before 

establishing the number of autocorrelation lags, we set the value equal to N for each WSP and 

determined that the majority of cross-correlations and trends were captured in the 72 hour lag 

window. 
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 In evaluating the cross-correlations between pH and DO, the input variable was set to whichever 

one resulted in strong positive correlations at positive time lags instead of negative ones. 

 Outliers for all parameters were identified in JMP® using outlier box plots under the distribution 

platform, and Mahalabonis distance, Jackknife distance and T
2
 tests in the multivariate platform 

(SAS, 2013a). 

 

Figure A.2: Linear relationship between voltage and mass readings in Hydrolab® DS5 probe 

following servicing, with R
2
 value shown. 
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Appendix B 

Statistical Analysis of Raw Data from the Amherstview WPCP Studies 

B.1 Summer 2012 Effluent Monitoring 

Statistical measures of sampling and analytical procedure accuracy and error are presented herein for 

results obtained through Caduceon Laboratories, Queen’s University laboratories, and field probe 

sampling. Statistical accuracy is reported with the relative standard deviation (RSD) for each set of data 

(Equation B.1), which is taken as the absolute value of the coefficient of variation (Tissue, 2000). 

     |
 

    
|                [B.1] 

where, RSD represents the relative standard deviation (%), σ represents the population standard deviation 

of results (units), and mean is the arithmetic mean of results (units). 

B.1.1 Caduceon Laboratories Data 

Caduceon Laboratories is accredited to the ISO/IEC 17025 standard and by the CALA for all 

parameters analyzed for the project (CALA, 2012). Replicates were analyzed on a frequency of 1 per 20 

samples for each parameter (Caduceon, 2012). RPD between replicate samples were reported by 

Caduceon, and RSD values were calculated for each parameter from available data (Table B.1). 

B.1.2 Queen’s University Laboratory Data 

Laboratory analysis was performed at Queen’s for BOD, COD, and orthophosphate. Duplicate 

analyses were performed each week for all parameters, with the duplicate sampling point changed 

weekly. 

B.1.2.1 Variance of laboratory methods 

RPD values were calculated between the duplicated measurements based on normalization to their 

mean (Equation B.2). RSD calculation of the RPD values are presented for each parameter analyzed in 

the Queen’s University Laboratory (Table B.2). 
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Table B.1: Average RPD and RSD of replicate samples for parameters analyzed by Caduceon 

Laboratories. 

Parameter 
Average RPD between replicate 

results (%) 
RSD (%) 

BOD 6.0% --- 

cBOD --- --- 

COD 2.0% --- 

Ammonia 6.8% 5.7% 

Nitrite 6.5% --- 

Nitrate 0.0% 0.0% 

TKN 4.5% 8.6% 

TP 12.0% 10.6% 

Table B.2: Average RPD and RSD of replicate samples for parameters analyzed by Queen’s 

University, with all data. 

Parameter 

(mg/L) 

Average RPD between replicate 

results (%) 
RSD (%) 

TS 40.9% 131.8% 

BOD 90.5% 74.6% 

BOD, sol. 148.9% 27.4% 

COD 14.2% 72.3% 

COD, sol. 47.5% 135.8% 

Orthophosphate 15.0% 205.0% 

Orthophosphate, 

sol. 
19.6% 187.5% 

 

     
|                  |

(
                   

 
)
               [B.2] 

where, RPD represents the relative percent difference of the replicated sample,         is the first result 

and            is the replicated result. 

B.1.2.2 Adjustment of data for filter porosity 

For analysis of the soluble fractions of COD and orthophosphate, 1.5 μm filters were used. Standard 

Methods (2005) prescribes the use of 0.45 μm filters, so for two events, samples were analyzed with both 

and the average RPD between the results for the two filters was calculated (Equation B.3) and are 

presented, along with RSD (Table B.3). 
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Table B.3: Average RPD and standard deviation of percent difference between use of 1.5 μm and 

0.45 μm filters for analysis of soluble COD and orthophosphate. 

Parameter Average RPD between result for 1.5 

μm and 0.45 μm filter (%) 

RSD (%) 

COD, sol. -17.2% 92.0% 

Orthophosphate., 

sol. 

-3.2% 152.0% 

 

Results for analysis performed with the 1.5 μm filters were adjusted by the average percent differences 

calculated (Equation B.4). 

         
               

        
              [B.3] 

where,        represents the average relative percent difference between the results,          is the 

unfiltered (total) result,         is the 0.45 μm filtered result, and        is the 1.5 μm filtered result. 

                    (         )        [B.4] 

where, Radj,0.45 represents the adjusted result value to the 0.45 μm filter, and Rraw,1.5 represents the 

unadjusted raw result value for the 1.5 μm filter. 

B.1.3 Hydrolab® Probe Data 

A Hach© Hydrolab® DS5 multi-parameter sonde was used for the parameters indicated. Individual 

probes were calibrated to laboratory standards prior to first use, and adjusted regularly, with the exception 

of temperature and chl-a. Temperature was factory set and cannot be adjusted. Chl-a data was adjusted 

externally through calibration curves instead of internal calibration. Multiple readings were taken with the 

Hydrolab® at each sampling point on each day, providing a range of values that were averaged for 

analysis. Average RSD values are presented for each parameter by sampling point (WSP) and overall 

(Table B.4). 

