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ABSTRACT 

Cyanobacterial harmful algal blooms (CHABs) deteriorate water quality and cause widespread 

economic and ecological damage to aquatic ecosystems. Efforts in mitigating and monitoring CHABs 

face challenges from their complex predictors, dynamic spatial and temporal distributions, and scope.  

Traditional monitoring techniques do not have the resolution, coverage, or frequency to characterize small 

scale CHABs. Novel approaches with unmanned aerial vehicles (UAV) surveillance and environmental 

DNA (eDNA) sampling allow us to examine CHAB distribution, intensity, and potential toxicity. We 

conducted in situ field experiments in Dog Lake, South Frontenac, Ontario, Canada.  In February and 

March of 2019, we collected lacustrine eDNA samples from the top 0.5 m and bottom 0.5 m of sites with 

lakebed depths ranging from 1-19 m, as well as from ice cover. We used qPCR to quantify the 

concentration of the Microcystis aeruginosa mcyE and 16S rRNA genes. Our results indicated 

overwintering M. aeruginosa showed depth preference, with high concentrations at lake surface in deeper 

areas of the lake. Shallow areas of the lake had higher eDNA concentrations overall. Ice cover was a 

potential source of spring inoculum. In May to October, we conducted UAV surveys and collected 

localized weather data, water variables, eDNA, and toxin samples from Milburn Bay, Dog Lake. We used 

a cyanobacterial signal enhancement algorithm to quantify the area and distribution of CHABs. We 

created a multiple linear regression model, with CHAB coverage as the independent variable, and various 

topographic, weather, and biotic variables as predictors after model selection for the strongest predictor 

time periods with best subsets selection. Wind reduced CHAB particle size and coverage. 16S rRNA 

eDNA concentration correlated with microcystin concentrations. Overall, we concluded that the timing 

and duration of weather variables had a notable impact on the predictive value of environmental variables 

on CHABs at a local scale. UAV surveys had a cost of approximately $50 per mission, while eDNA 

sampling had a cost of approximately $5 per sample. We demonstrated that RGB-UAV surveying in 

tandem with eDNA sampling are a powerful, novel approach to CHAB monitoring. 



iii 
 

CO-AUTHORSHIP 

Chapter 2 of my thesis was co-authored by Junjie Jin, Dr. Daniel Lefebvre, and Dr. Yuxiang 

Wang and represents original work completed as part of my MSc thesis. Junjie Jin created the qPCR 

protocols as part of his Master of Environmental Sciences thesis and collaborated with me in 

experimental design, fieldwork, and benchwork. Dr. Daniel Lefebvre and Dr. Yuxiang Wang aided me in 

designing the project, interpreting the data, and editing the manuscript.  

Chapter 3 of my thesis was co-authored by Junjie Jin (co-supervised by Dr. Stephen Lougheed 

and Dr. Yuxiang Wang), Eden Hataley (co-supervised by Dr. Diane Orihel and Dr. Xavier Ortiz 

Almirall), Shirley French, Dr. Daniel Lefebvre, and Dr. Yuxiang Wang and represents original work 

completed as part of my MSc thesis. Again, Junjie created the qPCR protocols and helped me with 

benchwork. Eden Hataley collaborated with me with fieldwork and provided liquid chromatography-mass 

spectrometry cyanotoxin concentration data. Shirley French also collaborated with me with fieldwork and 

provided expertise in microscopy algal identification. Dr. Daniel Lefebvre and Dr. Yuxiang Wang guided 

me with project design, data interpretation, and editing. 



iv 
 

ACKNOWLEDGEMENTS 

I wish to extend my gratitude to my supervisors, Dr. Daniel Lefebvre and Dr. Yuxiang Wang, for 

providing me with the opportunity to take on this project, the trust to give me room to make mistakes and 

grow, and the guidance to keep me on track. I have been able to grow as both a researcher and a person, 

as a student and a teacher throughout this degree. For this, I will be forever thankful to them. 

I also wish to thank my committee members, Dr. Brian Cumming and Dr. Dongmei Chen for 

their help, and our lab’s senior graduate students Stephen Anderson and Sofia Kokkinakis, for their 

guidance and support during the first few semesters. 

My thanks also goes out to my collaborators, lab mates and volunteers. Eden Hataley and Shirley 

French provided a wider perspective and range of data on my project than what I could achieve myself. 

Dr. Stephen Lougheed helped fund and guide the qPCR work. Dr. Diane Orihel and Dr. Xavier Ortiz 

Almirall supervised Eden Hataley and provided funding and guidance for the ecotoxicology work. Dr. 

Stephen Lougheed provided mentorship and co-funded Junjie Jun and my labwork. Christopher Radford 

(supervised by Dr. Dongmei Chen, Department of Geography, Queen’s University) coded the 

cyanobacteria signal enhancement algorithm that I used. My fellow graduate students Michelle Kong, 

Kelly Estrada, and Jordan Balson supported me socially and in the lab. Junjie Jin, whom I could not have 

done this project without, collaborated with me in every aspect of research. I will always appreciate his 

companionship and our teamwork. 

Lastly, I would like to thank my father, Tian Zidong, who passed away in January of 2019, and 

my mother, Zhou Yihong for their love and support. I would also like to thank my closest friends and 

roommates, Hayden Wainwright and Sean Vanderluit, for their encouragement and support. 



v 
 

TABLE OF CONTENTS 
Abstract  ....................................................................................................................................................... ii 

Co-Authorship  ........................................................................................................................................... iii 

Acknowledgements .................................................................................................................................... iv 

List of Tables ............................................................................................................................................. vii 

List of Figures  .......................................................................................................................................... viii 

List of Abbreviations  ................................................................................................................................. x 

Chapter 1. General Introduction ............................................................................................................... 1 

1.1. General overview of CHABs ............................................................................................................. 1 

1.1.1. Algal blooms  .............................................................................................................................. 1 

1.1.2. Causes of algal blooms ............................................................................................................... 2 

1.1.3. Cyanobacterial blooms................................................................................................................ 5 

1.1.4. Toxicity ....................................................................................................................................... 6 

1.1.5. Ecological and human impact  .................................................................................................... 6 

1.1.6. Current strategies in CHAB control  ........................................................................................... 8 

1.1.7. CHAB monitoring methods  ..................................................................................................... 12 

1.1.8. Requirements for monitoring small CHABs ............................................................................. 14 

1.2. Unmanned aerial vehicles  ............................................................................................................... 14 

1.2.1. Remote sensing with UAV ....................................................................................................... 14 

1.1.2. UAV in algal bloom research  .................................................................................................. 16 

1.3. Environmental DNA ........................................................................................................................ 17 

1.3.1. Background on eDNA............................................................................................................... 17 

1.3.2. eDNA and algal blooms  ........................................................................................................... 18 

1.4. Synthesis of emerging tools in CHAB research  .............................................................................. 19 

1.5. Objectives ........................................................................................................................................ 20 

1.5.1. Scientific questions and objectives: Chapter 2  ........................................................................ 20 

1.5.2. Scientific questions and objectives: Chapter 3  ........................................................................ 20 

1.6. Field site description ........................................................................................................................ 20 

1.7. References  ....................................................................................................................................... 23 

Chapter 2. Overwintering water column distribution of Microcystis aeruginosa is dependent on 

lakebed depth ............................................................................................................................................ 41 

2.1. Introduction  ..................................................................................................................................... 40 

2.2. Methods  ........................................................................................................................................... 47 

2.2.1. Study site  .................................................................................................................................. 47 

2.2.2. Water sampling  ........................................................................................................................ 48 



vi 
 

2.2.3. Sample filtration  ...................................................................................................................... 49 

2.2.4. DNA extraction  ........................................................................................................................ 50 

2.2.5. Primer design and standards  .................................................................................................... 50 

2.2.6. Quantitative PCR  ..................................................................................................................... 53 

2.2.7. Statistics  ................................................................................................................................... 53 

2.3. Results  ............................................................................................................................................. 54 

2.4. Discussion  ....................................................................................................................................... 62 

2.5. References  ....................................................................................................................................... 69 

Chapter 3. CHAB modelling with algorithm enhanced UAV surveying requires temporally specific 

predictors  .................................................................................................................................................. 80 

3.1. Introduction  ..................................................................................................................................... 80 

3.2. Methods  ........................................................................................................................................... 83 

3.2.1. Study sites  ................................................................................................................................ 83 

3.2.2. UAV and image sensor description  ......................................................................................... 84 

3.2.3. Data acquisition ........................................................................................................................ 85 

3.2.4. Auxiliary data collection  .......................................................................................................... 87 

3.2.5. Image processing  ..................................................................................................................... 88 

3.2.6. Ground sampling distance  ........................................................................................................ 89 

3.2.7. Algal detection program  .......................................................................................................... 90 

3.2.8. Cyanobacterial bloom and plant coverage quantification  ........................................................ 90 

3.2.9. Statistical analysis  .................................................................................................................... 91 

3.3. Results  ............................................................................................................................................. 92 

3.3.1. Descriptives  ............................................................................................................................. 93 

3.3.2. Regressions  .............................................................................................................................. 95 

3.3.3. Wind direction  ......................................................................................................................... 99 

3.3.4. eDNA and cyanotoxin concentrations  ................................................................................... 102 

3.4. Discussion  ..................................................................................................................................... 104 

3.5. References ...................................................................................................................................... 112 

Chapter 4. General Discussion  .............................................................................................................. 119 

4.1. Summary of studies  ....................................................................................................................... 119 

4.2. Implication of findings  .................................................................................................................. 121 

4.3. Future directions  ........................................................................................................................... 123 

4.4. Conclusion  .................................................................................................................................... 124 

4.5. References  ..................................................................................................................................... 125 



vii 
 

LIST OF TABLES 

Table 2.1.1. Cyanotoxin concentrations and cyanobacteria species present at Gilmour Beach, Dog Lake, 

South Frontenac County, Ontario between 2010 and 2019 ........................................................................ 47 

Table 3.2.1. UAV and camera parameters ................................................................................................. 85 

Table 3.2.2. UAV flight and imaging parameters at Milburn Bay  ............................................................ 87 

Table 3.3.1. Model selection with best subsets selection criteria ............................................................... 95 

Table 3.3.2. Cyanobacterial bloom coverage predictor coefficients  ......................................................... 96 

Table 3.3.3. Cyanobacterial bloom coverage predictors model summary statistics ................................... 97 



viii 
 

LIST OF FIGURES 

Figure 1.6.1. Map of field site at Dog Lake, South Frontenac, Ontario, Canada ....................................... 22 

Figure 2.2.1. Site map of Gilmour Point, Dog Lake, South Frontenac County, Ontario  .......................... 48 

Figure 2.3.1. Concentration of log2 transformed M. aeruginosa 16S rRNA gene copies in the lake bottom, 

lake surface, and ice from February 7th to March 12th, 2019 ...................................................................... 55 

Figure 2.3.2. Concentration of log2 transformed M. aeruginosa mcyE gene copies in the lake bottom, lake 

surface, and ice from February 7th to March 12th, 2019  ............................................................................. 56 

Figure 2.3.3. Concentration of M. aeruginosa 16S rRNA gene in number of gene copies per litre of 

sampled water plotted against depth in metres in the lake bottom ............................................................. 57 

Figure 2.3.4. Concentration of M. aeruginosa mcyE gene in number of gene copies per litre of sampled 

water plotted against depth in metres in the lake bottom  ........................................................................... 58 

Figure 2.3.5. Concentration of M. aeruginosa 16S rRNA gene in number of gene copies per litre of 

sampled water plotted against depth in metres in the lake surface  ............................................................ 58 

Figure 2.3.6. Concentration of M. aeruginosa mcyE gene in number of gene copies per litre of sampled 

water plotted against depth in metres in the lake surface  ........................................................................... 59 

Figure 2.3.7. Ratio of the log2 of M. aeruginosa 16S rRNA concentration in the lake surface and bottom 

plotted against depth in metres ................................................................................................................... 60 

Figure 2.3.8. Ratio of the log2 of M. aeruginosa mcyE concentration in the lake surface and bottom 

plotted against depth in metres ................................................................................................................... 60 

Figure 2.3.9. Ratio of the log2 of M. aeruginosa mcyE and 16S rRNA concentration plotted against depth 

in metres in the lake bottom  ....................................................................................................................... 61 

Figure 2.3.10. Ratio of the log2 of M. aeruginosa mcyE and 16S rRNA concentration plotted against 

depth in metres in the lake surface  ............................................................................................................. 62 

Figure 3.2.1. Sampling sites for our 2019 May to October field season at Milburn Bay, Dog Lake, South 

Frontenac County, Ontario  ......................................................................................................................... 84 

Figure 3.3.1. Coverage of cyanobacterial harmful algal blooms in m2 in the site 1, 2, and 3 quadrats (100 

m by 100 m) at Milburn Bay, Dog Lake, from June 6th to October 20th, 2019 ........................................... 94 

Figure 3.3.2. Coverage of emergent macrophytes in m2 in the site 1, 2, and 3 quadrats (100 m by 100 m) 

at Milburn Bay, Dog Lake, from June 6th to October 20th, 2019. ............................................................... 94 



ix 
 

Figure 3.3.3. Average solar radiation of the hour prior to sampling in watts per square metre at Milburn 

Bay, Dog Lake, from June 6th to October 20th, 2019 .................................................................................. 97 

Figure 3.3.4. Average air temperature of day prior to sampling in oC at Milburn Bay, Dog Lake, from 

June 6th to October 20th, 2019 ..................................................................................................................... 98 

Figure 3.3.5. Water temperature at sampling in oC at Milburn Bay, Dog Lake, from June 6th to October 

20th, 2019..................................................................................................................................................... 98 

Figure 3.3.6. Cumulative precipitation of 3-days prior to sampling in mm at Milburn Bay, Dog Lake, 

from June 6th to October 20th, 2019 ............................................................................................................. 99 

Figure 3.3.7. Mean area of cyanobacterial bloom particles in m2 with offshore and inland wind ........... 100 

Figure 3.3.8. Mean coverage area of cyanobacterial bloom in m2 with offshore and inland wind .......... 100 

Figure 3.3.9. Mean area of emergent macrophyte particles in m2 with offshore and inland wind........... 101 

Figure 3.3.10. Mean coverage area of emergent macrophytes in m2 with offshore and inland wind  ..... 101 

Figure 3.3.11. Mean cyanobacterial particle size in m2 plotted against hourly average wind speed (km/h) 

at the Milburn Bay, Dog Lake field site .................................................................................................... 102 

Figure 3.3.12. Cumulative concentration of 11 microcystin congeners in μg/L plotted against log2 

transformed concentration of the M. aeruginosa 16S rRNA gene in copies/L at the Milburn Bay, Dog 

Lake field site  ........................................................................................................................................... 103 

Figure 3.3.13. Cumulative concentration of 11 microcystin congeners in μg/L plotted against log2 

transformed concentration of the M. aeruginosa 16S rRNA gene in copies/L at the Milburn Bay, Dog 

Lake field site  ........................................................................................................................................... 104 



x 
 

LIST OF ABBREVIATIONS 

AIC – Akaike Information Criterion 

CHAB – Cyanobacterial Harmful Algal Bloom 

CTAB - Cetrimonium Bromide 

CO2 – Carbon Dioxide 

ddH2O – Double Distilled Hydrogen Dioxide (Water) 

DEM – Digital Elevation Model  

eDNA – Environmental DNA 

ELISA – Enzyme-Linked Immunosorbent Assay 

FOV – Field of View 

GCP – Ground Control Points 

GPS – Global positioning system 

HAB – Harmful Algal Bloom 

LC-MS – Liquid Chromatography-Mass Spectrometry 

LIDAR – Light Detection and Ranging 

PCR – Polymerase Chain Reaction 

PTCE – Polycarbonate Tract Etched 

qPCR – Quantitative PCR 

RGB – Red Green Blue 

RTK – Real Time Kinematic 

UAV – Unmanned Aerial Vehicle 

 



1 
 

Chapter 1: General Introduction 

1.1. General overview of Cyanobacterial Harmful Algal Blooms (CHABs) 

1.1.1. Algal blooms 

Algal blooms are rapid and dense accumulations of microphytes that grow to excess in aquatic 

ecosystems. First described as “hairy efflorescence” by merchant-naturalist Christopher Kirkby in 

Tuchomskie Lake, northern Poland in 1672 (Kirkby 1672), algal blooms typically appear as green, blue-

green, or brown scum on the surface of the water. They can be composed of a variety of species, such as 

dinoflagellates in marine “red tides”, including Karenia (Brand et al. 2012) and Trichodesmium (Walsh et 

al. 2006), true macroalgae, such as Pyrmnesium (James and De La Cruz 1989) and Sargassum (Xing et al. 

2017), and cyanobacteria, such as Microcystis (Chen et al. 2020), Anabaena (Sotero-Santos et al. 2008), 

Aphanizomenon (Kokociski et al. 2013), and Oscillatoria (Ahmed et al. 2010). Blooms composed of 

green algae typically form mats and can appear fibrous. Blooms composed of cyanobacteria are more 

loosely congregated, and may appear as clumps or streaks, and are similar in appearance to spilled paint 

or pea soup.  

Algal blooms are defined as harmful when their growth reaches levels that negatively impact 

other organisms (Landsberg 2002). This excess proliferation can damage aquatic ecosystems through 

indirect effects such as increasing water turbidity and preventing light from reaching macrophytes in the 

water column, and direct effects such as through producing toxins and reducing water oxygen levels at 

certain times of the year. As harmful algal blooms (HABs) can be composed of different types of 

microphytes, there is no consensus in the literature or in regulatory policy for the threshold level of 

blooms. Tett (1987) defined HABs as having chlorophyll-a concentration above 100 mg/m3 in a water 

body, while remote sensing studies define HABs as when aquatic chlorophyll-a concentrations reach 

above approximately 10 mg/m3 (Binding et al. 2018, 2021).  
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Harmful algal blooms have been recognized in the literature for over a century (Francis 1878) and 

are increasing in severity and impact on aquatic ecosystems on a worldwide basis (Paerl and Paul 2012). 

Several major lakes of economic and ecological significance across the world have experienced major 

degradation due to HABs in the past two decades, including Lake Erie in Canada and the USA, Taihu in 

China, and Lake Victoria in Uganda, Kenya, and Tanzania (Deng et al. 2014, Michalak et al. 2012, Sitoki 

et al. 2012, Berner et al. 2018). This is largely due to anthropogenic climate change (Paerl and Huisman 

2008, 2009) and increasing levels of aquatic nutrient loading (Hudnell et al. 2008, Paul 2008, Chislock 

2013). 

1.1.2. Causes of algal blooms 

Human activity has drastically altered the nitrogen, phosphorus and carbon cycles through 

nutrient loading, carbon dioxide emissions and rising global temperatures. This has increased the impact 

and severity of eutrophication, and subsequently algal blooms on a global basis and is a major cause of 

deterioration of many freshwater and marine ecosystems. Natural eutrophication takes place over 

geological time as processes such as shoreline erosion and sedimentation shift a waterbody a more 

nutrient-rich state. As this occurs, the waterbody becomes enriched with nutrients and experiences 

physical, chemical, and biological changes. Human activities can greatly accelerate this process through 

direct input of nutrients into aquatic ecosystems, or through indirectly altering nutrient fluxes through 

modifying waterbody hydrology and physiochemistry (Orihel et al. 2017). This can rapidly reduce a 

formerly pristine lake’s biodiversity, ecological resilience, and ecosystem function. Increasing nutrient 

loads in lacustrine systems can decrease water clarity and resulting Secchi depth through higher 

phytoplankton activity, increase macrophyte growth (particularly of invasive epiphytes such as Eurasian 

milfoil and frog bits), and cause periodic fish kills due to widespread water-column hypoxia due to 

decomposition (O’Hare et al. 2018, La and Cooke 2011). Present-day levels of bioavailable phosphorus in 

aquatic and terrestrial systems are likely 75% higher than in preindustrial times (Bennett et al. 2001). 



3 
 

Indeed, Ritter et al. (2002) estimates that four-fifths of global aquatic phosphorus is currently 

anthropogenic. 

Climate change is one of the most influential drivers of contemporary changes in freshwater 

hydrology, lake biodiversity, and the overall health of lacustrine ecosystems. While anthropogenic 

nutrient loading from sources such as agricultural runoff, wastewater, and livestock defecation plays a 

major role in eutrophication, climate change also impacts lacustrine systems. Rising temperatures and 

earlier arrivals of springtime affect factors such as water temperature, duration of perennial ice cover, 

upwelling events, the timing and duration of overturning in holomictic lakes, and atmospheric deposition 

of nitrogen. Additionally, climate change affects hydrological cycles on a large scale, altering the timing 

and magnitude of rain events, surface inflow/outflow, and aquifer inflow and outflow (Dokulil and 

Teubner, 2011). These changes can alter sediment phosphorus flux (Orihel et al. 2017, Yalin et al. 2018) 

and internal nitrogen redox flux and cycling (Yalin et al. 2018), which are of particular importance to 

phytoplankton (Présing et al. 2009). Climate change can also impact lake hydrodynamics (Crossman et al. 

