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Abstract 

 

Cyanobacterial harmful algal blooms (CHABs) degrade water quality and may 

produce toxins. The distribution of CHABs can change rapidly due to variations in 

population dynamics and environmental conditions. Biological and ecological aspects of 

CHABs were studied in order to better understand CHABs dynamics. Field experiments were 

conducted near Hartington, Ontario, Canada, in ponds dominated by Microcystis aeruginosa 

during the summers of 2015 and 2016. Thorough mixing of the water column followed by 

calm conditions resulted in over 90% of the Microcystis floating on the surface.  Microcystis 

surface appearance formed four different assemblages: aggregate, ribbons, patches, and mats. 

 Presence of CHABs on the water surface also depends on environmental influences 

such as direct and indirect wind effects. Surface coverage of CHABs was found to be reduced 

to half within an hour at wind speeds of 0.5 m/s. 

Because our findings indicated that blooming involves surface display of 

cyanobacteria, the use of surface imagery to quantify CHABs was justified.  This is of 

importance because traditional detection methods do not provide accurate distribution 

information, nor do they portray CHABs events in a real-time manner due to limitations in 

on-demand surveillance and delays between sample time and analyzed results. Therefore, a 

new CHAB detection method using small unmanned aerial systems (sUAS) with consumer-

grade cameras was developed. When cyanobacteria were floating on the surface, CHABs 

detection through RGB band cameras and spectral enhancement techniques was efficient and 

accurate.  sUAS were capable of providing coverage up to 1 km2 per mission and the short 

intervals between sampling and results (approx. 2 h) allowed for the rapid analysis of data 

and for implementing follow-up monitoring or treatments. sUAS were used to measure 

growth and decline curves of CHABs throughout 2016 which were then compared to water 

chemistry results. This method is very cost-effective at an estimated $50 CAD per mission 

with an average cyanobacterial detection accuracy of 86% (8% of the error was false 
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negatives, and 6% was false positives). Thus, it is a good candidate method to fill the urgent 

need for CHABs detection, providing cost effective, rapid, and accurate information to 

improve risk management at a local level as well as to help quickly allocate resources for 

purposes of mitigation. 
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Chapter 1: General Introduction 

1.1: Cyanobacteria harmful algal blooms (CHABs) 

Harmful algal blooms are defined as high densities of microphyta that are growing to 

excess and significantly affect freshwater or marine ecology, as their overabundance excludes 

resources from other microflora (Landsberg 2002).  Cyanobacteria are photosynthetic 

prokaryotes that have existed for approximately 3.5 billion years (Schopf, 2000). To date 

there are thousands of described cyanobacteria species, with current range estimates between 

2000 (Sant’Anne et al. 2006) and 8000 (Guiry, 2012). Their proliferation during the 

Precambrian period is largely responsible for our oxygen-enriched atmosphere and 

subsequent evolution of higher plant and animal life (Knoll, 2003).   These prokaryotes 

perform photosynthesis in their thylakoid membranes, and are found in almost every 

terrestrial and aquatic habitat, including oceans, fresh water, moistened soil rocks, and even 

Antarctic rocks.  Many cyanobacterial genera exhibit optimal growth rates and bloom 

potentials at high water temperatures, nutrient levels and light. Some cyanobacteria produce 

toxic secondary metabolites that can cause serious acute intoxication in mammals, affecting 

many body systems including the nervous, hepatic and digestive systems (Carmichael WW, 

2001; WHO, 1999; Christoffersen K. et al., 2002). 

Cyanobacterial harmful algal blooms (CHABs) are a major worldwide issue that is 

intensifying in terms of frequency and magnitude in response to increased nutrient loading 

and global climate change (Hudnell et al. 2008, Paerl and Huisman 2008). Some of the most 

affected lakes and reservoirs include Lake Taihu, China (Zhang et al. 2010), Lake Erie, North 
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America (Michalak et al. 2013), Lake Victoria, Africa (Sitoki et al. 2010), and the Baltic Sea, 

Europe (Vahtera et al. 2007). For example, Lake Erie in 2011 experienced over 5,000 km2 

CHABs coverage (International Joint Commission, 2014). CHABs have significant negative 

environmental impacts as the high amounts of cyanobacterial biomass can degrade aquatic 

habitats and compromise ecosystem sustainability via loss of water clarity followed by the 

suppression of aquatic macrophytes (Kirk and Gilbert 1992, Muller-Navarra et al. 2000, 

Wilson et al. 2006). In addition, the bacterial decomposition of dying CHABs can lead to 

oxygen depletion creating hypoxic conditions and subsequently debilitate and suffocate 

aquatic animals living within the system.  