 

 

 



 

160 

 

Table B.4: Average RSD by parameter and sampling point for parameters analyzed by the 

Hydrolab® probe, with all data. 

Parameter 
Average RSD (%) 

PL L2 L1 L4 Total 

Temp (°C) 0.3% 0.8% 0.3% 0.4% 0.5% 

pH 2.1% 0.4% 0.5% 0.3% 0.8% 

ORP (mV) 35.3% 3.2% 4.0% 14.8% 14.4% 

Conductivity (μS/cm) 1.4% 0.3% 0.2% 8.2% 2.5% 

DO (mg/L) 1.1% 48.1% 0.5% 0.6% 12.9% 

Chl-a (μg/L) 75.2% 81.6% 69.4% 71.9% 74.5% 

Chl-a (volts) 6.3% 6.8% 5.9% 6.6% 6.4% 

Phycocyanin (cell/mL) 147.7% 0.0% 15.0% 20.3% 57.1% 

Phycocyanin (Volts) 70.2% 4.6% 33.6% 42.3% 37.7% 

 

B.1.3.1 Estimation of Chl-a Data for July 19 and 24 

On July 19 and 24, voltage readings could not be measured for chl-a, with only μg/L mass readings 

taken. This was due to the necessary use of the Hydrolab® handheld datalogger instead of the laptop 

software, which does not record voltage. An estimation of the voltages for these two dates was done from 

linear regression of the voltage and mass data for the other dates. As expected, a linear correlation 

between voltage and mass exists, indicating that the program within the Hydrolab® datalogger is 

functioning (Figure B.1). Deviations from perfect linearity are due to averaging of the time-series data at 

each sampling date. With the linear regression equation determined, the voltages for July 19 and 24 were 

estimated and included in analysis. 
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Figure B.1: Linearity between voltage and mass readings for the Hydrolab® chl-a sensor, with 

linear regression equation and R
2
 value, for sampling performed on July 19 and 24. 

B.1.4 Meteorological Data 

Temperature, humidity, barometric pressure data was measured at the Kingston Airport, which is 

approximately 5 km east of the site. It was provided by Environment Canada online and was quality 

checked, as the Kingston Airport station is subject to review by the National Climate Archives division of 

Environment Canada. 

Solar radiation data was measured by satellite through the NASA’s Earth science research program, 

and provided to the public through the Surface meteorology and Solar Energy (SSE) data sets. The data 

was accessed in Natural Resources Canada RETScreen© software (NRCan, 2013). While NASA notes 

that ground measured data is generally more accurate than satellite-derived data, statistical uncertainties – 

from calibration drift, operational procedures, or data gaps – are unknown for many ground stations. 

NASA provides statistical comparison of SSE (satellite-derived) data and ground measured data from 

high quality research stations (Baseline Surface Radiation Network), with root mean square error values 

from 12-39% (NASA, 2012). Due to lack of other daily solar radiation data available for the Kingston 

area, the NASA data was utilized as provided without adjustment. 



 

162 

 

B.2 References 

Caduceon Enterprises Inc. (Caduceon). 2012. “Quality Assurance and Quality Control.” 

http://www.caduceonlabs.com/ (accessed September 2, 2013). 

Canadian Association for Laboratory Accreditation (CALA). 2012. “Scope of Accreditation for Caduceon 

Environmental Laboratories (Kingston).” http://www.cala.ca/scopes/2728.pdf (accessed September 2, 

2013).  

National Aeronautic and Space Administration (NASA). 2012. Surface meteorology and Solar Energy 

(SSE) Release 6.0 Methodology, Version 3.1.  

Natural Resources Canada (NRCan). 2013. RETScreen Software Suite [software]. 

http://www.retscreen.net/ang/home.php (accessed September 10, 2013). 

Tissue, B.M. 2000. “Measures of Precision.” Blacksburg, USA: Department of Chemistry, Virginia 

Polytechnic Institute and State University. http://www.files.chem.vt.edu/chem-ed/data/precision.html 

(accessed August 13, 2013). 