2013) and turnover and stratification (Vincent 2009, Edlund et al. 2017). Phosphorus and nitrogen 

sediment fluxes in the benthos-sediment interface also shift through mechanisms such as macrophyte 

senescence (particularly of high biomass species), wind and storm resuspension, temporary anoxia and 

stratification caused by calm water induced through drought periods, and alterations in pH and 

conductivity shifting the phosphorus sediment flux towards release rather than sequestration (Welch and 

Cooke 2005). The resulting heightened nutrient load, along with other factors such as higher mean daily 

irradiance from reduced perennial ice cover, higher pH, and relatively larger euphotic zones caused by 

drought are all major factors in predicting the proliferation of algal blooms (Descy et al. 2016). Shallow 

lakes that are polymictic or unstratified are especially at risk due to higher influx of nutrient-rich 

sediment. Higher temperatures in winter and early spring drive melting of perennial ice cover earlier in 

the year, lengthening the productive season. In shallow lakes with naturally large euphotic zones, this 

increases primary productivity even further. Heavier rain events earlier in the year and higher inflows and 
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outflows, as well as more extreme wind patterns can drive lake mixing and intensify the internal nutrient 

load (Smolders et al. 2006, Welch and Cooke 2005, Wu et al. 2017). Due to the delicate state of these 

lakes, algal blooms and other eutrophication related damages can occur even with minor or no direct 

anthropogenic inputs. 

Most alarmingly, climate change can drive eutrophication and deteriorate remote lakes even 

without anthropogenic nutrient loading or direct human activity. This is an especially pressing issue in 

Northern Canada, which has seen an average temperature increase of 2.3oC from 1948 to 2016, three 

times the global average and significantly higher than the national average of 1.7oC. In particular, 

northern winter temperatures have increased by 4.3oC while spring temperatures have risen 2oC (Bush and 

Lemmen 2019). Higher temperatures are reflected through both the abiotic impacts noted above and 

biotic responses in lake phytoplankton assemblages. Rühland and Smol (2005) found shifts in diatom 

communities towards more planktonic species and rising levels of organic carbon in remote tundra lakes 

in the Northwest Territories, Canada. They concluded that these changes are best explained by shortening 

ice cover duration and longer growing seasons caused by climate change. Edlund et al. (2017) found 

similar changes in the phytoplankton, along with rising epilimnion temperature, thermocline duration, and 

rate of organic carbon accumulation in remote lakes in northern Minnesota and Michigan, USA, 

indicating that these climate change driven changes are not limited to the sub-Arctic.  

Indeed, damage from eutrophication has been reported at latitudes north of major population 

centers and even on the permafrost line, in lakes previously thought to be pristine (Winter et al. 2011). 

Spring phosphate levels exceeded the Provincial Water Quality Objective of 20 μg/L between 2003 and 

2005 in Cloud Lake, near Thunder Bay, Ontario, Canada. Residents also reported general increases in 

phytoplankton, an overall decline in fish populations, and blue-green algae, all signs of lake deterioration 

from eutrophication (Wilson 2017). Jackfish Lake, a small shallow lake north of Yellowknife, Northwest 

Territories, has experienced annual brown algal blooms of Aureococcus anophagefferens since 2014 (Y. 

S. Wang, personal communication 2019). Most alarmingly, minor blooms of Microcystis aeruginosa, a 
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toxigenic cyanobacterial species typically thought to favor warm water, were spotted in Yellowknife Bay 

of Great Slave Lake in the past five years (Y. S. Wang, personal communication 2019). 

1.1.3. Cyanobacterial blooms 

Cyanobacteria are some of the most common and consequential species in freshwater harmful 

algal blooms. Colloquially known as blue-green algae, cyanobacteria are ubiquitous prokaryotes that are 

among the oldest photosynthetic taxa, having existed for approximately 3.5 billion years (Schopf 2000). 

They are thought to have caused the Great Oxygenation Event of the Paleoproterozoic era, beginning 2 to 

2.4 billion years ago (Lyons et al. 2014), which oxygenated the atmosphere and oceans and enabled the 

evolution of complex aerobic organisms and eukaryotic, multicellular life. Currently, there are 2698 

described species of cyanobacteria, and modelling estimates the number of extant species to be 

approximately 6000 (Nabout et al. 2013). Overall cyanobacteria wet biomass on Earth has been estimated 

to be on the order of gigatons, dominated by marine genera Prochlorococcus and Synechococcus (Garcia-

Pichel 2003). This is similar in scope to all animal species combined (Yinon 2018). 

Common bloom forming and toxin producing freshwater cyanobacterial taxa include Microcystis, 

Dolichospermum (formerly Anabaena), Aphanizomenon, Oscillatoria, Planktothrix, Cylindrospermopsis, 

and Nostoc (World Health Organization 2003). Certain species, such as Dolichospermum, can fix 

atmospheric nitrogen when nitrogenous nutrients are limited, with interdependent vegetative CO2 fixing 

cells and nitrogen fixing heterocyst cells (Herrero et al. 2016, Kumar et al. 2010). Similar to other 

bacteria, cyanobacteria have been observed to have spherical (cocci), rod-shaped (bacillus), or spiral-

shaped (spirochete) cells (Singh and Montgomery 2012). Bloom forming species often form colonies in 

response to certain environmental conditions, which can be filamentous or globular, and may be attached 

through mucilage. Some cyanobacterial species, such as M. aeruginosa, can control their buoyancy and 

move up and down the water column with gas vesicles (Chu et al. 2007). 
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Microcystis is one of the most common cyanobacteria genera. First described by Kützing in 1843, 

the group is cosmopolitan and often a major component of CHABs. Microcystis is present year-round in 

freshwater and brackish waterbodies, in both a planktonic, coccoidal, unicellular form measuring 2-8 μm 

in diameter, and in colonies held together by a polysaccharide mucilaginous matrix that measure up to a 

few millimetres in diameter (Chen et al. 2019). The planktonic form is typically present in the water 

column during late winter, spring and early summer, while the colonial form typically occurs in late 

summer and autumn. Microcystis in CHABs are usually colonial, taking the appearance of loosely 

aggregated yellow, green, or blue-green particles. The colonial form is hypothesized to provide greater 

buoyancy control (Reynolds et al. 1981), defense against planktonic herbivory (Rohrlack et al. 1999), and 

survival when ingested by larger herbivores such as invertebrates and fish (Carbis et al. 1997). 

1.1.4. Toxicity 

Many cyanobacteria taxa have the potential to produce a wide range of toxic secondary 

metabolites that are harmful to multiple levels of food webs. These cyanotoxins include hepatotoxins such 

as various microcystin and nodularin congeners, neurotoxins such as anatoxin-a and saxitoxin, cytotoxins 

such as cylindrospermopsin, and endotoxic lipopolysaccharides. Cyanotoxins vary in toxicity, organisms 

affected, and degradation time. Anatoxin-a is highly toxic but undergoes rapid UV photolysis into 

nitrogenous end products in minutes to hours (Osswald et al. 2007). Microcystin-LR is typically stable in 

water, resisting a wide range of pH and temperature conditions, and can take several weeks to degrade 

through photolysis and biodegradation (Harada et al. 1996). These toxins can be hazardous both to 

wildlife and to humans. 

1.1.5. Ecological and human impact 

The rising proliferation and severity of CHABs is increasingly impairing freshwater ecosystems 

on a worldwide basis. Over 65% of estuaries and coastal ecosystems in the contiguous US examined by 

researchers are degraded by excessive nutrient input (NOAA 2017). In inland waterbodies, 30.1% are 
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classified as eutrophic and 20% are classified as hypereutrophic using chlorophyll-a levels as a trophic 

state indicator (USEPA 2009).  

CHABs can negatively impact aquatic ecosystems both directly and indirectly. Indirectly, 

harmful algal blooms (HABs) can increase water turbidity, alter nutrient cycling and food webs, increase 

pH and increase surface water temperature. The higher turbidity of an aquatic ecosystem experiencing a 

HAB can block sunlight in the water column (Havens 2008), reducing the depth of the photic zone and 

potentially killing macrophytes deeper in the water. This can harm both macrophytes and other organisms 

that use them as habitat or food sources (Scheffer and Jeppesen 2007). HABs compete with other aquatic 

plants, particularly phytoplankton, through competition for nutrients (Roelke et al. 1997). As HAB 

species are also often low-quality food for zooplankton and fish fry (Filstrup et al. 2014), the presence of 

HABs can limit community turnover and disrupt species across the food web. HABs can also disrupt 

aquatic ecosystems through raising pH through excessive photosynthetic activity and water temperature 

by lowering the reflectiveness of the water surface (Wildman et al. 1974). As HAB species are often 

favored by higher temperatures and alkalinity, this can cause a positive feedback loop in smaller 

waterbodies that further exasperate the impact of eutrophication and promote the development of more 

and larger HABs (Paerl 2008). 

CHAB species can alter the pH cycles of their aquatic ecosystems. As CHAB species 

photosynthesize and build biomass, they uptake dissolved carbon dioxide from the water, which reduces 

the amount of carbonic acid. Therefore, pH increases during the day and decreases at night, when no 

photosynthesis occurs while cellular respiration continues to produce carbon dioxide. During a CHAB 

event, localized cyanobacterial biomass increases, and more carbon dioxide is taken up during the day 

than released at night, which raises the pH of the system. Additionally, the high biomass of the CHAB 

cycles a large amount of carbon dioxide, increasing the extremes of the pH cycle (Ludwig et al. 2007). 

This can be detrimental to other organisms, particularly in juvenile life stages of fish and amphibians 

(Mischke and Wise 2008). The changes in pH may also alter internal phosphorus and nitrogen fluxes 
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(Orihel et al. 2017), further increasing the nutrient load of the system, which can further promote CHABs 

as well as fast growing invasive plants such as Eurasian Milfoil. 

CHABs can also disrupt aquatic ecosystems through direct and acute mechanisms, particularly 

during bloom collapse and death during autumn. When cyanobacterial mortality increases in autumn, the 

accumulation of organic matter and subsequent saprotrophic processes in the water column, particularly 

the hypolimnion and benthos consume dissolved oxygen. As HABs exclude other photosynthetic 

organisms, this creates hypoxic ‘dead zones’ that suffocate aerobic organisms such as fish. These ‘dead 

zones’ can become seasonal and reach large sizes, excluding aquatic organisms from potential habitat 

(Wilhelm et al. 2006). Additionally, many HAB species have the potential to produce toxic secondary 

metabolites. These cyanotoxins are some of the most potent in nature. They include hepatotoxins, which 

damage the liver, cytotoxins, which cause cell necrosis and death, and neurotoxins, which damage 

nervous systems.  

CHABs also negatively impact humans. The cost of damages from eutrophication in the US is 

approximately $2.2 billion annually (Dodds et al. 2009). Damages include loss of biodiversity and 

ecosystem services, drinking water treatment costs, decreases in property value, and reductions in 

recreational value. A particularly severe bloom in 1998 in Lake Tai, China, caused ¥46.5 billion RMB in 

damages (Le et al. 2010). Despite over ¥100 billion RMB invested in curbing blooms from 2007 to 2014, 

yet another large bloom occurred in Lake Tai in 2013, significantly straining drinking water supplies for 

the 33.5 million people living around the lake (Qu et al. 2014). 

1.1.6. Current strategies in CHAB control 

Strategies for mitigating damages from CHABs fall into three categories: preventative measures, 

post-bloom control, and forecasting. Preventative measures aim to reduce CHAB growth and have largely 

been focused on nutrient budgeting. Post-bloom control measures aim to reduce the biomass and impact 
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of existing CHABs, and include physical, chemical and biological means. Forecasting attempts to forecast 

the scope and intensity of CHABs to limit their impact on public health and drinking water supplies. 

Limiting eutrophication through reducing human input of nitrogen and phosphorus in aquatic 

ecosystems to a balanced nutrient budget is one of the most common means of CHAB control. Nutrient 

loading, particularly phosphorus, have long been thought to promote CHAB development (Schindler 

1977 and Mallin et al. 1993). However, nutrient budgeting has not been universally effective, and faces 

increasing difficulties, particularly in developing countries. Reducing nutrient loading can take extensive 

shifts in agricultural practices, infrastructure, and consumer habits, which can require several decades to 

achieve. Additionally, other factors may promote the growth of phytoplankton, such as rising air and 

water temperatures, reduced ice cover, changes in hydrology, and rising CO2 levels. Indeed, CHABs in 

recent decades have occurred in remote lakes with minimal human activity, such as Cloud Lake in the 

Thunder Bay area of Ontario and even Yellowknife Bay of Great Slave Lake. As climate change alters 

lake hydrology, ice cover time, and internal fluxes of phosphorus and nitrogen, CHABs may deteriorate 

water bodies with well controlled human nutrient loads. 

Post bloom control measures aim to minimize the impact of CHABs. They include physical, 

chemical and biological methods, and generally target existing CHABs to reduce their human and 

environmental impact. They are typically effective on smaller scales, particularly in waterbodies that are 

key sources of drinking water or of ecological significance. 

Physical control measures typically involve mechanical CHAB control or removal. These include 

surface skimming, sediment/hypolimnetic dredging and UV-C/ultrasonic lysis. Although they are 

typically effective in reducing cell count and sometimes directly removes nutrient loads from the 

ecosystem, they are typically expensive per volume of water treated, labour intensive and can be 

ecologically damaging, and cannot be scaled to treat larger water bodies. Surface skimming involves 

physically removing cyanobacteria from the water with floating nets, sifters and skimmers. It is often 

used in conjunction with physical barriers such as fencing and plastic sheets that reduce sunlight 
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penetration and photosynthetic activity. It can be effective in denser blooms, where the cyanobacteria 

behave like a flocculant, such as in recent years on Taihu, China (Guo 2007). In hypolimnetic and 

sediment dredging/withdrawal, water and sediment are removed from the lower water column with 

mechanical pumps. This removes nutrient load and potential CHAB inoculum and has been selectively 

carried out in the past half century (Schneider et al. 2004). Blooms can also be disrupted using sonication 

or UV-C irradiation to induce cell lysis (Anderson et al. 2017). Although this method kills cells, it does 

not eliminate potentially toxic secondary metabolites or the intracellular nutrient load. It is also disruptive 

to the non-bloom phytoplankton population. Hypolimnetic withdrawal, sonication, and UV-C irradiation 

all require expensive apparatus and is only cost effective for treating low volumes, such as for direct 

drinking water sources (Cong et al. 2011).  

Chemical control measures include the use of various algaecidal chemicals to prevent the growth 

of CHABs or kill them after they appear. Chemical controls were first used in 1957, when copper 

sulphate was dispersed from airplanes to combat a Karenia brevis red tide marine bloom in the USA 

(Rounsefell and Evan 1958). Chemical controls are now commonly used in closed freshwater systems 

such as lakes (Chen et al. 2011). Common algaecides include hydrogen peroxide at a concentration of 

approximately 3 mg/L (Bolch and Hallegraeff 1993, Bauza et al. 2014), NaOCl at 0.5-1.5 mg/L with 

KMnO4 at 1-3 mg/L (Lam et al. 1995), and hydroxyl radicals (Xiyao et al. 2003). Ideal algaecides require 

low concentrations to be effective, are selective and do not further degrade the ecosystem, and do not 

create secondary pollutants. However, algaecides also typically result in cell lysis, which generally 

releases their intracellular toxic secondary metabolites and nutrient load. Furthermore, algaecides are 

typically only effective in closed systems with low flow and are ineffective on larger blooms and 

waterbodies such as Lake Erie. Some algaecides also lack selectivity and may be detrimental to other 

organisms in the food web (Cooke and Kennedy 2001).  

Biological control measures use other organisms to reduce the proliferation of an undesirable 

organism and has long precedent in agriculture. Often considered to be environmentally friendly, 
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biological control use herbivory with organisms that directly consume CHAB species, pathogenic or 

parasitic interactions with bacteria, eukaryotes or fungi, pathogenic interactions with viruses, and direct 

competition with other aquatic plants. CHAB species often have herbivory defense mechanisms such as 

the production of potent cyanotoxins and a colonial life stage with a glycoprotein matrix that inhibits 

ingestion and increases survival. Therefore, biological control agents must be carefully selected to be 

resistant to toxins, capable of ingesting millimetre scale colonies, and selective to avoid damaging the 

remaining native phytoplankton assemblage. Unicellular candidates include heterotrophic dinoflagellates 

(Jeong et al. 2003, Jeong et al. 2005), heterotrophic protistan grazers (Jeong et al. 2008) and tintinnid 

ciliates (Kamiyama et al. 2005). Zooplanktonic herbivores such as rotifers and copepods (Lacerot et al. 

2013) may also be viable biological control agents for CHABs. Lastly, gastropods have recently been 

demonstrated to reduce cyanobacterial biomass, particularly with the addition of silt (Qu 2017, 

Kokkinakis 2018). However, the potential of these control agents has yet to be demonstrated in situ on 

eutrophic, freshwater systems (Ventelä et al. 2002, Gosselain et al. 1998). Additionally, the difficulty of 

procuring and storing large numbers of these herbivores impede their application in natural systems. 

Forecasting and predictive modelling strategies complement approaches that attempt to reduce 

the size of CHABs through providing advanced warnings to communities that use water resources 

affected by CHABs. CHAB forecasting currently typically occurs through a combination of 

measurements of nutrient loads, in combination with previous-year bloom data to generate models of total 

bloom biomass (Manning et al. 2019). Satellite imaging and monitoring programs are then used for 

monitoring and validation of models (Zhang et al. 2017, Cuellar-Martinez et al. 2018). Prior to and during 

CHAB events, governments take measures to protect key drinking water sources, close affected 

recreational areas such as beaches, and warn the public to avoid CHABs through signage, news outlets, 

and social media.  

Current strategies for mitigating damages from CHABs are insufficient due to their rising 

frequency and severity, particularly as more remote lakes with lower human activity experience CHABs 
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due to climate change. These more remote lakes typically have much less funding and infrastructure 

available for mitigation, and traditional physical and chemical methods of CHAB control may be 

unfeasible due to their cost. 

Effective, low-cost solutions that can be applied to both large, heavily populated lakes and 

remote, less populated lakes require a proactive, more directly targeted approach that remediates CHABs 

in their earliest stages. Through identifying the microgeographic and climatic factors that promote 

cyanobacterial recruitment and early development, we can apply techniques such as wastewater 

management, artificial wetland construction, nutrient budgeting, and bioremediation on a highly localized 

scale with strategic timing. This requires novel techniques to localize cyanobacterial recruitment in the 

early spring and to characterize the timing and distribution of early CHABs in the summer. 

1.1.7. CHAB monitoring methods 

Current conventional CHAB monitoring methods include ground surveys, on-site automatic 

monitoring networks, manned aircraft remote sensing, and satellite remote sensing (Gómez et al. 2011, 

Matthews et al. 2012, Duan et al. 2012). CHAB monitoring approaches differ in spatial scope and 

resolution, temporal frequency, cost, time-to-deployment, and data acquisition and analysis. Effective 

monitoring must consider the ecological and hydrological characteristics of the water body, as CHABs 

can appear and grow rapidly, migrate long distances, follow diurnal cycles, and have a wide range of 

spatial scopes.  

Ground surveys typically use microscopy to identify cyanobacterial species and immunoassays or 

mass spectrometry to identify and quantify cyanotoxins. They generally provide the most information and 

are often used by government agencies for assessing the safety of recreational areas and drinking water 

sources. However, they are limited in spatial resolution and temporal frequency. Time between sampling 

and data reporting can also be in the span of days, during which the CHAB may have moved, grown, 
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submerged, or dissipated (Lee et al. 2005). Sampling is also limited to accessible areas by land or boat 

and may require high technical expertise and significant expense. 

Automatic monitoring networks consist of sensors that track parameters such as chlorophyll-a 

concentration. Although they can provide information in real time, they are immobile. As CHABs can 

rapidly migrate or change in size due to the hydrology of the water body and wind, sensor placement must 

be carefully considered (Strobl and Robillard 2008). Additionally, satellite linked sensors are typically 

expensive, and the cost of a large sensor network for monitoring a major water body may be prohibitive. 

Aircraft remote sensing involves manned low-altitude planes or helicopters that fly below cloud 

cover, equipped with a sensor payload with spectral imaging, high resolution RGB imaging, and/or 

LIDAR capabilities. Although capable of producing high resolution imaging at relatively high temporal 

frequency covering several square kilometers, remote sensing with aircraft is typically very expensive, 

particularly when conducting regular flights. Additionally, aircraft require flight planning and 

permissions, and cannot be deployed ad hoc (Kallio et al. 2003) 

Remote sensing with satellites can cover large areas, but are limited by cloud cover, high cost, 

and trade-offs between temporal and spatial resolution. High resolution satellites such as GeoEye can 

generate imaging with a spatial resolution of 0.41 m to 1.65 m per pixel, but only cover narrow swaths 

and therefore cover specific areas infrequently (Visitacion et al. 2019). Lower resolution satellites such as 

MODIS typically have higher temporal and spatial frequency but have spatial resolutions above 30 m per 

pixel (Huang et al. 2014). As CHAB features can be in centimetres in scale, this is too low for monitoring 

smaller, nascent CHABs or CHABs in smaller lakes. Additionally, satellite imaging cannot be conducted 

ad hoc, and do not have the temporal specificity to monitor CHABs at specific times of the day. 