Climatic warming is affecting lake temperatures and increasing the open-water season 

in colder regions of the world, strengthening and lengthening the stratification of the water 

column during the growing season (Kundzewicz et al. 2007).  Warmer and more stable water 

columns favour cyanobacteria as their gas vacuoles allow for column motility to access 

nutrients from both the surface and hypolimnion, and cyanobacteria reach their maximum 

growth rates at higher temperatures ( ~25 °C) relative to most eukaryotic phytoplankton 

(Jöhnk et al. 2008, Robarts and Zohary 1987). Human influenced nutrient loading has 

fundamentally altered the nitrogen cycle by doubling the global fixation of reactive nitrogen 

and increasing available phosphorus (Galloway and Cowling 2002). The full consequence is 

under study, however increases in nutrients are important drivers of CHABs abundance and 

dominance (Downing et al. 2001; Håkanson et al. 2007).  As water systems become more 

eutrophic and their primary production increases, photosynthetic rates also increase. This 
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results in higher pHs and lower available CO2 levels that can limit subsequent phototrophic 

growth.  However as CO2 levels rise in the atmosphere, so too will the CO2 availability on the 

water’s surface which, in spite of the aforementioned limitation, the bloom-forming 

cyanobacteria are able to use directly for growth (Paerl and Ustach, 1982). Other 

phytoplankton in the water column will be negatively impacted as dissolved CO2 is converted 

to HCO3
- and CO3

2- under alkaline conditions, limiting the amount of free CO2 for other 

microphytes. This results in a further increase in CHABs dominance (Paerl and Ustach 1982, 

Shapiro 1990, Huisman et al. 2004). Moreover, cyanobacteria are the only known oxygenic 

phototrophs capable of atmospheric nitrogen fixation, providing a pool of nitrogen to them 

that is not available to their competitors (Paerl, 1990; Karl et al., 2002). 

1.1.1: Toxicity of CHABs 

 

Many genera of cyanobacteria produce a wide variety of cyanotoxins and bioactive 

compounds which pose a potential risk to human health through dermal contract or ingestion 

(Huisman et al. 2005, WHO. 2011).  Some of the most common toxin-producing 

cyanobacteria include Anabaena, Aphaniomenon, Cylindrospermopsis, Oscillatoria, 

Microcystis and Planktothrix, These toxins are collectively known as cyanotoxins and 

include hepatotoxins (e.g. microcystin) which primarily target the liver, neurotoxins (e.g. 

anatoxin-a) which target the nervous system, endotoxins that are toxic inflammatory agents, 

and cytotoxins that cause cell necrosis  (World Health Organization. 2011). These 

cyanotoxins are a problem as currently there is no protocol for treatment of infected waters, 
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and there have been many cases of human, wildlife and pet fatalities from them (Carmichael 

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

1.1.2: Strategies of CHABs control 

  As the frequency and severity of CHABs increase and we learn more about them, 

better prevention, control, and mitigation strategies are developed. Currently there are three 

systematic strategies to control the effects of CHABs: nutrient-source control, post-bloom 

control, and mitigation advisories.  The development and implementation of these strategies 

may prove to be beneficial in response to the increased rate of occurrence of CHABs in order 

to reduce the impact on human health from fresh and coastal waters (Jewett et al. 2008, 

Anderson 2009). These control strategies will not only reduce effects on human health and 

water quality but will also improve local economies, as the damages caused by massive 

blooms are quite substantial. China is arguably the hardest hit so far by cyanobacteria 

blooms, spending 16.25 billion dollars U.S. between 2007 -2014 on Lake Taihu in attempts 

to mitigate them (Qu et al. 2014). 