	Chapter 1  Introduction
	1.1 Background
	1.2 Scope of Studies
	1.3 References

	Chapter 2  Literature Review
	2.1 Introduction
	2.2 Wastewater Stabilization Ponds for Secondary Wastewater Treatment
	2.2.1 Types and System Characteristics
	2.2.2 Treatment Mechanisms
	2.2.2.1 Organic Matter
	2.2.2.2 Suspended Solids
	2.2.2.3 Nitrogen
	2.2.2.4 Phosphorus

	2.2.3 Temperature Effects
	2.2.4 Oxidation Reduction Potential
	2.2.5 Algae and Macrophyte Growth
	2.2.5.1 Species
	2.2.5.2 Photosynthesis
	2.2.5.3 Algae Growth
	2.2.5.4 Effects on Water Quality and Treatment Performance
	2.2.5.5 Metal Uptake by Algae

	2.2.6 Existing Models

	2.3 Hybrid-passive Systems for Landfill Leachate Treatment
	2.3.1 Leachate Characteristics
	2.3.2 Types and System Characteristics
	2.3.3 Treatment Mechanisms
	2.3.4 Temperature Effects

	2.4 Multivariate Statistical Analysis
	2.4.1 Correlations Analysis
	2.4.2 Principal Components Analysis
	2.4.3 Regression Analysis
	2.4.4 Time Series Analysis

	2.5 Summary
	2.6 References

	Chapter 3  Multivariate Statistical Analysis of Water Chemistry Dynamics in Three Facultative Wastewater Stabilization Ponds with Algae Blooms and pH Fluctuations
	3.1 Abstract
	3.2 Introduction
	3.3 Methods
	3.3.1 System Overview
	3.3.2 Parameters of Interest
	3.3.3 Field Sampling and Laboratory Analysis
	3.3.4 Statistical Analysis

	3.4 Results
	3.4.1 Summary of WSP System Dynamics and Treatment Performance
	3.4.2 Multivariate Correlation Analysis
	3.4.3 Principal Components Analysis
	3.4.4 Regression Analysis

	3.5 Discussion
	3.5.1 Fundamental System Dynamics
	3.5.2 DO, pH, Chl-a Relationships
	3.5.3 Regression Equation for pH

	3.6 Conclusions
	3.7 References

	Chapter 4  Determination of Algae and Macrophyte Species Distribution in Three Facultative Wastewater Stabilization Ponds Using Metagenomics Analysis
	4.1 Abstract
	4.2 Introduction
	4.3 Methods
	4.3.1 System Overview
	4.3.2 Field Sampling and Chemical Analysis
	4.3.3 Water Chemistry
	4.3.4 Data Analysis

	4.4 Results
	4.4.1 Distribution and Abundance
	4.4.2 Cluster and PCoA Analysis of Samples
	4.4.3 Water Chemistry Conditions
	4.4.4 Correlations to Water Chemistry Parameters

	4.5 Discussion
	4.6 Conclusions
	4.7 References

	Chapter 5  Time-Series Relationships Between Chlorophyll-a, Dissolved Oxygen, and pH in Three Facultative Wastewater Stabilization Ponds
	5.1 Abstract
	5.2 Introduction
	5.3 Methods
	5.3.1 Field Monitoring
	5.3.2 Statistical Analysis

	5.4 Results and Discussion
	5.4.1 Time Series of Chl-a, DO, and pH
	5.4.2 Cross-Correlations of Chl-a, DO, and pH

	5.5 Conclusions
	5.6 References

	Chapter 6   Performance Evaluation of a Hybrid Passive Landfill Leachate Treatment System Using Multivariate Statistical Techniques
	6.1 Abstract
	6.2 Introduction
	6.3 Methods
	6.3.1 System Overview
	6.3.1.1 Pre-Treatment System
	6.3.1.2 Passive Treatment Subsystems

	6.3.2 Parameters of Interest
	6.3.3 Field Sampling and Laboratory Analysis
	6.3.4 Statistical Analysis

	6.4 Results
	6.4.1 Removal Efficiencies
	6.4.2 PCA Score and Loading Plots
	6.4.3 PLS and PC Regressions

	6.5 Discussion
	6.5.1 Criteria Parameters for Treatment
	6.5.2 Identification of Significant Parameters
	6.5.3 Appropriateness of Multivariate Techniques

	6.6 Conclusions
	6.7 References

	Chapter 7  Summarizing Conclusions
	7.1 Conclusions
	7.2 Engineering Contributions
	7.3 References

	Appendix A  Methods for the Amherstview WPCP Studies
	A.1 WSP Depth Profiling
	A.2 Summer 2012 Effluent Monitoring (Chapter 3)
	A.2.1 Sampling Methods
	A.2.2 Laboratory Methods
	A.2.3 Analysis Methods
	A.2.3.1 Calibration of Chl-a Sensor Data
	A.2.3.2 Dataset for Statistical Analysis
	A.2.3.3 Statistical Analysis in JMP®
	A.2.3.4 Sampling Date Adjustments


	A.3 Algae Metagenomics Sequencing (Chapter 4)
	A.3.1 Data preparation
	A.3.2 Data Analysis

	A.4 Summer 2013 Effluent Monitoring
	A.5 References

	Appendix B  Statistical Analysis of Raw Data from the Amherstview WPCP Studies
	B.1 Summer 2012 Effluent Monitoring
	B.1.1 Caduceon Laboratories Data
	B.1.2 Queen’s University Laboratory Data
	B.1.2.1 Variance of laboratory methods
	B.1.2.2 Adjustment of data for filter porosity

	B.1.3 Hydrolab® Probe Data
	B.1.3.1 Estimation of Chl-a Data for July 19 and 24

	B.1.4 Meteorological Data

	B.2 References