Therefore, satellite remote sensing has mainly been used for larger lakes such as Taihu and Lake Erie. 

Although efforts in CHAB remote sensing have proven to be effective on larger lakes with high 

economic value such as Lake Erie (Wynne et al. 2013) and Taihu (Qin et al. 2015), they lack the 
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capabilities to track smaller, nascent blooms, which are transient, and spatially and temporally 

heterogeneous, as well as blooms on smaller lakes with lower economic value. Consequently, our 

understanding of the early development and onset predictors of CHABs has been limited (Ho and 

Michalak 2015), particularly in smaller lake systems. Understanding nascent CHAB development is key 

to targeted, low-cost management that prevents ecological and economic damages from CHABs 

proactively rather than reactively combating large scale, mature blooms (Qu et al. 2014). To develop 

predictive, mechanistic models that successfully predict the early onset of CHABs, a new approach in 

remote monitoring that can sufficiently characterize them is needed. 

1.1.8. Requirements for monitoring small CHABs 

Monitoring small scale CHABs requires careful consideration of their temporal and spatial 

heterogeneity and rapid development, waterbody hydrology, weather, and their early spring recruitment. 

Small CHABs in an area can occur, move and dissipate in time periods as short as a few hours. Therefore, 

monitoring must be conductible ad hoc, with little infrastructure, and on demand. As CHAB structures 

can be in the centimetre scale (Anderson 2018), spatial resolution must be similarly high. Effective 

remote sensing should also be low cost to facilitate high frequency monitoring and to monitoring multiple 

potential bloom areas or smaller lakes. Additionally, CHAB forming cyanobacteria are often vertically 

mobile in the water column, and have complex and dynamic vertical distributions, with buoyancy 

regulation on both a seasonal and diurnal scale (Soontiens et al. 2019, Thomas and Walsby 1985). Efforts 

in early monitoring and characterization must be deployable at specific periods of the day and potentially 

at different points in the water column. 

1.2. Unmanned aerial vehicles 

1.2.1. Remote sensing with UAV 

Recent technological developments in unmanned aerial vehicles (UAV) have opened new 

possibilities in remote sensing. UAV bridge the gap between ground-based remote sensing methods such 
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as magnetometry and boat-based LIDAR, which provide under-surface or very high-resolution data with 

low spatiotemporal scope, and spaceborne and airborne remote sensing methods, which typically provide 

lower resolution data with much higher spatial scope. The application of UAV imaging and remote 

monitoring has developed extensively in the past decade, with the advent of retail-oriented, off-the-shelf, 

research friendly UAVs from companies such as SZ DJI Technology Co., Ltd (Shenzhen, China), Parrot 

SZ (Paris, France), Yuneec International (Jiangsu, China), and Autel Robotics (Bothell, Washington, 

USA). These UAVs typically have a range of under 15 km, flight endurance of between 25 minutes to one 

hour and a payload of under 5 kg. They can be broadly categorized into consumer grade photography 

UAV, enterprise grade UAV, high payload multi-copter UAV, and fixed-winged UAV. Consumer grade 

UAV typically cost $250-2000 USD and are typically used for hobbyist photography and lower end 

commercial applications such as real estate and constructure surveying. Enterprise grade UAV typically 

cost $3000-10000 USD, often have spectral or thermal sensors or RTK functions (which give them <1 cm 

surveying accuracy) and are used for surveying and first-response work. High payload multi-copter UAV 

typically cost $3000-20000 USD, feature modular, heavier sensor payloads, and are used for 

hyperspectral/high-resolution surveying and professional cinematography. Finally, fixed-winged UAV 

typically cost over $20000 USD, have long ranges of dozens of kilometers, flight endurances of over 1 

hour, and are typically used for spectral surveying that require coverage of several hundred hectares.  

The rapid development of high quality, low-cost UAV with powerful computing ability and 

sensor payloads has facilitated their use in multiple fields (Berni et al. 2009, Anderson and Gaston, 2013). 

The cost of a UAV system capable of surveying a 20-hectare area is as low as $500 USD, which includes 

the cost of a second-hand UAV, registration and licensing, insurance, and photogrammetry software. 

UAV can produce imaging at sub-centimetre resolutions, which allows researchers to gather more precise 

data than with satellite imaging or manned aircraft. Individual plants can be identified, measured, and 

assessed with spectral sensors for photosynthetic activity (Getzin et al. 2012). UAV have been used for 

monitoring forests through photogrammetric measurement of tree heights, with sufficient accuracy for 
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measuring within-season tree growth (Krause et al. 2019). UAV can also be deployed on demand for 

studies with high temporal sensitivity and with little supporting infrastructure, such as monitoring the 

rapid ecological developments that occur during a wildfire (Afghah et al. 2019, Merino et al. 2012), 

monitoring rare organisms such as roe deer (Israel 2011) and beaked whales (Koski et al. 2009). The low 

deployment cost of UAV allows researchers to conduct ecological monitoring with high temporal 

frequency, detecting variation in higher detail, such as the status of black-headed gull colonies (Sardà-

Palomera et al. 2012). 

Remote sensing with UAV has several benefits over traditional methods in monitoring CHABs. 

Unlike satellite imaging, remote monitoring with UAV is adaptable in terms of spatial and temporal 

resolution. UAV flights can be planned with different altitudes and coverage areas to produce imaging of 

different resolution and covering different amounts of area. Unlike satellites, which orbit the planet in 

fixed bands and take images of the same swaths, UAV can be deployed to different locations to monitor 

CHABs as they appear. UAV remote monitoring can also be flexible with regards to the type of data 

collected, due to the potential modularity of sensor payloads. Unlike satellites, which have fixed sensor 

payloads, UAV can be equipped with different payloads, such as RGB cameras, multispectral sensors, or 

even whale mucus DNA collectors (Keller and Willke 2019). Additionally, UAV can be deployed with 

minimal infrastructure. Unlike manned aircraft, multi-copter UAV can be launched vertically and do not 

require a runway. This allows UAV to be deployed in remote locations, such as lakes in Northern Ontario. 

The unique capabilities of UAV makes it possible to collect data safely and efficiently in even the most 

logistically challenging circumstances. 

1.2.2. UAV in algal bloom research 

UAV have recently been brought to the forefront of algal bloom detection and monitoring 

research. Their versatility in location and timing, and flexibility in spatial and temporal scope and 

resolution make them ideal for detecting smaller scale blooms. Researchers have used UAV equipped 

with RGB sensors to assess chlorophyll-a and phycocyanin concentrations in small, urban waterbodies as 



17 
 

a proxy for cyanobacterial eutrophication (Aguirre-Gómez et al. 2017). Kim et al. (2016) and Jang et al. 

(2016) examined algal blooms in rivers using fixed winged UAV equipped with RGB and NIR sensors. 

Lyu et al. (2017) created a framework for monitoring CHABs on a series of artificial fishponds. 

Current efforts in monitoring CHABs typically use multispectral or hyperspectral imaging, which 

requires expensive and heavier sensor payloads, which in turn uses larger and more expensive UAV. 

Through applying a cyanobacterial signal enhancement algorithm that uses unsupervised machine 

learning to extract and isolate pixels containing cyanobacteria, we can achieve sufficient and standardized 

detection ability through post-processing images taken with RGB sensors at lower cost (Qu et al. 2019). 

However, imaging with UAV cannot differentiate between different species or strains of cyanobacteria in 

a bloom, which may indicate toxicity and is of public health interest. Additionally, imaging can only 

accurately characterize the surface of a water body. 

1.3. Environmental DNA 

1.3.1. Background on eDNA 

Environmental DNA (eDNA) is an emerging and powerful tool for monitoring aquatic 

biodiversity. It refers to the approach of obtaining DNA from environmental samples rather than directly 

from organisms. As organisms move through and interact with their environment, they leave behind 

traces of their genetic material in the form of excreted cells or tissue in urine (Valiere and Taberlet 2000), 

faeces (Poinar et al. 1998), hair, and skin cells (Lydolph et al. 2015). This DNA is first present in the 

environment in the form of intact cells or mitochondria as intracellular eDNA (Turner et al. 2014), but 

membrane degradation will eventually release it as extracellular DNA (Nielsen et al. 2007). Depending on 

the environment, it then degrades over the course of weeks in the case of waterbodies (Dejean et al. 2011) 

to millennia in dry and freezing conditions (Willerslev et al. 2003). Extracellular eDNA in aquatic 

environments can be free-floating or adsorb onto sediment.  
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Collection methods for eDNA vary depending on the substrate and study design. Aquatic 

environmental DNA is typically sampled through collecting water and filtering it through cellulose 

nitrate, polyethene sulfone, polyvinylidene fluoride, glass microfiber, or polycarbonate filters (Liang and 

Keeley 2013, Eichmiller et al. 2016, Renshaw et al. 2015). Filtration should occur as soon as possible, as 

eDNA readily degrades in the water (Strickler et al. 2015). Samples with high turbidity may be pre-

filtered with fine mesh to remove suspending particles (Turner et al. 2014). Selection of filter composition 

and pore size is dependent on eDNA abundance, the type of target eDNA, and downstream applications. 

Studies examining a single, abundant species or mitochondrial DNA should use larger pore filters that 

mainly capture intracellular DNA with higher filtration rates, while studies examining low abundance 

species or community composition, and require higher yields may benefit from filters with smaller pores 

that capture eDNA through adsorption as well as intracellular eDNA. Sedimentary eDNA is typically 

sampled through mechanically agitating a sediment sample, followed by the addition of buffers that 

promote the release of eDNA adsorbed onto particulates (Fonseca et al. 2010). 

After collection, eDNA can then be analyzed through amplification with PCR, potentially 

followed by DNA sequencing. PCR amplification can be done with a single-species approach, with a 

species-specific primer set, or with a multi-species approach by using generic or degenerate primers. With 

a single species, the amount of species specific eDNA can be quantified through quantitative PCR (qPCR) 

or digital PCR (dPCR). A barcode DNA region such as the 16S rRNA gene or mitochondrial cytochrome 

C oxidase I gene is typically used. Multi-species workflows typically use DNA metabarcoding, which 

involve simultaneous DNA sequencing of ribosomal RNA or mitochondrial genes from multiple taxa 

(Taberlet et al. 2012). 

1.3.2. eDNA and algal blooms 

An eDNA approach for surveying eutrophication, HABs, and CHABs has been increasingly 

popular in the past decade, increasing from under 10 annual publications in 2010 to over 100 annual 

publications in 2019 (Liu et al. 2020). This is likely due to increasing impact, awareness and spending on 
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algal blooms and rapid development in DNA sequencing and environmental DNA technology (Garlapati 

et al. 2019). Unlike with multicellular organisms, eDNA collection for CHAB species typically involves 

collecting the entire organism in the form of intact cells (Jin 2020). Consequentially, it is likely that the 

vast majority of eDNA collected is intracellular DNA, with very little adsorbed extracellular DNA. 

Metabarcoding with eDNA can be used to evaluate the impact of pollutants on lake phytoplankton 

community structure (Schulz 2004). Barcoding with eDNA can also examine different strains of a single 

CHAB species. Song et al. (2015) detected 473 different Microcystis genotypes in Erhai Lake, China with 

internal transcribed spacer genes, and found a significant negative correlation between within-species 

diversity and nutrient load. Additionally, eDNA can be used to monitor species communities 

quantitatively, both in multicellular aquatic organisms such as fish (Hanfling et al. 2016), and in 

unicellular organisms such as phytoplankton (Chen et al. 2017). This allows researchers to examine 

species distribution throughout a water body non-invasively. As eDNA from CHABs involve intact, live 

organisms, there are no additional layers of complexity such as cell shedding rate or eDNA from corpses 

as with multicellular organisms. eDNA workflows can cost as little as $2 USD per sample for single 

species identification and quantification with qPCR (Jin 2020), this is much more economical than 

cytometry, which is hampered by complex colonial structures present in blooms and can require 

significant expertise.  

1.4. Synthesis of emerging tools in CHAB research 

The synergistic combination of UAV and eDNA surveying are a powerful addition to our toolkit 

in monitoring aquatic biodiversity. UAV provides us with the capability to rapidly quantify the surface 

area coverage of CHABs and other features of interest in the water. However, UAV surveying cannot 

easily detect the presence of specific species, lower concentrations of cyanobacteria and other 

phytoplankton, toxins, or organisms that are not visible from the surface of the water. Surveying with 

eDNA allows us to quickly identify and quantify specific cyanobacterial species and strains and other 

organisms of interest, albeit in a limited area. Through sampling at different depths, we can also monitor 
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organisms that are not visible at the water surface and get a depth profile of biodiversity and species 

abundance. The combination of these two techniques allows us to monitor ecosystems through surveying 

the visible on a large spatial scale and detecting the invisible with high sensitivity genetic techniques. 

Through using these two techniques to assess CHAB distribution and intensity in conjunction 

with measurements of environmental variables, we aim to characterize the CHAB life cycle in a natural 

lake with greater temporal and spatial resolution than previously achieved. 

1.5. Objectives 

1.5.1. Scientific questions and objectives: Chapter 2 

The objective of Chapter 2 is to explore the overwintering distribution of M. aeruginosa, one of 

the most common bloom forming species. We will assess the relationship between lake depth and M. 

aeruginosa prevalence at the top and bottom of the water column in the winter. 

1.5.2. Scientific questions and objectives: Chapter 3 

The objectives of Chapter 3 are to provide a proof of concept for monitoring early CHABs with 

UAV surveying and photogrammetry, and to develop a model incorporating local level predictors such as 

weather at specific timeframes, microgeographic characteristics, and water chemistry 

1.6. Field site description 

Dog Lake is a complex freshwater body on the southern end of the Rideau Canal system, located 

approximately 28 km north-north-east of Kingston, Ontario. It has a surface area of 964 ha, a shore length 

of 59 km and an average depth of 5.79 m. Part of the Frontenac Arch Biosphere, Dog Lake represents a 

gradation of anthropogenic disturbance on freshwater ecological systems. The intersection of historic 

disturbance from the construction of the Rideau Canal and present-day disturbances in the form of 

agricultural runoff, shoreline erosion from boating and climate change presents unique challenges to the 

water body. Furthermore, Dog Lake experiences annual CHABs with regularity, which has led to the 
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closure of the beach at Gilmour Point for every year from 2010 to 2019. The combination of complex 

geographic and hydrological characteristics, gradient of disturbances, regular blooms of varying intensity 

and human impact makes Dog Lake an ideal site for the study of CHABs in small lakes in southeastern 

Ontario. The area is traditional territory of the Mississauga Anishinaabe and Haudenosaunee Peoples. 

Dog Lake has two natural basins and one artificial basin, which formed due to the construction of 

the Rideau Canal in 1832 and the subsequent inundation of the Cranberry Flood Plains. The northern 

basin is meso-eutrophic and has a maximum depth of 52 m and the closely linked middle basin is 

eutrophic and has a maximum depth of 25.5 m. Prior to the completion of the Rideau Canal in 1831, Dog 

Lake was separated from the Rideau River and Gananoque River watersheds. The sole inflow was 

Cranesnest Lake. The southern, meromictic basin did not exist, and the area was occupied by marshland 

and Cataraqui Creek, which drained Loughborough Lake and Dog Lake towards the Cataraqui River. 

More recent human disturbances include runoff from agriculture and livestock, cottage development, and 

recreational boating. 

Total phosphorus (TP) in the north basin has a historic mean of 23.3 µg/L (n = 130, SD = 3.89 

µg/L) and has been stable for the past two decades. It ranged from 17.1 µg/L to 23.7 µg/L in surface grab 

samples during our field season in 2019, peaking twice in June and late August. The southern basin, 

which formed after the construction of the Rideau Canal, is highly eutrophic and has a maximum depth of 

5.5 m. TP in the south basin ranged from 33.8 µg/L to 128 µg/L, peaking in early August. The northern 

and middle basins are dimictic, while the southern basin is meromictic. Inflows include Milburn Creek, 

which connects Loughborough Lake to the southern basin, and Cranesnest Lake to the north. The primary 

outflow is at Fiddler’s Elbow, which connects the southern basin to Cranberry Lake and drains to the 

Cataraqui River and eventually Lake Ontario. 
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Figure 1.6.1. Map of field site at Dog Lake, South Frontenac, Ontario, Canada
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Chapter 2: Overwintering water column distribution of Microcystis 

aeruginosa is dependent on lakebed depth 

2.1. Introduction 

Cyanobacterial harmful algal blooms (CHABs) are an increasingly common consequence of 

eutrophication in freshwater systems. Typically defined as a rapid increase in localized cyanobacterial 

biomass (Kiørboe et al. 1996, Richardson 1997), CHABs can have significant negative impacts on aquatic 

ecosystems. Their presence contributes to water turbidity (Havens 2008), which can impede the survival 

of macrophytes deeper in the water column through blocking sunlight (Yamasaki 1993, Daldorph and 

Thomas 1991) and impair visual performance and survival in fish (Nieman and Gray 2018). CHABs are 

also correlated with hypoxic conditions at the lake bottom and progressing to the surface, which likely 

occurs because of heightened saprotrophy and respiration of the algal mass, which can diurnally sink in 

the water column, and due to reductions in benthic macrophytes and correspondingly lower 

photosynthetic activity (Yamasaki 1993). CHABs are a low-quality food source for zooplankton and other 

herbivores (Wilson et al. 2006), and as they competitively exclude other phytoplankton and plant species, 

they are detrimental to the food web and limit resource turnover (Filstrup et al. 2014). When blooms 

collapse in the autumn, they decompose. This creates potentially large hypoxic zones in a water body that 

asphyxiate aerobic organisms (Funkey et al. 2014). Many CHAB species can also produce potent 

cyanotoxins, which are detrimental to other organisms and are concentrated during a bloom event 

(Carmichael et al. 2001, Puschner et al. 2008, Mez et al. 1997). 

The impact of CHABs is increasing on a worldwide basis. Their proliferation is promoted by 

nutrient loading (Downing et al. 2001; Paerl and Huisman 2009), rising atmospheric CO2 concentrations 

(Paerl and Ustach 1982) and rising temperatures (De Senerpont et al. 2007, Edenhofer 2015, Jankowaik et 

al. 2019). Since the industrial revolution, global nitrogen mobilization into the environment has increased 

ninefold, while phosphorus has increased thirteenfold (Schlesinger and Bernhardt 2013). Phosphorus 
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loading in particular can shift phytoplankton communities towards cyanobacteria, as some taxa are 

nitrogen fixing (Schindler et al. 2008). Despite decades of phosphorus loading reduction on Lake Erie, 

which resulted in a decrease in bloom occurrence in the 1980s (Makarewicz et al. 1989), blooms have 

been increasing in frequency and intensity since the mid-1990s (Stumpf et al. 2012, Michalak et al. 2013). 

This heightened bloom activity in recent decades has been mirrored in lakes globally, such as in Taihu, 

China (Duan et al. 2009), Lake Victoria, Africa (Sitoki et al. 2010), and the Baltic Sea, Europe (Vahtera 

et al. 2007), suggesting that rising global temperatures and atmospheric CO2 levels are also major factors. 

Rising water temperatures are implicated in the eutrophication of shallow lakes and alter N:P ratios 

through sedimentary phosphorus release and denitrification (Feuchtmayr et al 2009), favouring 

phosphorus limited species. Cyanobacteria also typically reach their maximum growth rate at a higher 

temperature than eukaryotic phytoplankton species (Jöhnk et al. 2008, Robarts and Zohary 1987). Rising 

atmospheric CO2 increases carbon availability in aquatic ecosystems and intensifies phosphorus mediated 

eutrophication (Winston et al. 2016), particularly at near the top of the water column. This can benefit 

CHAB species, which are typically at the top of the water column during photosynthetic activity, over 

phytoplankton species which are more dispersed across the water column (Paerl and Ustach 1982). 

Current strategies in CHAB control typically include nutrient load budgeting and post bloom 

control (Paerl and Huisman 2008). However, this has failed to prove effective despite large investments in 

the past two decades, as seen in Taihu (Zhang et al. 2010) and in Lake Erie (Michalak et al. 2013). 

Reducing phosphorus and nitrogen inputs can be ineffective due to high runoff triggered by climate 

warming mediated extreme precipitation events (Zhai et al. 2020), rising atmospheric CO2, earlier ice 

cover melting times, rising water temperatures, and shifts in internal nutrient fluxes (Orihel et al. 2017, 

Valdemarsen et al. 2015). Additionally, reducing inputs may not be feasible in developing countries due 

to population pressures and limited budgets. Post-bloom control methods often do not remove 

cyanotoxins or the existing nutrient load from an aquatic ecosystem. Effective and economical control of 

CHABs requires a proactive approach with a focus on targeted remediation of nascent blooms during 



43 
 

their formation (Qu et al. 2014). This will require extensive knowledge of the natural history, mechanisms 

and distributions of CHAB-forming cyanobacterial species. 

The cyanobacterial genus Microcystis, in the order Chroococcales, is a major cyanotoxin 

producing component of temperate freshwater CHABs (Visser et al. 2005). The life history of Microcystis 

and other coccoid colony forming cyanobacteria consists of a benthic, overwinter resting phase, a pelagic, 

planktonic phase, and a colonial phase. Microcystis cells can control their buoyancy with gas filled 

vesicles (Walsby 1994), allowing them to move down in the water column after carbohydrate 

accumulated from photosynthesis and up after cellular respiration (Thomas and Walsby 1986). This 

provides a competitive advantage in light and potentially carbon access and over macrophytes and other 

phytoplankton (Ibelings et al. 1991). Cells begin rising in the water column several hours prior to sunrise 

as their carbohydrate load is exhausted by respiration and their gas vesicles provide sufficient buoyancy 

to rise. They fall in the water column in the early afternoon due to wind action mediated surface 

turbulence and heightened carbohydrate stores replenished by photosynthetic activity (Visser et al. 1995). 

Microcystis cells can aggregate to form globular colonies that measure tens to hundreds of micrometres in 

diameter and consist of hundreds to thousands of 2-8 μm coccoidal cells held together by a 

polysaccharide mucilaginous matrix (Vinh et al. 2012). These colonies provide greater buoyancy control 

(Reynolds et al. 1981), and defense from zooplankton and fish herbivory (Rohrlack et al. 1999, Carbis et 

al. 1997). 

Conventional wisdom on overwintering Microcystis is that the main sources of inoculum for 

growth and recruitment in spring, and the eventual development of CHABs, are fluvial, benthic, and 

particularly sedimentary sources. Fluvial sources refer to cyanobacteria transported by tributary rivers 

during spring runoff events, in addition to nutrient loads (Conroy et al. 2014, Reinl et al. 2020). Benthic 

and sedimentary populations originate from Microcystis colonies that settle in the water column in the fall 

after summer blooms. There, most of the population die while the survivors enter a dormant resting phase 

during which little photosynthesis or respiration occurs (Reynolds et al. 1981, Brunberg and Blomqvist 
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2002). Brunberg and Blomqvist (2003) found higher concentrations of Microcystis in September in 

littoral sediments, from areas measuring 1-2 m deep, than in profundal sediments, from areas measuring 

6-8 m deep, although changes in cell counts between littoral and profundal sources were not significantly 

different between late summer and late spring. Their results indicated that the distribution of 

overwintering Microcystis may not be homogenous across a waterbody.  

The spatial distribution of overwintering Microcystis seed stock in the water column across 

different depths is not well understood despite ample literature on their overwintering viability. While 

benthic sources are thought to be the dominant source of bloom inoculum, modelling indicates that the 

smaller overwintering pelagic population is a greater predictor of the magnitude of summer blooms than 

the benthic population, indicating that pelagic Microcystis may be a potentially more significant source of 

inoculum than their biomass suggests (Verspagen et al. 2005). Overwintering survival is favored by low 

light availability and dissolved oxygen in laboratory conditions (Brunberg and Blomqvist 2002). 

Although this may seem to favor benthic Microcystis present in deeper areas of a water body, ice cover 

restricts light availability in all areas, and reduced photosynthetic activity, surface oxygenation, and water 

flow during the winter means that low dissolved oxygen conditions are probably similarly prevalent. 

Wind-induced mixing and bioturbation may have a greater role in the resuspension of overwintering 

Microcystis in the benthos and sediment than active buoyancy control (Verspagen et al. 2004). As shallow 

areas of lakes typically experience greater water turbulence due to the proximity of the lakebed to the 

surface, it is likely that benthic overwintering Microcystis have greater recruitment success in shallow 

areas than in deeper areas. Therefore, overwintering planktonic populations in the epilimnion may be a 

more important source of spring inoculum in deeper areas of a lake than in shallower areas. 

Cyanobacterial recruitment is a process mediated by mechanisms such as buoyancy control, 

bioturbation, increased waterflow from spring runoff, and wind-induced mixing (Verspagen et al. 2004). 

Furthermore, the most viable sources of inoculum often originate from the euphotic zone (Verspagen et 

al. 2004), indicating the importance of light access. Wind-induced mixing is greatest close to the surface 
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of the water. Bioturbation and water flow are also typically more active in shallower areas of lakes. 

Additionally, stratified lakes have a littoral benthic zone that overlaps with the mixed epilimnion-

hypolimnion interface, while the profundal benthic zone is typically physically separated from surface 

water interactions during the stratified periods that make up the majority of the year (Bade 2006). 

Therefore, viable overwintering Microcystis populations in the benthos may be higher in areas with 

shallower lakebeds and lower in deeper, aphotic areas of a lake due to weaker passive recruitment 

processes and a lack of interaction with the photic zone. In these deeper areas of the lake, pelagic 

Microcystis may be more significant, and have a higher relative population. Understanding this 

overwintering distribution of Microcystis aeruginosa has important implications for early bloom 

prediction and bioremediation, as overwintering survival is likely to be strongly correlated with early-

spring recruitment, biomass build up, and the formation of nascent cyanobacterial blooms. 

An additional potential source of inoculum that has been little considered is ice cover. Although 

viable Microcystis viridis has been isolated and identified from frozen pieces of ice cover (Vasas et al. 

2010), the potential of ice cover as a general source of cyanobacterial inoculum has yet to be explored in a 

natural, stratified lake and in quantitative comparison to other inoculum. Ice cover may be an important 

overwintering source of inoculum, particularly as the viability of frozen Microcystis viridis colonies on 

agar plates was much higher than samples from the water column or sediment in Vasas’ study. Although 

Vasas’ study involved a rare circumstance, where an active and visible cyanobacterial bloom was frozen 

in the ice cover, it is possible that post-bloom planktonic Microcystis in the form of small colonies or 

single cells may also survive overwintering in the ice cover as a potential inoculum source. Therefore, we 

hypothesize that ice cover will contain viable Microcystis aeruginosa, although in smaller quantities than 

in the water column. 

Additionally, factors that influence the toxicity of CHABs are not well understood. Although it is 

well established that cyanobacteria within a lake can exhibit high genetic diversity (Cai et al. 2012), and 

toxigenic potential may follow clear spatial patterns (Otten et al. 2012), differences in overwintering 
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distribution between toxic and non-toxic strains have yet to be explored. Toxicity in cyanobacteria has 

been linked to planktivory, high temperatures and UV damage. As zooplankton and solar irradiation are 

more prevalent in the littoral regions of lakes, toxicity may decrease as depth increases in the benthos. 

The toxigenic potential of blooms is correlated with the concentration of the genes in cyanotoxin 

synthesis pathways. Dyble et al. (2008) found that mcy gene prevalence impacted cyanotoxin 

concentration in blooms in western Lake Erie and Saginaw Bay, Lake Huron.  

Environmental DNA (eDNA) is an emerging approach to biomonitoring that allows us to take a 

quantitative biodiversity snapshot of an ecosystem. Organisms leave traces of their genetic material as 

they move through their environment (Lydolph et al. 2015), often in the form of intact cells (Turner et al. 

2014). In the case of microbial organisms such as cyanobacteria, this involves collecting the entire 

organism. After DNA extraction, genetic techniques such as quantitative PCR (qPCR) can be used to 

detect and even quantify specific species or genes of interest (Al-Tebrineh et al. 2010, Vaitomaa et al. 

2003). In the case of barcoding genes such as the 16S rRNA gene, qPCR can be used to quantify species 

abundance (Weber and Pawlowski 2013). Through consideration of filter pore size, material, and flow 

rate, eDNA capture can be limited to intact cells.  

Our study will use qPCR on the M. aeruginosa 16S rRNA gene to compare the relative 

abundance of overwintering populations in the lake surface, bottom, and ice cover at sites of a lake with 

different lakebed depth. We hypothesize that lake bottom Microcystis will be most abundant in shallow 

areas, while lake surface Microcystis will be more prevalent in deeper areas of the lake due to later ice 

cover formation and a more stable water column. Finally, ice samples will have a viable population. 

Overall distribution of Microcystis will favor shallow areas due to greater recruitment success. We will 

also quantify the relative proportion of toxic strains through comparing the M. aeruginosa mcyE and 16S 

rRNA genes. We hypothesize that the toxigenic potential of benthic overwintering Microcystis 

populations within a lake decreases as depth increases. 
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2.2. Methods 

2.2.1. Study site 

Our study site was at Gilmour Point (44.432107 N, -76.354664 W), a small peninsula with a 

public beach and boat launches at Dog Lake, South Frontenac County, ON, Canada. Gilmour Point 

extends towards the middle basin of Dog Lake. Transects from the beach water access point to the middle 

of the basin have a range of maximum depths, from 0 to ~25 m. Gilmour Point has a history of regular 

annual CHABs, which provided a unique opportunity for sampling. Cyanotoxin testing by the Ontario 

Ministry of the Environment, Conservation and Parks revealed that microcystin concentrations reached 

over 5 µg/L in August of 2016, over three times the recommended limit for drinking water (Table 2.2.1). 

This site was ideal for our study due to the large variation in depth, historic cyanobacterial presence, thick 

ice cover and easy road access.  

Table 2.1.1. Cyanotoxin concentrations and cyanobacteria species present at Gilmour Beach, Dog Lake, 

South Frontenac County, Ontario between 2010 and 2019. Cyanotoxin concentrations are an aggregation 

of 11 microcystin congeners testing with LC-MS. Cyanobacterial species were identified by a 

phytoplankton specialist at the Sport Fish & Biomonitoring Unit in the Environmental Monitoring & 

Reporting Branch of the Ontario Ministry of the Environment through microscopy. All data were 

collected by the Ontario Ministry of the Environment. 

Sample Dates Cyanotoxin Concentration 

[Anatoxin-A] (µg/L) 

Types of Cyanobacteria/ 

Aug 31, 2010 0.15  

Aug 28, 2012 0.16 Anabaena, Woronichinia, Microcystis 

Aug 23, 2016 4.5, >5, >5 Woronichinia, Microcystis, Anabaena 

Aug 10, 2017 2.3 [0.12] Mixed cyanobacterial species, mixed diatoms 

Aug 3, 2018 0.24 Anabaena, Woronichinia, Microcystis, 

Aphanocapsa, Aphanizomenon, Tabellaria (diatom) 

Jun 17, 2019 2.4 [0.5] Anabaena, Oscillatoria, Aphanizomenon, 

Woronichinia 
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Figure 2.2.1. Site map of Gilmour Point, Dog Lake, South Frontenac County, Ontario. Sampling 

occurred along two transects, with each site roughly equidistant from the origin point.  

2.2.2. Water sampling 

We conducted weekly sampling from February 7th to March 12th of 2019, collecting a total of 153 

water samples across 6 sampling days. We collected 69 of those samples from the top 0.5 m of the water 

column, which we designated as lake surface samples, 69 samples from the bottom 0.5 m of the water 

column, which we designated as the lake bottom samples, and 15 samples from the ice cover. We also 

collected time/date and depth data for each sampling point. 

We sampled across two transects, which extended approximately 300 m from the beach towards 

the middle of the basin (Figure 3.2.1). Although sampling in a randomized grid would have eliminated 

potential order effects, navigating the frozen lake surface on foot made this prohibitively difficult. These 

two transects covered a range of depths, from 1 to 18 m. Sampling points were located at least 80 m apart. 
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As dimictic lakes are typically vertically stagnant during the winter, and our study area was not in the 

main flow of the Rideau Canal, we assumed that proximity effects were minimal. We drilled a hole 

through the ice using an 8-inch gas powered ice auger (Eskimo), and measured the depth using a weighted 

0.5 m graduated rope. For ice cover sample collection, we paused drilling before reaching the water, and 

collected 1000 mL of packed ice fragments using plastic jars. For water sample collection, we finished 

drilling through the ice cover to the water column and removed any ice and snow fragments from the 

water using a sieve. We then collected surface water samples by dipping a plastic jar into the water with a 

reach-grabber tool. We collected bottom water samples from within 0.5 m of the lake bottom using a 

1000 mL double flap valve acrylic bailer sampler (unbranded, from Aliexpress) with an attached 

extension which prevented it from reaching the lakebed and disturbing the sediment. We stored water 

samples in 500 mL clear wide-mouth PET plastic jars, which were kept covered from light in a 48 QT 

Coleman cooler (Coleman Company, Inc., Chicago, USA) during transportation. We transported samples 

back to the lab and filtered them for eDNA within 3 hours of collection. We sterilized jars with hot water 

and soap, and immersion in 1:10 bleach for 24 hours between uses.  

2.2.3. Sample filtration 

We filtered water samples for environmental DNA using IsoporeTM polycarbonate tract-etched 

(PCTE) membrane filters (1.2 μm pore size, 47 mm diameter, from Millipore-Sigma, Oakville, Canada), 

housed in a 47 mm in-line filter holder (Pall Corporation, Port Washington, USA) and passed through 

with a portable peristaltic pump (Wattera, Mississauga, Canada). We passed 250 mL to 400 mL of each 

water sample, depending on the turbidity and flow rate, through each the PCTE membrane filters. As 

Microcystis cells range from 2-8 μm in diameter, this protocol captures all intact cells but the filtration 

rate and pore size minimizes DNA adsorption to the PCTE membrane filter. Therefore, eDNA captured 

by this technique mostly originates from live, viable cyanobacteria. After filtration, we folded the filters 

with flame sterilized forceps and stored them in 500 μL 2% (w/v) cetrimonium bromide extraction buffer 
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(CTAB) in 2 mL conical microcentrifuge tubes (Bio Basic Inc., Markham, Canada). We stored all filters 

in a -20oC freezer until DNA extraction. 

2.2.4. DNA extraction 

We extracted DNA using a chloroform/ethanol-based method modified from Deiner and 

Altermatt (2014). We initially incubated the PTCE filters in CTAB at 65oC for 10 minutes. Following 

this, we added an equal volume of chloroform-isoamyl alcohol (24:1 ratio), shook each tube until the 

filter fully dissolved, and centrifuged at 15000 g for 15 min. We then transferred the aqueous phase with a 

p1000 pipette to a new 1.7 mL graduated microcentrifuge tube (Lifegene, Mevo Horon, Israel) and added 

an equal volume of isopropanol and half volume of 5M NaCl. We gently mixed and then incubated at 

room temperature for a minimum of 1 hour, and then centrifuged at 15000 g RCF for 15 min. We 

decanted and discarded the supernatant, added 150 μL of ice cold 70% ethanol, and centrifuged again at 

15000 g RCF for 15 min. We decanted the ethanol and repeated this wash-step once. We then left the 

resulting pellet to air dry for 30 minutes. We resuspended the pellet in 50 μL of 65°C 1×AE buffer 

(Qiagen, Saint-Catherine, Montreal, Canada). We stored DNA samples in a -20oC freezer.  

2.2.5. Primer design and standards 

We made primers and standards for qPCR using two strains of M. aeruginosa (CPCC 124 and 

CPCC 300) purchased from the Canadian Phycological Culture Centre (Waterloo, Canada) at the 

University of Waterloo. CPCC 124 is a non-toxic strain isolated by J. Acreman in July of 1987 from 

Heart Lake, Ontario, Canada, while CPCC 300 is a toxic strain (producing 204 μgmicrocystin g-1 of dry 

weight) isolated by A. Lam from Pretzlaff Pond, Alberta, Canada (Canadian Phycological Culture Centre, 

2013).  

We maintained axenic cultures of M. aeruginosa in 80 mL of sterile cyanobacteria growth 

medium adapted from Ichimura (1979) in 120 mL borosilicate culturing tubes. Growth medium contained 

NaNO3 (50 mg L-1); KNO3 (100 mg L-1); Ca (NO3)2・4H2O (50 mg L-1); Na2SO4 (40 mg L-1); MgCl2・
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6H2O (50 mg L-1); Na2 b-glycerophosphate・5H2O (50 mg L-1); Na2-EDTA (5 mg L-1); FeCl3・6H2O 

(0.5 mg L-1); MnCl2・4H2O (5 mg L-1); ZnCl2 (0.5 mg L-1); CoCl2・6H2O (5 mg L-1); Na2MoO4・2H2O 

(0.8 mg L-1); H3BO3 (20 mg L-1); and C6H13NO4 (500 mg L-1), with the pH adjusted to 8.6 with aqueous 

NaOH. We kept cultures under a 16/8 H day/night cycle at 400 μmol m-2 s-1. We replenished the growth 

medium monthly and examined cultures under microscopy for contamination. 

We extracted genomic DNA from the two reference stains using a DNeasy® Mini Plant kit 

(Qiagen, Saint-Catherine, Canada) following the manufacturer's instructions. We obtained a rough 

estimate of DNA quality and quantity using a Nanodrop ND1000 spectrophotometer (Thermo Fisher 

Scientific Inc., Waltham, USA) and amplicon size with gel electrophoresis on a 1.5% agarose gel stained 

with RedSafe® (FroggaBio Inc., Concord, Canada. We stored extracted DNA in a -20oC freezer. 

Table 2.2.1. Primers used for qPCR to amplify fragments of the Microcystis 16S rRNA gene and mcyE 

gene. 

Target Primer Sequence (5’ to 3’) Size Reference 

Microcystis 

16S gene 

MIC 16S-F GCCGCRAGGTGAAAMCTAA 220 bp Neilan et al. (1997) 

MIC 16S-R AATCCAAARACCTTCCTCCC 

Microcystis 

mcyE gene 

MIC mcyE-F AAGCAAACTGCTCCCGGTATC 120 bp Sipari et al. (2010) 

MIC mcyE-R CAATGGGAGCATAACGAGTCAA 

 

We tested the primers from table 2.2.1 for specificity on the axenic Microcystis cultures, with 

axenic cultures of Anabaena, Chlorella and Oscillatoria as negative controls. PCR with the Microcystis 

16S rRNA gene primers on genomic DNA extracted from Microcystis strain CPCC 124 yielded an 

amplicon of 220 bp, and PCR with the Microcystis mcyE gene primers yielded an amplicon of 120 bp. 

PCR with both primer sets on genomic DNA from Anabaena, Chlorella and Oscillatoria did not yield 

amplicons. This confirmed specificity.  

We determined the melting temperatures of the two primer sets with a CFX96 TouchTM Real-

Time PCR Detection System (Bio-Rad, Hercules, USA) through raising the temperature from 65oC to 
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95oC and quantifying the fluorescence in this range. Microcystis 16S rRNA gene primers produced peak 

fluorescence at a qPCR melting temperature of 86oC, while Microcystis mcyE gene primers produced 

peak fluorescence at a qPCR melting temperature of 78oC. There was no evidence of primer dimers. 

To produce standards for our two gene fragments, we performed PCR using a GeneAmp® PCR 

System 9700 (Thermo Fisher Scientific Inc., Waltham, USA) on genomic DNA previously extracted from 

the two Microcystis reference strains. The PCR reactions contained 10 μL of 2x Taq FroggaMix 

(FroggaBio Inc., Toronto, Canada), 2 μL of extracted genomic DNA, 0.8 μL of both forward and reverse 

primers (to a final concentration of 0.3 μM in the final 20 μL reaction), 10 μg of bovine serum albumin 

(Life Technologies Corporation, Carlsbad, USA) and 5.9 μL of ddH2O. Our PCR amplification protocol 

was as follows: initial denaturation of 5 minutes at 98oC, 40 cycles of denaturation at 98oC for 30 

seconds, annealing at 60oC for 30 seconds, and extension at 72oC for 60 seconds, a final extension at 72oC 

for 10 minutes, and pause at 4oC. We confirmed the PCR product through gel electrophoresis on a 1.5% 

agarose gel stained with RedSafe® nucleic acid staining solution. We extracted DNA from the gel with a 

QIAquick Gel Etraction Kit (Qiagen, Hilden, Germany) and quantified the resulting product using a 

DeNovix dsDNA High Sensitivity Kit on a DeNovix QFX Fluorometer (DeNovix Inc., Wilmington, 

USA). We then calculated the molecular weights of the PCR products with the following equation, where 

M refers to the mass of amplicon in ng µL-1, BP refers to the length of the amplicon in base pairs, and 660 

g mol-1 refers to the average molar mass of 1 base pair of double stranded DNA: 

𝐶𝑜𝑝𝑖𝑒𝑠 =  
𝑀 × (6.0221409 × 1023 𝑚𝑜𝑙𝑒𝑐𝑢𝑙𝑒𝑠

𝑚𝑜𝑙𝑒
)

(𝐵𝑃 × 660
𝑔

𝑚𝑜𝑙𝑒
) × (1 × 109 𝑛𝑔

𝑔 )
⁄  

We performed seven 10-fold serial dilutions of the purified PCR product to generate standard 

curves for the Microcystis 16S rRNA and 16S gene fragments. qPCR on the standards yielded an R2 value 

of over 0.998 between the log10 of the gene copies and threshold cycle (CT) values, indicating that the 

standards were valid and accurate.  



53 
 

2.2.6. Quantitative PCR 

We detected the quantity of total and potentially toxigenic M. aeruginosa through performing a 

SYBR Green based qPCR assay for the previously mentioned Microcystis 16S rRNA gene fragment and 

mcyE gene fragment on our field samples. We performed qPCR reactions in a total volume of 20 μL, 

containing 10 μL 2x SensiFAST SYBR Green Master Mix (FroggaBio, Toronto, Canada), 2 μL of DNA 

from field samples or standards, 0.8 μL of each primer (to a final concentration of 0.3 μM in the final 20 

μL reaction), 0.5 μL (containing 10 μg) of bovine serum albumin and 5.9 μL of ddH2O. We plated 

reactions in triplicate on clear 96-well PCR plates (FroggaBio, Toronto, Canada) and used a CFX96 

TouchTM Real-Time PCR Detection System. The qPCR amplification protocol for both the 16S rRNA 

gene fragment and mcyE gene fragment are as follows: initial denaturation of 3 minutes at 95oC, 40 cycles 

of 5 seconds of denaturation at 95oC and 15 seconds of annealing/extension at 57oC. 

2.2.7. Statistics 

We conducted statistical analyses using IBM SPSS Statistics 26 (IBM, Armonk, USA). In all 

analyses, we log2 transformed gene concentrations to minimize heteroskedasticity.  

To test for the correlation between Microcystis concentration and lake depth in different parts of 

the water column, we created linear regressions between transformed mcyE and 16S rRNA gene 

concentrations with lake depth. We did this separately for surface and bottom samples. 

We also examined the correlation between Microcystis distribution in the water column and lake 

depth by generating linear regressions between the ratio of gene concentrations in the surface and bottom 

with lake depth. We did this separately for the mcyE and 16S rRNA genes. 

 Additionally, we tested the ratio of the toxigenic mcyE gene to the general 16S rRNA gene as a 

proxy for the ratio of potentially toxigenic Microcystis to overall Microcystis. To do this, we conducted 

linear regressions between the ratio of the transformed mcyE to 16S rRNA gene concentrations with 
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depth. For each regression, we included Julian date and sampling order as a control variable. We also 

performed residual statistics to check for linearity.  

Finally, we conducted an ANOVA, followed by Tukey’s HSD post hoc testing to examine if 

there were significant differences in gene concentrations between samples collected from the lake surface, 

lake bottom, and ice cover. 

2.3. Results 

We collected 153 environmental DNA samples. 69 samples were from the benthos, 69 samples 

were from the epilimnion and 15 samples were from the ice core. The depth of the lake where samples 

were collected ranged between 1 m and 18 m.  

Concentration of the Microcystis 16S rRNA gene ranged from 5.62×105 to 4.53×108 copies per 

litre of water sampled in the lake bottom, with a mean of 9.99×107 copies per litre. In surface samples, 

concentration of the 16S rRNA gene ranged from 5.49×104 to 1.81×107 copies per litre, with a mean of 

3.29×106 copies per litre. 16S rRNA concentrations in ice cover samples ranged from 5.90×104 to 

1.14×106 copies per litre, with a mean of 4.34×105 copies per litre. Our one-way ANOVA indicated that 

there was a statistically significant difference between 16S rRNA gene concentrations in the ice cover, 

surface, and bottom, F(2,147) = 140.884, p < 0.001. Homogeneity of variances was not violated. Post hoc 

analysis with Tukey’s HSD indicated that 16S rRNA concentrations in the bottom samples were 

significantly higher than in both the surface (p < 0.001) and ice cover (p < 0.001) samples, and 16S rRNA 

concentrations in the bottom samples were higher than in the surface samples (p < 0.001) (Figure 2.3.1).  
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Figure 2.3.1. Concentration of log2 transformed M. aeruginosa 16S rRNA gene copies in the lake bottom, 

lake surface, and ice from February 7th to March 12th, 2019 near the Gilmour Point, Dog Lake field site. 

Boxes represent the first to third quartile while whiskers represent 95% confidence intervals. Lines within 

boxes represent the median. Dots represent outliers. One-way ANOVA indicated a significant difference 

between sites. F(2,147) = 140.884), p < 0.001. 

 

Concentration of the Microcystis mcyE gene ranged from 2.26×105 to 1.41×108 copies per litre of 

water sampled in the lake bottom, with a mean of 2.93×107 copies per litre. In surface samples, 

concentration of the mcyE gene ranged from 1.94×104 to 4.11×106 copies per litre, with a mean of 

8.49×105 copies per litre. mcyE concentrations in ice samples ranged from 2.30×104 to 3.65×105 copies 

per litre, with a mean of 1.29×105 copies per litre (Figure 2.3.2). Our one-way ANOVA indicated that 

there was a statistically significant difference between mcyE gene concentrations in the ice cover, surface, 

and bottom, F(2,147) = 144.517, p < 0.001. Homogeneity of variances was not violated. Post hoc analysis 

with Tukey’s HSD indicated that mcyE concentrations in the bottom samples were significantly higher 

than in both surface samples (p < 0.001) and in ice cover (p < 0.001) samples, and mcyE concentrations in 

the bottom samples were higher than those in the surface samples (p < 0.001) (Figure 2.3.1).  
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Figure 2.3.2. Concentration of log2 transformed M. aeruginosa mcyE gene copies in the lake bottom, lake 

surface, and ice from February 7th to March 12th, 2019 near the Gilmour Point, Dog Lake field site. Boxes 

represent the first to third quartile while whiskers represent 95% confidence intervals. Lines within boxes 

represent the median. Dots represent outliers. One-way ANOVA indicated a significant difference 

between sites. F(2,147) = 144.517, p < 0.001. 

 

We generated simple linear regression models that predicted the concentration of the log2 

transformed M. aeruginosa 16S rRNA gene and the log2 transformed mcyE gene in the lake bottom with 

lake depth. There was a significant negative relationship between transformed 16S rRNA gene 

concentrations and depth, β = -0.637, F(65) = 33.680, p < 0.001, R2 = 0.509 (Figure 2.3.3). There was 

also a significant negative relationship between transformed mcyE gene concentrations and depth, β = -

0.662, F(65) = 31.739, p < 0.001, R2 = 0.494 (Figure 2.3.4). We also generated simple linear regression 

models that predicted the concentration of the log2 transformed M. aeruginosa 16S rRNA gene and the 

log2 transformed mcyE gene in the lake surface with lake depth (Figure 2.3.6). There was a significant 

positive relationship between transformed 16S rRNA gene concentration and depth, β = 0.424, F(65) = 
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7.230, p = 0.001, R2 = 0.182 (Figure 2.3.5). There was also a significant positive relationship between 

mcyE gene concentration and depth, β = 0.401 F(65) = 5.872, p = 0.005, R2 = 0.153 (Figure 2.3.6). 

 
Figure 2.3.3. Concentration of M. aeruginosa 16S rRNA gene in number of gene copies per litre of 

sampled water plotted against depth in metres in the lake bottom near the Gilmour Point, Dog Lake field 

site. Curved lines represent 95% confidence intervals. Line of best fit is for log2 transformed values. N = 

68, R2 = 0.494, t = -6.996, p > 0.001. 
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Figure 2.3.4. Concentration of M. aeruginosa mcyE gene in number of gene copies per litre of sampled 

water plotted against depth in metres in the lake bottom near the Gilmour Point, Dog Lake field site. 

Curved lines represent 95% confidence intervals. Line of best fit is for log2 transformed values. N = 68, 

R2 = 0.509, t = -7.371, p > 0.001. 

 
Figure 2.3.5. Concentration of M. aeruginosa 16S rRNA gene in number of gene copies per litre of 

sampled water plotted against depth in metres in the lake surface near the Gilmour Point, Dog Lake field 

site. Curved lines represent 95% confidence intervals. Line of best fit is for log2 transformed values. N = 

68, R2 = 0.182, t = 3.657, p = 0.001. 



59 
 

 
Figure 2.3.6. Concentration of M. aeruginosa mcyE gene in number of gene copies per litre of sampled 

water plotted against depth in metres in the lake surface near the Gilmour Point, Dog Lake field site. 

Curved lines represent 95% confidence intervals. Line of best fit is for log2 transformed values. N = 68, 

R2 = 0.153, t = 3.403, p = 0.001. 

Additionally, we created a simple linear regression model that predicted the ratio of the log2 

transformed 16S rRNA gene in the lake surface to bottom with depth. There was a significant relationship 

between the 16S rRNA gene surface to bottom ratio and depth, β = 0.830, F(65) = 67.898, p < 0.001, R2 = 

0.676 (Figure 2.3.7). We also created a simple linear regression model that predicted the ratio of the ratio 

of the log2 transformed mcyE gene in the surface to bottom with depth. There was a significant 

relationship between the mcyE gene surface to bottom ratio and depth, β = 0.822, F(65) = 68.120, p < 

0.001, R2 = 0.677 (Figure 2.3.8).  
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Figure 2.3.7. Ratio of the log2 of M. aeruginosa 16S rRNA concentration in the lake surface and bottom 

plotted against depth in metres near the Gilmour Point, Dog Lake field site. Curved lines represent 95% 

confidence intervals. N = 68, R2 = 0.676, t = 11.386, p < 0.001. 

 
Figure 2.3.8. Ratio of the log2 of M. aeruginosa mcyE concentration in the lake surface and bottom 

plotted against depth in metres near the Gilmour Point, Dog Lake field site. Curved lines represent 95% 

confidence intervals. N = 68, R2 = 0.677, t = 11.290, p < 0.001. 
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 We created a simple linear regression model that predicted the ratio of the log2 transformed mcyE 

gene to log2 transformed 16S rRNA gene in the lake bottom. There was a significant negative relationship 

between the mcyE to 16S rRNA gene ratio and depth, β = -0.383, F(65) = 5.178, p = 0.002, R2 = 0.137 

(Figure 2.3.9). We also created a single linear regression model that predicted the ratio of the log2 

transformed mcyE gene to log2 transformed 16S rRNA gene in the surface. The relationship was not 

significant, β = -0.017, F(65) = 4.478, p = 0.889, R2 = 0.121 (Figure 2.3.10). 

 
Figure 2.3.9. Ratio of the log2 of M. aeruginosa mcyE and 16S rRNA concentration plotted against depth 

in metres in the lake bottom near the Gilmour Point, Dog Lake field site. Curved lines represent 95% 

confidence intervals. N = 68, R2 = 0.137, t = -3.218, p = 0.002. 
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Figure 2.3.10. Ratio of the log2 of M. aeruginosa mcyE and 16S rRNA concentration plotted against 

depth in metres in the lake surface near the Gilmour Point, Dog Lake field site. Curved lines represent 

95% confidence intervals. N = 68, R2 = 0.121, t = -0.140, p = 0.889. 

 We plotted residuals for all simple linear regressions and found that all residuals were random, 

supporting the linearity of our results. 

2.4. Discussion 

Interest in the use of qPCR, and other molecular tools on environmental DNA samples for 

detecting, characterizing and quantifying cyanobacterial blooms has surged in the past two decades 

(Ouellette and Wilhelm 2003, Jin 2020). Unlike traditional ELISA or LC-MS based toxin analysis, qPCR 

on environmental samples detects the presence of cyanobacterial species and strains through quantifying 

the number of copies of specific genes in a sample. The appeal of qPCR include a low cost of 

approximately $5 USD per sample, compared to $100 USD per sample for ELISA and $250 USD for LC-

MS, a rapid workflow that can provide data within 24 hours of sampling, and a sampling process that 

facilitates other molecular techniques, such as metagenomics to examine species composition. Work on 

developing qPCR protocols for detecting toxic cyanobacterial strains have found high correlation between 

the presence of the mcy gene family and microcystins (Yuan et al. 2020). qPCR has also been used for the 



63 
 

quantification of environmental bacterial samples and have corresponded with high precision to absolute 

cell numbers (Bach et al. 2002). Otten et al. (2012) used the Microcystis mcyE and cpcA genes to quantify 

the presence of toxigenic and total Microcystis in Lake Taihu, China, and found significant positive 

correlations between microcystin concentration and concentrations of both genes. They also examined the 

ratio of the mcyE gene to the cpcA gene as a measure of toxigenicity, finding highly variable ratios at 

different areas of the lake. Further work by Chiu et al. (2017) found similarly high correlations between 

qPCR results on eDNA with cyanotoxins with a multiplexed qPCR approach that simultaneously 

quantified genes from two common CHAB genera, Microcystis and Cylindrospermopsis. 

Although qPCR has been used to quantify cyanobacteria in blooms in lieu of non-molecular 

methods such as chlorophyll-a or visual cell counts, qPCR data must be used with careful consideration 

and validation. qPCR efficiency can vary due to factors such as poor primer design, non-optimal reagent 

concentrations, non-optimal reaction conditions, primer/dimer formation and so forth. Slight variations in 

efficiency can increase or decrease gene copy number estimates by an order of magnitude (Svec et al. 

2015). Additionally, gene copy number does not always directly correspond to the number of cells. 

Ludwig and Schleifer (2000) found that strong correlations between qPCR quantified rDNA gene copy 

numbers and E. coli bacterial growth. However, they concluded that absolute cell numbers cannot be 

directly estimated with qPCR data alone due to growth dependent variation in cellular genome content. 

Additionally, cyanobacteria can vary in their number of copies of genomic genes even within the same 

genera and species (Schirrmeister et al. 2012, Kaneko et al. 2007); therefore, inferring absolute abundance 

of a cyanobacteria species using qPCR is difficult. Additionally, numerous genotype variants of a species 

may be present within the water body (Song et al. 2015), and eDNA yield may vary depending on 

environmental conditions. Variants of the certain genes in cyanotoxin production pathways, such as mcyE 

are also present in cyanobacteria genera other than Microcystis, including Dolichospermum and 

Planktothrix (Beversdorf et al. 2015, Panksep et al. 2020).  
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In our study, we quantified the relative concentrations of the 16S rRNA and the mcyE genes from 

a prominent bloom forming cyanobacteria species, M. aeruginosa, in the top and bottom of the water 

column at different lakebed depths in a small, dimictic lake in southern Ontario. We found Microcystis 

present in the lake bottom, lake surface, and ice cover of Dog Lake. Lake bottom concentrations were as 

high as 4.5×108 16S rRNA gene copies per litre of water sampled, which is in line with the literature 

(Otten et al. 2012, Kitchens et al. 2018), indicating that it was a potentially important source of inoculum 

in Dog Lake. However, concentrations in the lake surface and ice cover were also high, reaching 1×106 

cells per litre of water sampled in some areas of the lake. This was comparable to Microcystis winter cell 

densities in Taihu, China, during a persistent bloom that was visible through satellite imaging (Ma et al. 

2016), indicating that they are also potential sources of bloom inoculum. The winter surface and ice cover 

may be particularly significant sources of potential inoculum in deeper areas of lakes previously thought 

to have low potential for nascent CHABs. Our findings were similar to previous work on overwintering 

Microcystis, which emphasized the predominant role of benthic inoculum (Brunberg and Blomqvist 2003, 

Kitchens et al. 2018, Misson et al. 2012, Cires et al. 2013), with a small pelagic overwintering population 

(Verspagen et al. 2005). As our eDNA sampling method used filters with a pore size of 1.2 μm and 

Microcystis cells measure 2-8 μm in diameter, we primarily captured live cells and demonstrated that 

living, viable cyanobacteria was present in those areas. 

We found higher copy numbers of both the 16S rRNA and mcyE genes in areas of the lake with 

shallower lakebeds, mainly in the bottom of the water column. Samples from the bottom of the water 

column had higher eDNA concentrations overall.  This was supported by the results of Cao et al. (2008), 

who found that vegetative growth and subsequent recruitment of overwintering M. aeruginosa in Lake 

Taihu, China was mediated by cumulative temperature. Lab experiments indicated that growth renewed 

between 5oC and 9oC, and recruitment began at 14oC. Similarly, Thomas and Walsby (1986) found that 

Microcystis in dark and low temperature conditions had low buoyancy recovery after autumnal decline 

due to reduced rates of protein and gas vesicle synthesis. Therefore, it is likely that lake bottom 
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Microcystis in shallower areas begin growth and recruitment earlier than in deeper areas that have less 

light availability and are slower to warm. Lake bottom Microcystis in shallower areas of the lake likely 

have a competitive advantage over lake bottom Microcystis in deeper areas as sources of inoculum.  

Not only does the benthos of deeper parts of lakes receive less of the environmental cues that 

promote active buoyancy recovery and recruitment, the passive processes that mediate recruitment may 

also favor the benthos of shallow lakebed areas. Stahl-Delbanco and Hansson (2002) found that the 

recruitment rate of Microcystis increased in the presence of benthic macrofauna, indicating that 

bioturbation may also be a contributor to resuspension. Their findings suggested that recruitment rates 

may be higher in shallower littoral areas where benthic invertebrates such as Asellus aquaticus (Isopoda) 

dominate, compared to deeper areas dominated by pelagic invertebrates that cause less bioturbation, such 

as chironomids. Abiotic hydrological effects may also favor cyanobacterial recruitment from the benthos 

of shallow lakebed areas. Wind induced mixing typically occurred through Langmuir circulation, and are 

only significant in the epilimnetic lakebed, up to a depth of 4-6 m (Scott et al. 1969, Blottiere 2015). 

Verspagen et al. (2004) found that benthic colonies of Microcystis did not have sufficient carbohydrate 

content to restore buoyancy during spring recruitment, and buoyancy state was instead largely the result 

of mixing and subsequent resuspension. Therefore, benthic recruitment may be primarily driven by 

processes such as wind-induced mixing and heavy precipitation events, which most strongly mix 

shallower areas of lakes.  

Water column distribution of Microcystis was dependent on the lake depth. As the depth of the 

lake increases, we observed a shift from lake bottom to surface dominance, and deeper areas of Dog Lake 

were surface Microcystis dominated. The persistence of planktonic, vegetative Microcystis in low 

temperatures is supported by Ma et al. (2016), who found that blooms persisted in Taihu, China over the 

winter at temperatures below 10oC. Overwintering vegetative cells maintained low levels of 

photosynthetic activity at temperatures as low as 2oC, and low temperatures decreased loss rate. As water 

temperatures under ice cover in lakes in Southern Ontario can be as high as 4oC, this supports our 
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findings on the persistence of overwintering pelagic planktonic populations and their potential as sources 

of inoculum. Overwintering Microcystis in other temperate, dimictic lakes with winter ice cover may also 

be primarily surface dominated close to the center of lake basins, and sources of inoculum are dependent 

on the hydrological and topographic characteristics of lakes. 

Although lake bottom populations of Microcystis were predominant overall, cell density in 

different parts of the water column may not be indicative of their actual contribution to blooms. 

Verspagen et al. (2005) examined coupling between benthic and pelagic populations of Microcystis. They 

found that sediment recruitment occurred throughout the year and was counterbalanced by high 

sedimentation rates. Additionally, their findings suggested that there was horizontal transportation of 

sedimented Microcystis from shallow to deeper areas of the lake. Although the pelagic Microcystis 

population was much smaller in the spring, their model implicated it as a more significant contributor to 

summer blooms, indicating that controlling it may be key to effective management.  

In addition to the epilimnion and benthos, we also unexpectedly found concentrations of 

Microcystis in the ice cover. This was similar to the results of Vasas et al. (2010), who found populations 

of Microcystis viridis with high viability from a visible bloom frozen in ice cover. However, our study 

found Microcystis in ice cover from a wider area in a natural lake, and comparatively quantified it with 

lake surface and bottom sources as well, further demonstrating the potential of ice cover as a previously 

unexpected inoculum source. Our results are supported by Park (2006), who found that Microcystis, 

Anabaena, Oscillatoria, and Aphanizonmenon in both colonial and planktonic form had high viability 

after cryopreservation at -60oC without a cryoprotectant after as long as two years. This indicates that 

these CHAB species in general are probably highly resistant to freezing, an inference supported by the 

lack of a spore or akinete form in these particular species. It is possible that the extracellular 

lipopolysaccharide/polysaccharide mucilage of colonial cyanobacteria has a cryoprotectant effect, which 

is common in other mucilage forming bacteria (Deming and Young 2017). 
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We observed a weak but significant negative correlation between the ratio of Microcystis mcyE to 

16S rRNA gene concentration to lakebed depth in the lake bottom, indicating potentially higher toxicity 

in lake bottom Microcystis overwintering close to the shoreline and in other shallower areas. However, no 

significant relationship was present in the lake surface. As there was no significant difference between the 

mcyE to 16S rRNA ratio in the lake surface and the mcyE to 16S rRNA ratio in the lake bottom across all 

lakebed depths, it is unlikely that this was solely the result of difference in water column depth. This 

variation in genotypes was similar to the results of Otten et al. (2012), who found a mean mcyE to cpcA 

ratio of 36% ± 12% in the Microcystis of Lake Taihu, which was similar to our mean mcyE to 16S rRNA 

ratio of 30% ± 7% (Jin 2020). This negative correlation may be driven by differences in light intensity on 

the benthos between shallower and deeper areas of the lake. The toxicity of Microcystis in lab conditions 

is positively correlated with light and temperature (Watanabe and Oishi 1985). Photooxidative damage 

from high irradiance upregulates the microcystin pathway due to its protective effect against reactive 

oxygen species (Zilliges et al. 2011). 

Although our study comparatively quantified overwintering Microcystis populations in different 

parts of the water column, we did not examine their relative contributions as sources of inoculum to 

summer blooms. Additional research is needed to determine rates of reproduction and photosynthetic 

activity of CHAB species at different areas of water bodies, particularly in the epilimnion of lakes during 

and after spring recruitment. The hydrological characteristics of small lakes, and therefore the 

mechanisms that influence recruitment remain poorly understood, particularly in terms of interactions 

between macrophytes and other biotic influences with stratification and mixing (Andersen et al. 2017). 

Furthermore, this study was specific to the M. aeruginosa 16S rRNA and mcyE genes. Perakis et al. 

(1996) found that summer planktonic Microcystis populations did not significantly increase in response to 

high inputs from benthic recruitment, while Anabaena, Aphanizonmenon, and Coelosphaerium did, 

indicating that different sources of inoculum may be dominant between different CHAB genera. 
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Therefore, other CHAB species, particularly filamentous genera that lack mucilage and gas vesicles, such 

as Anabaena and Aphanizomenon, may differ in their overwintering distributions. 

The results of our study has several implications for future research as well as for bloom 

monitoring and control strategies. Lake surface and ice cover populations Microcystis and other bloom 

forming species may compose a greater portion of the overwintering cyanobacterial population than 

previously thought, particularly in deeper areas of lakes, and may be a significant contributor of inoculum 

in the spring. The water column distribution of overwintering cyanobacteria may be dependant on lakebed 

depth. Efforts in early CHAB modelling should consider the top of the water column and ice cover of 

lakes in the spring, in addition to benthic, sedimentary, and fluvial-inflow sources of inoculum.  
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Chapter 3: CHAB modelling with algorithm enhanced UAV surveying 

requires temporally specific predictors 

3.1. Introduction 

Cyanobacterial harmful algal blooms (CHABs) are localized accumulations of cyanobacteria that 

deteriorate aquatic ecosystems (Richardson 1997). Their development is promoted by high temperatures, 

water column stagnancy, and high phosphorus to nitrogen nutrient ratios (Hyenstrand et al. 1998). Their 

prevalence and impact is increasing globally, driven by the anthropogenic development of waterbodies 

and climate change (Paerl and Paul 2012). The factors that affect the dominance of CHAB-forming 

species over other phytoplankton, and the subsequent development of CHABs are complex and often 

differ between waterbodies. The ability to accurately detect and quantify CHABs is integral to predicting 

their occurrence and mitigating damages. 

Major techniques used for CHAB detection and monitoring currently include on-site automatic 

monitoring networks, ground sampling, remote monitoring with high- and low-resolution satellite, and 

remote sensing with low-altitude aircraft (World Health Organization 1999, Gómez et al. 2011, Matthews 

et al. 2012, Duan et al. 2012, Kudela et al. 2015). Satellite imaging can survey large areas, but are limited 

in resolution and frequency, and are challenged by cloud cover and atmospheric distortion (Kudela et al. 

2015). Surveying with manned aircraft can also cover large areas and be done below cloud cover but 

require government approval and cannot be conducted on a frequent, ad hoc basis (Downing et al. 2006). 

Ground sampling and monitoring networks lack the coverage and mobility to track spatially dynamic and 

wind-driven early CHABs. 

Proactive monitoring for targeted bioremediation of CHABs requires the ability to locate smaller, 

nascent blooms earlier in the year (Qu et al. 2014). However, detection of small scale, nascent CHABs are 

challenged by their temporal and spatial heterogeneity, rapid occurrence and disappearance, diurnal 

buoyancy cycles, the impact of wind, and their cosmopolitan, dynamic composition. The spatial 
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distribution of small-scale blooms can rapidly change with wind, hydrological and solar conditions. The 

timing of blooms also varies from year to year and between lakes. Additionally, cyanobacterial bloom 

structures include colony aggregations with diameters under 10 cm, wind-generated ribbons under 20 cm 

wide and 100 cm in length, patches measuring over 1 m in diameter during calm, stagnant conditions, and 

thick mats measuring over 1 m in diameter (Anderson 2018). Even larger structures require a resolution 

of at least 25 m/pixel to accurately quantify (Lekki et al. 2019). As satellite imaging used for 

environmental monitoring such as MERIS and MODIS are typically limited to the >100 m/pixel range, it 

is of limited use for monitoring early CHABs. 

Recent advances in consumer grade, retail unmanned aerial vehicles (UAVs) provide a potential 

solution in detecting and characterizing early blooms. These UAV typically weigh between 700 and 2000 

g, cost between $300 to $2000 CAD, and include an onboard GPS, inertial measurement unit, a 

barometric altitude sensor, and an RGB camera payload. They can typically survey up to 30 hectares at a 

GSD of under 2 cm/pixel and require minimal training and regulatory permissions to operate in rural 

areas. The use of retail UAV in research, particularly in environmental monitoring has taken off as their 

specifications and reliability have drastically increased in the last five years (Yao and Qin 2019, Kislik et 

al. 2018). Surveying with UAV can be conducted on demand and with high frequency, which can 

facilitate monitoring sensitive and dynamic ecosystems such as forests, rivers, and shorelines (Krause et 

al. 2019, Flynn and Chapra 2014, Colomina and Molina 2014). 

Previous studies with UAV have demonstrated their ability to detect and monitor CHABs, mostly 

in controlled or artificial settings, and with custom UAV with spectral sensor payloads (Van der Merwe 

and Price 2015, Kislik et al. 2018, Lyu et al. 2017, Qu et al. 2019). Detection and quantification with 

consumer grade UAV was limited due to an inability to extract cyanobacterial coverage information from 

imaging. Qu et al. (2019) recently developed an algorithmic approach to enhancing the cyanobacterial 

signal from RGB images. It capitalizes on the spectral characteristics of CHAB species with a two-step, 

post-processing approach that uses a machine learning algorithm to enhance the RGB bands that 
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correspond to reflectance peaks of CHABs. This approach combines the low cost, high resolution, high 

frequency, and ad hoc sampling that can be achieved with newer generations of consumer grade UAV 

with the detection capability of spectral sensors, and allows us to quantify the distribution of small-scale, 

early blooms. 

Environmental DNA (eDNA) is a powerful and diverse approach in ecological monitoring that 

complements CHAB detection with UAV and has the potential to be a low-cost alternative to expensive 

direct toxin quantification methods such as immunoassays or liquid chromatography-mass spectrometry 

(LC-MS). Quantitative PCR (qPCR) on eDNA extracted from water samples can be used to quantify 

potentially toxigenic strains of cyanobacteria (Otten et al. 2012). Although monitoring with UAV can 

rapidly quantify the coverage and distribution of small CHABs, it cannot detect the presence of specific 

species or cyanotoxins. The use of eDNA in conjunction with UAV monitoring allows us to assess early 

CHAB composition and potential toxicity in addition to distribution and coverage. 

In this study, we aim to demonstrate a proof of concept for locating and monitoring early CHABs 

with UAV in a representative lake in southern Ontario and create a temporally specific model with 

localized predictors for small scale CHAB prediction. Although CHAB modelling and forecasting on an 

annual level has been largely successful on larger systems such as Lake Erie (Wynne et al. 2013), 

modelling has rarely been applied to smaller systems and typically relies on large scale, costly nutrient 

loading assessment for forecasting. The impact of weather, water body topography, hydrology, 

macrophytes, and water physiochemistry on CHAB formation has been largely studied individually and 

on an annual or seasonal basis. Through the use of our two-step, algorithmic approach with consumer 

grade UAV and eDNA sampling, we aim to address the following: 

1. Can UAV be used to monitor CHABs in a natural waterbody with high temporal and spatial 

frequency? 

2. What are the temporally specific biotic and abiotic factors that correlate with localized CHAB 

coverage? 
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3. Is gene quantification with qPCR on eDNA a potential replacement for toxin quantification? 

3.2. Methods 

3.2.1. Study sites 

Our study site was at Milburn Bay (44.407193 N, -76.367001 W), a shallow bay in the southwest 

end of Dog Lake, South Frontenac County, ON, Canada. Located in the most southern and shallowest of 

the three basins of Dog Lake, Milburn Bay has an average depth of 2 m and surface area approximately 

20 hectares. Water flows from Milburn Creek, originating in Loughborough Lake, at the northeast corner 

of the bay to the rest of Dog Lake at the west side of the bay. Cliffs and tree cover border the north of the 

bay, a narrow tree covered peninsula borders the south of the bay, and a marsh borders the bay’s east. 

Human activity surrounding the bay is mainly residential and agricultural. The bay is heavily eutrophic, 

reaching a total phosphorus concentration of 128 ug/L on July 29th in 2019, and has a history of several 

cyanobacterial blooms. Milburn Bay is also heavily vegetated. Emergent macrophytes cover much of the 

area for much of the spring and early summer, predominantly duckweed. 

Through our outreach efforts, we obtained access to three docks owned by local residents for our 

water sampling and UAV operations (Figure 3.2.1), which formed a rough sampling transect originating 

at the inflow source. We conducted our sampling at the end of the docks, which each extended 

approximately 5 m from the shoreline, with the water at least 0.6 m deep. Although we conducted UAV 

surveys over the entirety of the bay, we concentrated our analysis on three quadrats measuring one 

hectare each that extended in a rough sampling transect that corresponded to our water sampling sites 

(Figure 3.2.1). We did this to avoid the additional complexity of land features and shadows, and to ensure 

that our UAV imaging better corresponded to our water sampling. 
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Figure 3.2.1. Sampling sites for our 2019 May to October field season at Milburn Bay, Dog Lake, South 

Frontenac County, Ontario. The bright squares represent UAV imaging quadrats, while the white arrows 

point to corresponding sites for water sampling. All UAV operations originated at site 1. The image was 

taken on September 5th, 2019. 

 

3.2.2. UAV and image sensor description 

We used a ready-to-fly DJI Mavic Pro (DJI Industries, Shenzhen, China) for this study. The 

Mavic Pro measures 33.5 cm diagonally when unfolded and weighs 734 g. The frame is composed of 

high impact polystyrene. The UAV includes an onboard IMU with 2 accelerometers and 2 gyroscopes, 

and a GPS unit that automatically geotags captured images. The onboard camera has a 1/2.3” diameter, 26 

mm focal length (full frame equivalent), 12 MP, 1.55 μm pixel size CMOS sensor and is mounted on a 3-

axis gimbal. The camera has an ISO range of 100-3200, an electronic shutter speed range of 8-1/8000 s 

and a fixed aperture of f/2.2. The UAV had a second-hand market value of approximately $1000 as of 
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2019. Captured images were 4000 x 3000 pixels in resolution and taken with the ‘Vivid’ colour profile at 

an ISO of 100 and a minimum shutter speed of 1/100 seconds, with the ‘equal distance interval’ setting. 

Detailed information on UAV and camera parameters are in Table 3.2.1. 

Table 3.2.1. UAV and camera parameters 

Aircraft Model DJI Mavic Pro 

Airframe Material High Impact Polystyrene 

Dimensions H83 mm x W83 mm x L198 mm (folded) 

335 mm (diagonal unfolded) 

Weight 734 g 

Battery DJI Mavic Pro 3830 mAH LiPo 3S 43.6 Wh Intelligent Flight Battery 

Ground Station 

Software 

DJI Ground Station Pro iPad App 

Max Flight Duration Up to 27 min 

Max Flight Speed Up to 65 kph 

GPS Yes 

Gimbal Stock 3-axis gimbal 

Camera 1/2.3” (CMOS) 12 MP 78.8o FOV 26mm focal length f/2.2 stock camera 

 

3.2.3. Data acquisition 

We conducted aerial surveys approximately weekly from June 6th to August 13th and twice 

weekly from August 13th to October 20th, 2019 (42 surveys conducted on 29 days over a 20-week 

sampling period) with a Mavic Pro UAV. We generated flight plans with the DJI Ground Station Pro app 

on a 2018 11-inch Apple iPad Pro (Apple Inc, Cupertino, USA). Flight paths captured the entire area of 

the bay, with sufficient land coverage for georeferencing and correction.  

Prior to each potential flight day, we checked the area for precipitation within the last 48 hours, 

cloud cover, wind speed and temperature on the website Windy.com (Windy, Prague, Czech Republic). 

We excluded dates with heavy precipitation forecasted or in the 48 hours prior to sampling, high winds, 

or uneven cloud cover, and we conducted flights on the next suitable day. We excluded days with 

precipitation or high winds due to the impracticality of UAV operations in adverse weather conditions, 
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and we excluded days with uneven cloud cover due to imaging artifacts and water surface reflections 

reducing the quality of photogrammetry.  

We ran flight operations from a privately owned dock on the southeast corner of Milburn Bay, at 

44.407468 N, -76.363537 W (Figure 3.2.1). We also performed water sampling for environmental DNA 

and toxin analysis at the same location. Prior to each flight operation, we placed red, green, and blue 

coloured boards, measuring 80 cm by 80 cm on the dock to act as 1) reference points for colour profile 

assessment and correction, and 2) control points for manual georeferencing adjustment and alignment. All 

flights occurred before the sun reached an altitude angle of 50.6o, the complementary angle to the field of 

view of the UAV camera. 

Before the first flight of each sampling date, we checked the UAV’s compass and IMU using the 

DJI Go 4 app (DJI Industries, Shenzhen, China) on an iPad Pro. We then placed the UAV on a coloured 

board, which also served as a launch pad, and manually took off to a height above ground (AGL) of 50 m. 

We set the focus to infinity through setting the gimbal to the nadir angle, tapping the center of the field of 

view and switching to manual focus, set the colour profile to vibrant, and set the auto-exposure to an EV 

of 0. Following this, we switched to the DJI Ground Station Pro app and uploaded the flight path. We 

then monitored the UAV using the DJI Ground Station Pro app for flight operations and camera function. 

For technical details on flight and imaging parameters, see Table 3.2.2. After completing flight 

operations, we used the return to home function to land the UAV. 
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Table 3.2.2. UAV flight and imaging parameters at Milburn Bay 

Flight Area Name Milburn Bay, Dog Lake 

Estimated Flight Time 18 min 21 sec 

Estimated Flight Distance 7091.5 m 

Estimated Number of Photos 277 

Waypoints; Course Count 20 PTS; 10 courses 

Coverage Area 33.02 ha (380 m by 718 m) 

Capture Interval Frontal: 23.2 m, Side: 49.8 m 

Shooting Angle Parallel to main path, nadir 

Capture Mode; Flight Course Mode Equal distance intervals; inside mode 

Speed 27.8 km/h 

Shutter Interval 3 sec 

Colour Profile Vibrant 

Above Ground Level 100 m 

Ground Sampling Distance 3.53 cm/pixel 

Frontal Overlap Ratio 75% 

Side Overlap Ratio 60% 

Course Angle 199o 

Starting Coordinate 44.409696554, -76.364605803 (NE corner) 

Ending Coordinate 44.403992190, -76.368314594 (SW corner) 

 

3.2.4. Auxiliary data collection 

We sampled local weather data for the duration of the sampling period from an Acurite 02064M 

Pro weather station (Chaney Instrument Co, Lake Geneva, USA) set up according to manufacturer’s 

specifications at Maple Hill, South Frontenac County, Ontario, Canada (44.398594 N, -76.352457 W), 

located atop a hill approximately 1.5 km from our base of operations at Milburn Bay. We collected the 

weather station data in 5 min intervals from the site Weather Underground (The Weather Company, San 

Francisco, USA), collecting wind speed and direction, air temperature, humidity, precipitation, and solar 

radiation. We binned data into hourly means, 12-hour means, 24-hour means, mean of the previous day, 

and 3/5/7 day means. Precipitation was summed for each time period. 

On each sampling date, we measured the pH, specific conductance, and temperature of the lake 

surface at dock sampling sites 1, 2 and 3 (Figure 3.2.1) using an Apera PH60-E Premium Pocket pH 

Tester (Apera Instruments LLC., Colombus, USA), dipping the pH meter in the water until the reading 
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stabilized. We rinsed the pH meter with water between uses and calibrated it weekly. The three docks 

extended in a line from the inflow source, Milburn Creek, and were approximately 50 m, 250 m, and 450 

m from the inflow. Each dock extended approximately 5 m from the shoreline. 

We also sampled and extracted eDNA from Milburn Bay and ran qPCR to quantify the 

concentration of the Microcystis 16S rRNA gene and mcyE gene at the time of each UAV survey. Refer 

to Chapter 2 for a detailed protocol on eDNA extraction and quantification. Additionally, we obtained a 

dataset on the concentration of 11 microcystin congeners and anatoxin-a in the water at the same location 

and time period. Cyanotoxin levels were analyzed at the Ontario Ministry of the Environment (Toxic 

Organics Section – Mass Spec Lab) using LS-MS. 

3.2.5. Image processing 

We stitched the resulting images with Agisoft Photoscan (St. Petersburg, Russia), a commercial 

photogrammetry program which produces geometrically rectified orthoimages with the following steps. 

We first checked the quality of our images, discarding sets with focusing errors, colour profile errors, 

exposure errors or large numbers of artifacts such as glare from waves or reflected clouds. We then 

loaded the image set into Agisoft Photoscan and set the coordinate system to Geographic WGS84. We 

aligned the photos with an accuracy of high, reference preselection and a key point limit of 120 000. The 

program uses the GPS tags of the images combined with gimbal positioning data and overlapping 

common points between image pairs to produce a sparse point cloud. We then build a dense point cloud 

on the high setting, which creates and merges depth maps for those overlapping image pairs. This is 

followed by producing a mesh, which connects the dense point cloud into polygons. We then generate a 

3D digital elevation model (DEM) from the mesh, which reduces artifacts from height, and finally an 

orthomosaic. This orthomosaic generation is necessary for increasing surveying coverage without 

conducting higher flights and reducing resolution and geometric rectification due to barrel distortion from 

rectilinearity.  
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Drone aerial surveying is typically conducted with a real-time kinematic (RTK) UAV, which 

carries a satellite GNSS RTK receiver and uses a GNSS base station to correct image geotag data through 

triangulation as it flies. This is because satellite data by itself is error-prone and provides a maximum 

accuracy of approximately 1 m, which is too inaccurate for the centimetre-level accuracy required for 

cartographic orthoimage generation. However, RTK UAV are typically expensive and require additional 

operator training. As we aimed to create a workflow conductive to citizen science, we added an additional 

ad-hoc manual ground control point (GCP) georectification step. We initially identified 44 GCP of 

invariant landscape objects within our orthoimages (such as buildings and rock faults). We then overlaid 

each image over a georectified reference using Adobe Photoshop CS6 (Adobe Inc, San Jose, USA). Using 

the puppet warp function, with the new image at 50% transparency, we shifted each GCP on our images 

to the correct location on the reference image. 

As each flight covered 33 HA and contained numerous geographic features such as forest, 

marshland, and cliffs, we cropped 3 square quadrats measuring 100 m by 100 m from each orthoimage of 

the whole bay using Photoshop’s batch processing feature. These quadrats were areas closest to the docks 

that we conducted our water sampling that did not contain any land or shadows, which would introduce 

additional noise to our cyanobacterial detection. We assumed that the quadrats had the same weather due 

to their geographic proximity. Therefore, we did not set up additional weather stations for each site, and 

concluded that our assumption of independence of observations was still met. 

3.2.6. Ground sampling distance 

We obtained the ground sample distance of the orthoimage quadrats through the following 

equation, where Wp refers to the pixel width of the image and Wg refers to the ground distance width of 

the image: 

𝐺𝑆𝐷 = 𝑊𝑔/𝑊𝑝 
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We converted the pixel count of quadrats to square centimetres with the following equation, 

where P refers to the pixel count, Lg and Wg refers to the ground distance length and width of the image, 

and Lp and Wp refer to the pixel length and width of the image. 

𝐴𝑟𝑒𝑎 = 𝑃 × [
𝐿𝑔 × 𝑊𝑔

𝐿𝑝 × 𝑊𝑝
] 

3.2.7. Algae detection program 

We used an unsupervised classification algorithm to enhance the cyanobacterial signal in our 

images. This algorithm had four essential steps: radiometric correction, image enhancement, 

classification, and an optional post-processing accuracy assessment. In the radiometric correction step, we 

adjusted for differences in ambient lighting conditions by using the previously mentioned coloured boards 

as invariant reference objects. We then corrected for differences in the RGB values of the coloured boards 

through linear regression and digital colour matching. In the image enhancement step, the algorithm 

enhanced the pixel values in the red channel of the RGB image and reduced the pixel values of the green 

and blue channels. This is because cyanobacterial biomass corresponds to the red channel in RGB colour 

space, which is complementary to the predominantly cyan colour cyanobacterial blooms exhibit due to 

their phycocyanin and chlorophyll pigments. This is followed by the classification step, which uses 

forwards principal components rotation, and the k-means function to bin the now enhanced RGB values 

into clusters (Qu et al. 2019). This step uses sum squares to bin pixels to clusters of minimum variances. 

This generates a classification map, which the user then selects clusters representing cyanobacteria, non-

cyanobacteria, which was primarily emergent macrophytes, and background, which was clear water. We 

conducted accuracy assessment using a confusion matrix, which was not used in this study because test 

images provided a kappa value of over 0.75. The output of the algorithm was an RGB image with pixels 

representing cyanobacteria enhanced in brightness, pixels representing macrophytes reduced to black and 

pixels representing background water unmodified. Further details on the algorithm can be found in Qu et 

al. (2019).  
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3.2.8. Cyanobacterial bloom and plant coverage quantification 

We used ImageJ (National Institutes of Health, Bethesda, USA) to quantify the enhanced 

cyanobacterial and emergent macrophyte signal in our images. We isolated the cyanobacterial signal in 

each image using Yen’s thresholding method (Yen et al. 1995). We then quantified this using the analyze 

particle function, which outputs the number of cyanobacterial particles, their total pixel coverage, and the 

percent coverage of the whole quadrat. We then converted the image to 8-bit grayscale and used the 

threshold function to isolate the emergent macrophyte through setting the minimum and maximum 

threshold boundaries around the histogram peaks. This method also subtracts the previously isolated 

cyanobacterial signal. We quantified the thresholded emergent macrophyte signal with the analyze 

particle function again. We then converted the resulting macrophyte and cyanobacterial coverages from 

pixels to square centimetres. We divided macrophyte coverage into 1-day, 3-days, 7-days, 2-weeks, 4-

weeks, 6-weeks, and 8-weeks prior to the sampling date to examine the impact of different timing. 

3.2.9. Statistical analysis 

We conducted statistical analyses using IBM SPSS Statistics 26 (IBM, Armonk, USA). We 

initially performed a log10 transformation on our cyanobacterial area coverage to normalize our data. We 

then used automatic linear modelling using the best subsets model selection method with cyanobacterial 

bloom coverage area as our dependent variable and our 38 biotic and abiotic predictor variables at 

different timeframes to generate the combination of predictor variables with the lowest information 

criterion value. We then conducted a multiple linear regression on those predictor variables, generating 

the beta coefficients, t values and p values for each variable, as well as the R2 value, F value, and p value 

for the whole model. We plotted the residuals to verify normality and ran collinearity diagnostics. 

Additionally, we conducted independent samples t-tests on cyanobacterial and emergent 

macrophyte particle size and total coverage between quadrats experiencing wind blowing from and inland 

direction and wind blowing from an offshore direction.  
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Finally, we ran simple linear regressions between log transformed Microcystis 16S rRNA and 

mcyE eDNA concentrations with the aggregated concentration of the 11 microcystin congeners at the 

corresponding dates and times. 

3.3 Results 

We conducted a total of 50 UAV flights at a height of 100 m over 20 sampling weeks at Milburn 

Bay. We conducted flights from June 6th to August 20th weekly, and conducted flights from August 23rd to 

October 20th twice weekly when weather permitted during 2019. Flights conducted multiple times in a 

single sampling date were separated by at least one hour. We began all flights between 7:50 AM to 11:44 

AM, when the altitude angle of the sun was between 30o and 50.6o, the complement of the FOV of our 

UAV camera and the maximum angle at which water surface glare can be avoided. Eight flights were 

excluded due to poor image quality from severe artifacts from cloud cover or incomplete 

photogrammetric stitching. These omissions did not affect the overall UAV image analyses of this 

research. The 42 remaining flights were cropped into three 100 m by 100 m quadrats along an 850 m 

transect from the inflow source to the outflow of Milburn Bay, separated by approximately 300 m (from 

center to center), for a total of 126 images. As no CHABs were present prior to July 15th, we excluded 

June 6th to July 8th from our analysis, and log10 transformed coverage data to fit assumptions of normality. 

In addition to the data on CHAB and emergent macrophyte coverage that we collected with UAV 

surveys, we also used weather, water parameter, micro-geographic, eDNA and cyanotoxin data. We 

collected weather data for 47037 timepoints from an Acurite 02064M Pro weather station from May 1st to 

October 31st. Data was mostly in 5-minute intervals, with some gaps due to equipment error and 

servicing.  We measured temperature, air pressure, wind direction, wind speed, humidity, precipitation 

and solar radiation. We binned wind direction into ‘inland’, representing the 180o arc inland to a UAV 

quadrat, and ‘offshore’, representing the 180o arc offshore to a UAV quadrat. All other weather data was 

binned into hourly means, 12-hour means, 24-hour means, means of the previous day, and 3/5/7 day 
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means. Additionally, we measured sites 1, 2, and 3 (Figure 3.2.1) for water temperature, conductivity and 

pH during each UAV survey.  

We measured the distance between the centre-point of each UAV quadrat to Milburn Creek, the 

inflow source, using Google Earth (Google, LLC., Menlo Park, California, USA). Site 1 was 

approximately 50 m from Milburn Creek, site 2 was approximately 250 m from Milburn Creek, and site 3 

was approximately 450 m from Milburn Creek. We also found the approximate average depth of each 

UAV transect using bathymetry maps from Navionics (Navionics, Massarosa, Italy). Site 1 measured 

approximately 1 m deep, site 2 measured approximately 2.5 m deep, and site 3 measured approximately 

1.5 m deep. Finally, we measured eDNA concentrations at two sites for the Microcystis aeruginosa 16S 

rRNAand mcyE genes weekly between August 19th and October 24th. We also obtained a dataset on the 

water concentration 11 microcystin congeners and anatoxin-a, measured at the same time period and site. 

We omitted September 26th due to sample loss. 

3.3.1 Descriptives 

We were able to determine the surface coverage and aggregation size of CHABs and emergent 

macrophytes in three 100 m by 100 m quadrats along a sampling transect from the inflow to the outflow 

of Milburn Bay using our cyanobacterial detection algorithm. The surface coverage of CHABs and 

emergent macrophytes is shown over our 5-month sampling period (Figures 3.3.1, 3.3.2). CHABs first 

appeared in sites 1 and 2 on July 15th. CHAB coverage peaked in late August and early September in site 

1, reaching 3358 m2 or 33.34% of the quadrat on August 29th and 2022 m2 or 20.08% of the quadrat on 

September 5th. In site 2, CHAB coverage peaked in early September, reaching 9997 m2 or 99% of the 

transect on September 5th. Finally, CHAB coverage in site 3 peaked in mid-September, reaching 6500 m2 

or 64.56% of the quadrat on September 17th. Average cyanobacterial coverage in our analysis period, 

between August 5th and October 20th was 291 m2 in site 1, 467 m2 in site 2 and 870 m2 in site 3. Emergent 

macrophyte coverage was present throughout the sampling season. Coverage in site 1 peaked on July 15th 

at 9252 m2 and averaged 2217 m2 between June 6th and October 20th. In site 2, coverage peaked on July 
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29th, at 1120 m2, and average 157 m2 in the same time period. Finally, coverage in site 3 peaked on June 

6th, at 3828 m2, and again on July 29th, at 3619 m2, and averaged 1243 m2.  

 
Figure 3.3.1. Coverage of cyanobacterial harmful algal blooms in m2 in the site 1, 2, and 3 quadrats (100 

m by 100 m) at Milburn Bay, Dog Lake, from June 6th to October 20th, 2019. 

 
Figure 3.3.2. Coverage of emergent macrophytes in m2 in the site 1, 2, and 3 quadrats (100 m by 100 m) 

at Milburn Bay, Dog Lake, from June 6th to October 20th, 2019. 
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3.3.2. Regressions 

We successfully detected, quantified and localized small CHABs from their onset to their 

disappearance in a 23-hectare bay over a 5-month field season. We generated a model with the strongest 

predictors using the SPSS automatic linear modelling function. We used the best subsets model selection 

method, cycled through different temporal groupings of predictor variables, and selected the model with 

the lowest information criterion value. Our model selection is depicted in Table 3.3.1. After data 

preparation through trimming outliers with high Cook’s Distance values, we generated a model that 

included average depth, mean air temperature of the previous day, water temperature at sampling, 

cumulative precipitation of the previous three days, solar radiation of the previous hour, and macrophyte 

coverage two months prior to sampling as our predictor variables (Table 3.3.2). 

Table 3.3.1. Model selection with best subsets selection criteria 

Effect 
Model 

1 2 3 4 5 6 7 8 9 10 

Average Depth ✓ ✓  ✓ ✓  ✓  ✓ ✓ 

Air Temperature  

(Previous Day Mean) 
✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 

Water Temperature ✓ ✓ ✓ ✓  ✓  ✓ ✓ ✓ 

Precipitation 

(3-Day Sum) 
✓ ✓ ✓  ✓ ✓  ✓ ✓  

Solar Radiation 

(1-Hour Mean) 
✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 

Macrophyte Coverage  

(2-month Previous) 
✓ ✓ ✓ ✓ ✓ ✓ ✓   ✓ 

Humidity  

(Previous Day Mean) 
 ✓    ✓    ✓ 

Distance from Inflow   ✓   ✓  ✓   

Information Criterion -18.532 -17.587 -16.259 -15.939 -15.859 -15.301 -15.008 -14.846 -13.088 -13.944 
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Table 3.3.2. Cyanobacterial bloom coverage predictor coefficients  

Model Term Coefficient Std.Error t Sig. 
95% Confidence Interval 

Importance 
Lower Upper 

Intercept -1.017 0.408 -2.492 0.014 -1.825 -0.209  

Air Temperature  

(Previous Day Mean) 
0.227 0.036 6.260 <0.001 0.155 0.299 0.389 

Solar Radiation 

(1-Hour Mean) 
-0.005 0.001 -5.632 <0.001 -0.007 -0.003 0.315 

Average Depth 0.796 0.171 4.649 <0.001 0.457 1.135 0.129 

Macrophyte Coverage  

(2-month Previous) 
-0.002 0.000 2.736 0.007 0.000 0.000 0.074 

Water Temperature -0.087 0.040 -2.176 0.032 -0.166 -0.008 0.047 

Precipitation 

(3-Day Sum) 
0.031 0.014 2.158 0.033 0.003 0.060 0.046 

 

Our predictor variables statistically significantly predicted log10 transformed CHAB coverage, 

F(6, 83) = 14.973, p < 0.001, R2 = 0.520. All variables were significant at one tailed alpha level of 0.05 

(Table 3.3.2). Air temperature and average depth had positive coefficients, while solar radiation, 

macrophyte coverage, and water temperature had negative coefficients (Table 3.3.3). Air temperature and 

solar radiation were the most important contributors based on residual sum of square differences (Table 

3.3.2). Average solar radiation of the hour prior to sampling, average air temperature of day prior to 

sampling, water temperature at sampling, and cumulative precipitation of three days prior to sampling are 

shown for the sampling season (Figures 3.3.3-3.3.6).  
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Table 3.3.3. Cyanobacterial bloom coverage predictors model summary statistics 

Source Sum of Squares df Mean Square F Sig. Importance 

Model Summary 110.027 6 18.338 22.591 <0.001  

Air Temperature  

(Previous Day Mean) 
31.809 1 39.186 39.186 <0.001 0.389 

Solar Radiation 

(1-Hour Mean) 
25.744 1 25.744 31.714 <0.001 0.315 

Average Depth 17.544 1 17.544 21.613 <0.001 0.129 

Macrophyte Coverage  

(2-month Previous) 
6.077 1 6.077 7.486 0.007 0.074 

Water Temperature 3.844 1 3.844 4.735 0.032 0.047 

Precipitation 

(3-Day Sum) 
3.780 1 3.780 4.657 0.033 0.046 

Residual 96.598 119 0.812    

Corrected Total 206.625 125     

 

 
Figure 3.3.3. Average solar radiation of the hour prior to sampling in watts per square metre at Milburn 

Bay, Dog Lake, from June 6th to October 20th, 2019. 
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Figure 3.3.4. Average air temperature of day prior to sampling in oC at Milburn Bay, Dog Lake, from 

June 6th to October 20th, 2019. 

 
 

Figure 3.3.5. Water temperature at sampling in oC at Milburn Bay, Dog Lake, from June 6th to October 

20th, 2019. 



99 
 

 
Figure 3.3.6. Cumulative precipitation of 3-days prior to sampling in mm at Milburn Bay, Dog Lake, 

from June 6th to October 20th, 2019. 

3.3.3. Wind direction 

We compared CHAB coverage, emergent macrophyte coverage, CHAB particle size and 

emergent macrophyte particle size between images taken when the wind was predominantly offshore in 

origin and images with predominantly inland wind. This revealed that images with inland wind had 

significantly higher log10 transformed CHAB particle size, N = 81, t = 2.261, p = 0.027 (Figure 3.3.7) and 

log10 transformed CHAB coverage, N = 81, t = 2.148, p = 0.035 (Figure 3.3.8). We did not find a 

significant difference in emergent macrophyte particle size or coverage between images with inland and 

offshore wind (Figure 3.3.9, 3.3.10). Wind speed statistically significantly predicted log10 transformed 

CHAB particle size after excluding zero values for cyanobacterial particle size, F(1, 61) = 5.237, p = 

0.026, R2 = 0.079 (Figure 3.3.11). 
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Figure 3.3.7. Mean area of cyanobacterial bloom particles in m2 with offshore and inland wind. Boxes 

represent the first to third quartile while whiskers represent 95% confidence intervals. Lines within boxes 

represent the median. Dots represent outliers. Sites with inland wind direction had significantly greater 

mean log10 transformed aggregation area than sites with offshore wind (N = 81, t = 2.261, p = 0.027). 

 
 

Figure 3.3.8. Mean coverage area of cyanobacterial bloom in m2 with offshore and inland wind. Boxes 

represent the first to third quartile while whiskers represent 95% confidence intervals. Lines within boxes 
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represent the median. Dots represent outliers. Sites with inland wind direction had significantly greater 

mean log10 transformed aggregation area than sites with offshore wind (N = 81, t = 2.148, p = 0.035). 

 
Figure 3.3.9. Mean area of emergent macrophyte particles in m2 with offshore and inland wind. Boxes 

represent the first to third quartile while whiskers represent 95% confidence intervals. Lines within boxes 

represent the median. Dots represent outliers. Sites with inland wind direction were not statistically 

significantly different than sites with offshore wind (n = 81, t = 1.376, p = 0.173). 

 
Figure 3.3.10. Mean coverage area of emergent macrophytes in m2 with offshore and inland wind. Boxes 

represent the first to third quartile while whiskers represent 95% confidence intervals. Lines within boxes 
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represent the median. Dots represent outliers. Sites with inland wind direction were not statistically 

significantly different than sites with offshore wind (N = 81, t = -1.749, p = 0.082). 

 

 
 
Figure 3.3.11. Mean cyanobacterial particle size in m2 plotted against hourly average wind speed (km/h) 

at the Milburn Bay, Dog Lake field site. Curved lines represent 95% confidence intervals. β = -0.281, N = 

63, R2 = 0.079, t = -2.288, p = 0.026. 

3.3.4. eDNA Concentration and Cyanotoxin Concentration 

We collected 18 aquatic eDNA samples, two per week between August 21st and October 24th, and 

measured their concentrations of the Microcystis 16S rRNA and mcyE genes using qPCR. 16S gene 

concentrations ranged from 1.24×108 to 1.16×1011 gene copies per litre of water sampled, while mcyE 

gene concentrations ranged from 1.87×108 to 3.7×1010 gene copies per litre. In both sites and with both 

target genes, eDNA concentration peaked on October 3rd.  

We also obtained a dataset on cyanotoxin concentrations, which included 11 microcystin 

congeners and anatoxin-a, corresponding to the same sampling location and times (Hataley et al. 2021). 

These samples were processed with the protocols used by the Ontario Ministry of the Environment to test 
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for cyanotoxins. The combined concentration of the 11 microcystin congeners, ranged from 0.134 μg/L to 

2.85 μg/L, peaking on October 3rd. Anatoxin-a concentrations ranged from 0 μg/L to 1.10 μg/L, peaking 

on September 5th.  

Using this data, we created a simple linear regression model that predicted the combined 

concentration of the 11 microcystin congeners. There was a significant positive relationship between 

microcystin concentration and log2 transformed 16S rRNA gene concentration, F(16) = 6.210, p = 0.024, 

R2 = 0.280 (Figure 3.3.12). We also created a simple linear regression model that predicted microcystin 

concentration with mcyE gene concentration. The relationship was not significant, F(16) = 3.447, p = 

0.082, R2 = 0.177 (Figure 3.3.13). 

 
Figure 3.3.12. Cumulative concentration of 11 microcystin congeners in μg/L plotted against log2 

transformed concentration of the M. aeruginosa 16S rRNA gene in copies/L at the Milburn Bay, Dog 

Lake field site. Curved lines represent 95% confidence intervals. β = 0.529, N = 18, R2 = 0.280, t = 2.492, 

p = 0.024. 



104 
 

 
Figure 3.3.13. Cumulative concentration of 11 microcystin congeners in μg/L plotted against log2 

transformed concentration of the M. aeruginosa mcyE gene in copies/L at the Milburn Bay, Dog Lake 

field site. Curved lines represent 95% confidence intervals. β = 0.421, N = 18, R2 = 0.177, t = 1.857, p = 

0.082. 

3.4. Discussion 

Rapid advances in consumer grade UAV from 2015 onwards have revolutionized their use in 

scientific research, particularly in environmental monitoring. Their use facilitates the high spatial 

resolution, high temporal frequency, rapid imaging needed to track the distribution of small CHABs. 

Traditional forms of remote sensing of CHABs such as satellite imaging and manned aircraft have relied 

upon hyperspectral or multispectral sensors to differentiate CHABs from aquatic macrophytes, water, and 

other extraneous signals. Although these sensors are typically too heavy as UAV payload and lack the 

resolution to detect fine scale CHAB features (Anderson 2018), the use of an algal signal enhancement 

algorithm upon photogrammetrically stitched RGB images can facilitate the detection of CHABs with 

low cost, consumer grade UAV. 

In this study, we used an off-the-shelf DJI Mavic Pro UAV to monitor the coverage and 

distribution of cyanobacterial harmful algal blooms and emergent macrophyte coverage over the course of 
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5 months in a 23-hectare bay. We investigated the impact of local biotic and abiotic predictors on the 

distribution of CHAB coverage. We also examined the relationship between the concentration of M. 

aeruginosa eDNA and microcystins. Our regression model significantly predicted CHAB coverage in our 

quadrats with an R2 value of 0.520 after cycling through different temporal groupings of predictor 

variables, elimination of outliers, selection of the lowest AIC value model, and model trimming to reduce 

collinearity to acceptable levels. Mean depth, mean temperature of the previous 24 hours, water 

temperature, cumulative precipitation of the previous 72 hours, mean solar radiation of the previous hour, 

and plant coverage of the area 2 months prior to the sampling date were significant predictors of CHAB 

coverage. Depth, water temperature, solar radiation and plant area were negatively correlated with CHAB 

coverage, while air temperature and precipitation were positively correlated with CHAB coverage. Wind 

speed was negatively correlated with CHAB coverage and particle size in a simple linear regression, and 

CHAB coverage and particle size were significantly lower on sampling dates with inland wind. 

In general, the initiation of CHAB formation is favored by warm and calm conditions. Calm 

conditions promote vertical stratification, which may be a major determinant of bloom intensity due to 

active buoyancy control in CHAB species (Kanoshina et al. 2003). Ke et al. (2008) found that 

phytoplankton succession from green algae to cyanobacteria in Lake Taihu was controlled by abiotic 

factors, primarily increased temperatures and reductions in nitrogen. Predation by invertebrates did not 

affect phytoplankton succession, suggesting that species succession in Lake Taihu was predominantly 

bottom-up. This was in line with our data, as air temperature had the highest positive coefficient in our 

model. However, Konopka and Brock (1978) found that the temperature optima for photosynthetic 

activity in the phytoplankton population of Lake Mendota, Wisconsin was seasonally dependent, ranging 

from 30oC in early June to 20oC in October, and was typically higher than the actual water temperature. 

This may have been a protective mechanism, as solar irradiance is strongly correlated with temperature, 

and irradiance above the optima inhibits cyanobacterial growth and increases mortality. This may explain 

the negative coefficient of solar radiation in our model. 
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Although previous day air temperature had a positive coefficient in our model, water temperature 

on the sampling date had a negative correlation. This may have been because we measured water 

temperature at a single timepoint per sample, and it reflected the daily low instead of the mean. Zhang et 

al. (2016) examined the impact of daily air temperature fluctuation on the onset and average area of 

CHABs in Lake Taihu, China. A model with diel air temperature difference, interaction between mean air 

temperature and total phosphorus and the number of sunshine hours as predictor variables for annual 

CHAB average area between 2000 to 2011 had the lowest AIC and higher R2 value, with the interaction 

between total phosphorus and mean air temperature as the strongest single predictor. They also found that 

bloom onset was earlier and M. aeruginosa growth rate higher as daily air temperature fluctuation 

increased. Their results indicated that the timing of environmental variables may be an important factor in 

their role as predictors of CHABs. 

Our finding that wind speed of the previous hour was also significantly correlated with CHAB 

coverage and particle size was also consistent with the literature. The results of Kanoshina et al. (2003) 

suggest that spatial distribution of blooms is wind mediated rather than controlled by resource 

availability, even on a multi-kilometer scale. Therefore, nutrient modelling and nutrient inputs through 

inflow and internal flux may not reflect the spatial distribution of blooms within a water body. This was 

supported by Wu et al. (2013), who found that short term distribution of CHABs on Lake Taihu was 

primarily due to wind. Wu et al. also found that high wind speed induced water column mixing. This 

caused the temporary disappearance of surface blooms but was also implicated in the formation of larger 

colonies through aggregation, which then resurfaced during calm conditions.  

The impact of rainfall on CHABs is inconsistent in the literature and is likely to be highly 

dependent on the timing, location, and physiochemical characteristics of the water body (Reichwaldt and 

Ghadouani 2012). Depending on factors such as depth, sediment characteristics, drought periods, and the 

presence of outflow sources, precipitation events can either promote CHAB formation or reduce 

cyanobacterial biomass. James et al. (2008) examined the impact of precipitation from hurricane events in 
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Lake Okeechobee, Florida. They found that lakebed sediments were mixed and redistributed, and 

alterations in lake physiochemistry, macrophytes, and phytoplankton persisted for several years after the 

event. Algal bloom prevalence decreased, and the overall phytoplankton biomass remained depressed and 

diatom dominated two years after the disturbance. Precipitation can also reduce short-term cyanobacterial 

concentration through dilution and flushing. Figueredo and Giani (2001) found that rainfall events were 

associated with nutrient dilution in eutrophic reservoir, as well as reductions in water column stability. 

This resulted in reduced immediate algal biomass, and highest biomass concentration was found during 

drought periods. Very heavy rainfall in open systems can drastically reduce cyanobacterial biomass. 

Jacobsen and Simonsen (1993) found that heavy rainfall events in lake July during an intense CHAB 

caused the bloom to collapse, likely due to flushing through outflows and through disturbing 

stratification. A second heavy storm event one month later shifted the phytoplankton community from 

dominance by slow growing Aphanizomenon to faster growing, small cryptomonads. Bouvy et al. (2003) 

found that drought increased DO and pH variation, conductivity, alkalinity, and turbidity, and was 

associated with higher algal biomass, which concurred with the observations of property owners on Dog 

Lake between 2016 to 2019 (Shirley French, personal communication 2019). Drought also increased 

water column stability, and the high turbidity reduced light availability. Rainfall then caused an 

overturning event that flushed the system and reduced algal biomass. 

However, the literature also indicates that precipitation can be positively correlated with CHABs. 

Heavy rainfall early in the year can increase the likelihood and size of CHABs through lakebed 

disturbance promoting recruitment and increased nutrient runoff. Noges et al. (2011) found that higher 

precipitation and a wet winter were associated with greater algal biomass in an oligotrophic lake, likely 

due to a greater nutrient load from winter runoff. Kebede and Belay (1994) found that precipitation events 

were associated with immediate increases in total phytoplankton biomass in a eutrophic lake in Ethiopia, 

which was dominated by Lyngbya nyassae, Botryococcus braunii, and M. aeruginosa. Rainfall was 

associated with reduced air temperature and water column mixing, which likely increase internal release 



108 
 

of nitrate and phosphate from the sediment (Kebede and Belay 1994). Similarly, precipitation over the 

past three days in our sampling site had a positive coefficient in our model. This may have been due to the 

shallow depth of Milburn Bay, which may have facilitating recruitment from water column mixing. The 

timing of precipitation and its interactions on the topographic characteristics of water bodies likely 

determines its impact on CHABs. 

In addition to abiotic factors, emergent macrophyte coverage two months prior to sampling dates 

was also a component of our regression model and had a negative coefficient. This was similar to annual 

cumulative findings in the literature, and the presence of macrophytes is generally considered to be 

negatively correlated with CHAB prevalence, even in eutrophic lakes with heavy nutrient loads 

(Bareuthers et al. 2020). Indeed, macrophytes have long been used for bioremediation to control 

microalgae (Wang et al. 2020, Zhang et al. 2019), and the introduction of emergent and submergent 

macrophytes can greatly improve water quality parameters such as chlorophyll-a, chemical oxygen 

demand, total nitrogen, total phosphorus, temperature, and turbidity (Zhang et al. 2019). This functions 

through three potential mechanisms: competition for nutrient, shading and allelopathy. Wang et al. (2012) 

found that the presence of the submergent macrophyte species Lindernia rotundifolia, Hygrophila stricta, 

and Cryptocoryne crispatula had a high nitrogen and phosphate removal rate and an inhibitory effect on 

cyanobacterial growth in microcosm settings. Similar results were found with a combination of emergent 

and submergent macrophytes in a drinking water reservoir by Qin et al. (2010). Certain macrophyte 

species may also inhibit the presence of cyanobacteria through allelopathic interactions (Hu and Hong 

2008, Mohamed 2017). 

Light competition is a major factor in the community dynamics of aquatic plants (van Gerven et 

al. 2015). Emergent macrophytes may reduce cyanobacterial growth through shading the water column 

earlier in the season and outcompeting CHABs for light during their vegetative growth life stage. 

Roijackers et al. (2004) performed microcosm experiments examining the impact of nutrient and light 

competition between Lemna gibba (duckweed) and algae. They found that duckweed outcompetes algae 
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for light even in high nitrogen nutrient conditions but was in turn outcompeted for nutrients when light 

was limited. Like other emergent macrophytes, duckweed typically thrives as early as May in southern 

Canada and can grow in temperatures as low as 6oC, earlier than the optimal season and temperature for 

most CHAB-forming cyanobacterial species (Leng et al. 1995). As duckweed growth is inhibited by 

turbulence and therefore confined to areas of a waterbody that are sheltered from wind, these areas may 

be relatively free of early CHAB development despite otherwise favorably stagnant, shallow, and 

eutrophic conditions. 

Although our cyanobacterial signal enhancement algorithm workflow adequately detects CHAB 

coverage through applying to RGB images obtained with a low-cost UAV survey (Qu et al. 2019), it can 

be improved through incorporating environmental and biotic predictor variables as priors, although this 

will require additional validation. For example, the presence of macrophyte coverage, which is relatively 

invariant over the time course of a day, precludes CHAB coverage in those pixels. Therefore, pixels in 

areas that have previously been identified as macrophytes could be reduced in signal, with the reduction 

relative to the time elapsed between the previous image and the current. Abiotic factors such as wind may 

alter the likelihood of localized CHAB coverage, and a reduction of the signal may be applied globally 

across the image in proportion to wind speed. Finally, our algorithm uses k-means clustering and 

enhances cyanobacterial signal solely based on spectral characteristics. As CHAB and macrophyte 

coverage follow spatial distribution patterns (Anderson 2018), the addition of a spatial clustering method 

such as k-nearest-neighbor chain algorithm may improve the efficiency of our algorithm (Fu et al. 2019). 

Despite the potential of UAV in rapid monitoring and surface coverage quantification of small 

CHABs, it lacks the ability to detect cyanobacteria prior to the formation of a surface bloom and cannot 

detect bloom composition or cyanotoxin quantities. As cyanotoxins are one of the most important impacts 

of CHABs, and their quantification a key goal in public health, another tool is needed for more 

comprehensive monitoring. The use of qPCR for quantifying microcystin associated genes was first 

pioneered by Foulds et al. (2002). They successfully differentiated between toxic and non-toxic strains on 
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lab samples but did not attempt to compare gene copy numbers with toxin concentrations. In 2003, 

Vaitomaa et al. found positive correlations between microcystin concentrations and Microcystis mcyE 

gene copy numbers on lake samples. However, further literature on correlations between cyanotoxin 

concentrations and their corresponding gene copy numbers has been mixed, with 22 out of 38 papers 

published between 2003 and 2015 indicating correlations between mcy gene copy numbers and 

microcystin concentrations and 11 papers indicating no correlation (Pacheco et al. 2016). In our study, we 

detected eDNA from M. aeruginosa at concentrations of upwards of 1.26×1011 16S rRNA gene copies/L, 

a hundredfold above the levels detected during our winter sampling in Chapter 2. We also detected levels 

of microcystin congeners above the 1 µg/L guideline for drinking water (Health Canada 2020) between 

late August and early October in the Dog Lake site, and in early October in site 1 on Milburn Bay. 

Surprisingly, the concentration of the 16S significantly predicted the concentration of microcystins, while 

the mcyE gene did not. This may be because not all of the 11 microcystin congeners we examined 

involved the mcyE protein product in their synthesis pathways. Despite the significant p-value in our 

regression model with the 16S rRNA gene, the R2 value was low. This is likely due to the cosmopolitan 

composition of blooms, the production of similar cyanotoxins by cyanobacteria of different taxa, and the 

impact of environmental and temporal factors on cyanotoxin production. Panksep et al. (2020) found a 

positive correlation between microcystin quota per mcyE gene copy and water temperature, supporting the 

idea that the use of environmental predictors can improve the use of qPCR-derived mcy gene copies in 

eDNA samples as a low-cost indicator of cyanotoxin concentrations. Through expanding our qPCR to test 

for multiple cyanobacterial species and incorporating short-term environmental variables into our model, 

we may be able to predict cyanotoxin concentration from eDNA surveys with a much higher degree of 

accuracy in the future. 

In addition to microcystins, we detected remarkably and consistently high concentrations of 

anatoxin-a in our samples, a cyanotoxin that was previously rarely detected in Ontario lakes and rarely 

considered in public health (Health Canada 2020). From 2000 to 2004, only 2 out of 286 samples from 



111 
 

Lake Erie had an anatoxin-a concentration of above 0.1 µg/L, while 84 out of 293 samples had a 

microcystin-LR concentration of above 0.1 µg/L, and 11 had a concentration above 1 µg/L. Overall 

prevalence of anatoxin-a across the major lakes of New York State was under 1% for samples testing 

above 1 µg/L, under 2% for samples above 0.1 µg/L and 4% for samples above 0.01 µg/L, compared to 

15%, 36%, and 50% for microcystin-LR in each of those categories (Boyer 2007). Our results indicate the 

need for additional testing for anatoxin-a, particularly in smaller, shallower lakes. 

Overall, our study demonstrates the potential of a two-step, algorithmic UAV imaging approach 

and eDNA in detecting CHABs. We collected UAV images of a shallow bay between June and October 

and generated a regression model with temporally specific biotic and abiotic variables that significantly 

predicted CHAB coverage with a high R2 value. The temporal binning of predictor variables had a major 

impact in their contribution to our model, indicating that timescale of predictors must be taken into 

consideration with CHAB modelling. UAV surveying had several benefits over traditional remote sensing 

methods.  We were able conduct sampling with high temporal frequency, at rates that are not possible 

with aircraft and satellite imaging, and on overcast days that would obscure satellite imaging. Our spatial 

resolution was 3.5 cm/pixel, which is higher than what is achievable with satellite or manned aircraft 

remote sensing. Finally, our sampling did not require permits and could be conducted at a very low cost, 

estimated at under $50 per mission (Anderson 2018). In addition to our UAV sampling, we demonstrate 

the potential of eDNA as a tool for toxin forecasting and prediction. Combining our novel UAV methods 

with eDNA sampling provides a versatile toolkit that can examine both larger scale bloom intensity and 

distribution and smaller scale bloom composition and toxigenic potential. 
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Chapter 4: General Discussion 

4.1. Summary of studies 

The rising global economic and ecological cost of cyanobacterial harmful algal blooms CHABs 

necessitates innovations in monitoring and mitigation strategies (Qu et al. 2014). Current methods in 

detecting CHABs include ground sampling, sensor networks, remote sensing with low-altitude manned 

aircraft, and remote sensing with satellites (World Health Organization 1999). These methods are 

typically too costly for detailed CHAB monitoring in smaller water bodies, and consequentially, CHAB 

detection in smaller water bodies is typically limited to anecdotal reports and water sampling for 

microscopy identification or toxin quantification at a single location, a few times a year (Ministry of the 

Environment, Conservation and Parks Ontario, personal communication, 2019). These methods also face 

challenges in spatial resolution, sampling frequency, and informativeness (Lee et al. 2005, Kallio et al. 

2003, Anderson 2018, Reinart and Kutser 2006). Advances in unmanned aerial vehicles (UAVs) and 

environmental DNA (eDNA) technology make them ideal candidates to fill these gaps in monitoring. We 

previously developed a technique for quantifying cyanobacteria with eDNA (Jin 2020) and a novel 

algorithm for extracting cyanobacterial bloom signals from photogrammetrically stitched RGB images 

with low-cost UAV (Qu et al. 2019). In this study, we aimed to apply these techniques on natural systems 

and characterize the distribution of CHABs during their winter resting phase and the development of 

blooms later in the year. 

In Chapter 2, we examined the overwintering water column distribution of the bloom forming 

species Microcystis aeruginosa at different lakebed depths with eDNA. We collected 15 eDNA samples 

from the ice cover, 69 from the bottom 0.5 m of the water column, and 69 from the top 0.5 m from the 

water column at sites that ranged from 1 m to 18 m in lakebed depth. Microcystis eDNA concentration 

was highest in the bottom of the water column and lowest in the ice cover. However, ice cover eDNA 

concentrations at several sample sites were comparable to concentrations in the top of the water column. 
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As our eDNA sampling protocol primarily captured intracellular eDNA from intact cells, this suggested 

that ice cover is under-considered as a source of bloom inoculum in the literature and can contain viable 

overwintering cyanobacteria. To our surprise, the concentration of Microcystis eDNA in the bottom of the 

water column decreased as lakebed depth increased while eDNA concentration at the top of the water 

column increased with lakebed depth. We concluded that water column distribution of Microcystis is 

dependent on lakebed depth, and pelagic overwintering populations in deeper areas of lakes may be 

greater than previously thought. Bloom inoculum sources are likely dependent on water body 

hydrological and topographic characteristics. 

In Chapter 3, we used a novel algorithmic RGB-UAV remote sensing method to quantify the 

distribution of small CHABs in a natural system with high temporal and spatial resolution, generating a 

regression model that predicted CHAB coverage with abiotic factors such as precipitation and water 

temperature and the biotic factor of macrophyte coverage. We conducted imaging surveys with a low 

cost, off-the-shelf UAV, collecting 42 photogrammetrically stitched orthoimages across five months. 

After subsampling three 100 m by 100 m quadrats from each survey that corresponded to a water 

sampling location, we processed the images through an algorithmic cyanobacterial signal extraction 

workflow to obtain cyanobacterial coverage in each quadrat. Over those five months, we also collected 5-

minute interval data on air temperature, air pressure, wind direction, wind speed, humidity, precipitation, 

and solar radiation from a local weather station. We measured water temperature and pH at each site 

during each UAV mission, for a total of 126 datapoints. Additionally, we collected water samples for 

eDNA analysis and LC-MS toxin quantification. We generated a multiple regression model that predicted 

cyanobacterial bloom coverage with the lakebed depth, air temperature of the previous day, water 

temperature, cumulative 3-day precipitation, solar radiation of the previous hour, and macrophyte 

coverage 2 months prior to the sampling date. Air temperature and solar radiation were the strongest 

predictors, with higher temperature and lower morning radiation correlated to higher cyanobacterial 

bloom coverage. Concentrations of the M. aeruginosa 16S rRNA gene were significantly correlated with 
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the concentration of microcystin congeners, although the mcyE gene was not significant. We concluded 

that eDNA can be potentially used to predict toxin concentrations at lower costs, and the temporal 

specificity and grouping of predictor variables has a significant impact on modelling small CHABs. 

Combining our two-step UAV surveying workflow with eDNA sampling enables low-cost collection of 

high resolution, high frequency remote sensing data on CHABs and bloom composition and toxicity. 

4.2. Implications of findings 

 In our two field seasons, we identified previously under-considered potential sources of 

overwintering CHAB inoculum, examined the impact of lakebed depth on overwintering cyanobacteria 

distribution, correlated abiotic and biotic predictors with CHAB coverage in the summer and fall, and 

found a correlation between cyanobacterial eDNA and cyanotoxin concentration.  

Previous work on overwintering cyanobacteria has primarily focused on the benthos, sediment, 

and to a lesser extent, fluvial sources of spring inoculum. Our work in Chapter 2 demonstrates that ice 

cover and the top of the water column may also be significant sources, and that overwintering distribution 

is likely highly dependent on lake topography, hydrology, and climate. It is imprudent to generalize on 

cyanobacterial inoculum sources between different water bodies. Additional field research is needed to 

better understand the life history and distribution of different cyanobacterial species in natural settings.  

Similar to previous studies on the impact of weather on CHAB coverage (Ke et al. 2008), we 

found that water and air temperature, solar radiation, and precipitation are important predictors of CHAB 

coverage in Chapter 3. However, we found that short-term solar radiation in the early morning and 

instantaneous early morning water temperature were negatively correlated with CHAB coverage. This 

was likely due to the temporal scope of our measurements. High seasonal solar radiation is commonly 

thought to positively correlate with overall CHAB activity, while solar radiation in the early morning may 

have increased photosynthetic activity, reduced buoyancy through generating carbohydrate ballast, and 

therefore reduce CHAB coverage. Similarly, high daily mean water temperature is well known to favor 
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cyanobacteria over other phytoplankton, but so is high diel temperature flux (Zhang et al. 2016). 

Therefore, lower water temperature in the early morning, during diel nadir may correspond to high flux 

and not overall lower daily mean temperature. Our findings demonstrate the importance of considering 

the temporal scope and grouping of predicator variables in CHAB modelling.  

Canada is known for some of the most abundant freshwater resources in the world, containing 

20% of the world’s surface liquid freshwater. There are 31 752 lakes over 300 hectares in area, over 50 

000 lakes over 100 hectares and over 440 000 lakes measuring over 10 hectares. As global water scarcity 

becomes an ever-growing issue, driven by drained aquifers and mounting agricultural demands (Hanjra 

and Qureshi 2010, Biswas and Tortajada 2019), these freshwater resources are some of Canada’s greatest 

assets in the next century. While it is clear that maintenance and protection of those assets should be high 

priorities in national environmental policy, data deficiency plagues our understanding of Canada’s 

watersheds. The World Wildlife Fund (2017) found that 110 of the 167 sub-watersheds in Canada are too 

data deficient to assess overall health, mainly due to deficiencies in monitoring benthic invertebrate and 

fish populations. There are 21 sub-watersheds experiencing high impact from climate change, while an 

additional 105 are experiencing moderate impact, many of them in Northern Canada. This indicates that 

the impact of climate change stress on watershed health is largely unknown. This data deficiency is a 

gaping void in the literature, as most studies on the biotic impact of climate change in Northern 

watersheds are paleolimnological. As eutrophication and cyanobacterial algal blooms increasing impact 

northern lakes and remote communities (Winter et al. 2011, Wilson 2017, Wang, Y. X., personal 

communication, 2019), the limitations of existing methods in CHAB monitoring are insufficient for 

characterizing and tracking blooms on these lakes.  

In this thesis, we demonstrated that our novel approaches with UAV and eDNA may fill this need 

in freshwater monitoring. Remote sensing with UAV provides high resolution, high frequency imaging 

with sufficient coverage for monitoring early CHABs and CHABs on smaller water bodies. Advances in 

consumer grade UAV since 2015 have facilitated their use in CHAB research, and our algorithmic 
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approach can extract cyanobacterial bloom signal from images taken with their onboard RGB sensors. 

Their low cost and ease of use makes them accessible to mass distribution community science programs 

for monitoring CHABs, while automated flights produce standardized imaging and datasets. Similarly, 

eDNA sampling can provide a large amount of useful information, including cyanobacterial relative 

abundance, species present, and potential toxicity. The low cost of eDNA makes large scale sampling 

economically feasible, and the modularity of the eDNA workflow and ease of long-term storage allows 

for a variety of downstream applications. Integrating eDNA sampling into community science programs 

would increase their informative value and allow researchers to collect samples from a greater number of 

water bodies. 

4.3. Future directions 

Although our studies applied our novel approaches with UAV and eDNA in a natural water body 

and resulted in novel findings, more work is needed to refine our protocols and better characterize early 

CHABs.  

We conducted qPCR on eDNA for only one species, M. aeruginosa, which we assumed to be the 

dominant bloom forming cyanobacteria in the area. However, microscopy identification revealed that 

other cyanobacteria genera, particularly Anabaena, Aphanizomenon and Woronichinia, were also 

prevalent, and the community composition of CHABs shifted over time (French, S., personal 

communication, 2020). In the future, multiplex qPCR with primers for barcoding and toxin production 

pathway genes from multiple cyanobacterial species can provide data on total cyanobacterial biomass, 

community composition, and toxicity at a relatively low cost. Additionally, incorporating environmental 

predictors into models to forecast cyanotoxin concentration from eDNA concentrations may improve 

effectiveness. 

Our cyanobacterial signal enhancement algorithm capitalized on the spectral reflectance 

characteristics of CHAB. Our future work will consider the spatial characteristics of CHABs in addition 
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to their spectral characteristics. Furthermore, we can improve our algorithm through incorporating local 

variables such as macrophyte presence, global variables such as wind speed, and Bayesian priors 

(previous bloom presence). In order to facilitate the use of UAV in community science, we will generate 

standard operating protocols for collecting UAV data on CHABs. 

4.4. Conclusion 

In closing, we found that the epilimnion and ice cover may be significant sources of 

overwintering cyanobacterial bloom inoculum in certain lakes or areas of a water body. Overwintering 

distribution and inoculum source is likely overall dependent on topography and hydrology. In the summer 

field season, the most important predictor variables in our CHAB coverage regression model were air 

temperature of the previous day, with a positive coefficient, and solar radiation of the previous hour, with 

a negative coefficient. Temporal grouping of predictor variables significantly impacted our modelling, 

indicating that the timing and duration of predictors should be strongly considered. Finally, we found that 

eDNA concentration of the M. aeruginosa 16S rRNA gene significantly correlated with the concentration 

of microcystins. UAV and eDNA are potent emerging techniques that can improve CHAB monitoring. 
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