1.1.3 CHABs prevention 

 Nutrients have long been strongly implicated in promoting CHABs abundance, as 

increases in phosphorus and nitrogen inputs are consistent with increased phytoplankton 

production (Schindler 1977; Wetzel 1983; and Mallin et al. 1993). As phytoplankton growth 

is limited by certain macro- and micro-nutrients, when these nutrients are available in excess 

they can thrive and form blooms.  Knowing this, nutrient-source controls  (phosphorus 

loading laws and regulations, phosphorus free detergents, better fertilization practices and 

more advance phosphorus removal processes at water treatment centers) have been developed 
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and implemented (Anderson et al. 2002).  This strategy has been the primary control for 

CHABs, however nutrients need to be reduced to specific levels, which could take several 

decades to achieve, especially in larger water bodies.  In addition, despite proper reductions 

in nutrients, many other factors can promote phytoplankton growth/blooms, including 

increased atmospheric CO2, warmer air and water temperatures, longer ice-free periods and 

many others.  In the 1970’s public attention to CHABs was given in response to their 

presence and severity in the Great Lakes, specifically Lake Erie. Many of the regulations 

surrounding nutrient loading were created at this time, leading to a steep decline in blooms in 

the area (International Joint Commission, 1986; Makarewicz and Bertram, 1991). However, 

extensive CHABs events have been more and more prominent since the 2000’s in Lake Erie, 

and in many other lakes, showing current regulations and practices are insufficient (Millie et 

al., 2009). 

 Implementation of nutrient loading reduction strategies is increasingly difficult in 

developing countries due to population pressures, convoluted government administrative 

practices, changes in economic development status, and costs associated with building and 

upgrading infrastructure.  With an ever increasing population, there must be an increase in 

food production. In order to increase food production, more arable land must be created and 

more fertilizers and animal waste will be created, leading to increased nutrient runoff.  Not 

only do these pressures add more nutrients to the water systems, they can also contribute to 

the destruction of natural systems, converting previous natural water purifying areas 

(wetlands) to potential polluting areas (agriculture, industry). 
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1.1.4: CHABs post-bloom control 

 Post-bloom control strategies can also be classified in three main areas; physical, 

chemical and biological, and they are used to decrease already existing CHABs, and 

minimize their impacts on humans and the environment. 

 Physical strategies involve implementing the mechanical removal of CHABs biomass, 

which includes netting, skimming the surface layers, and pelleting by centrifugation of waters 

to remove the cyanobacteria. These methods have limitations, however, as they are typically 

inapplicable in large water bodies due to the high monetary and timely costs associated.  

Other physical strategies include using natural clays as a means to remove CHABs through 

flocculation or sedimentation (Lee et al. 2008, Pan et al. 2006) and more recently using 

cationic starch modified soils for the same purpose (Shi et al. 2016). These strategies are 

generally used in combination with mechanical removal. First the surface scum is removed, 

then the clays are applied to sink the remaining cyanobacteria and finally a cap of material is 

applied to trap the cells on the bottom.  These strategies have shown effectiveness in quickly 

lessening cyanobacterial cells in the water column and reducing the amount of available 

nitrogen and phosphorus through prevention of nutrient cycling (Pan et al. 2012). 

 Chemical strategies include the use of different chemicals to mitigate CHABs.  These 

methods generally use different algaecides (ex. copper sulphate) to kill the CHABs. 

However, ones that provide immediate results have received less attention as this method 

expedites the release of toxins into the water body, as well as only temporally solving the 

problem as only the cyanobacteria exposed to the chemicals die. These then can release 

nutrients back into the water column promoting new growth (WHO, 1999). The adverse 
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effects algaecides can have on other organisms in the water, like zooplankton, can be 

detrimental, as the amount needed to kill cyanobacteria is 10 to 100 times that required to kill 

the organisms that naturally feed on phytoplankton (Cooke and Kennedy 2001).   

 Biological methods have many different approaches including: using aquatic 

organisms, viral applications, and bacterial interactions, all of which have the ability to 

reduce CHABs biomass. The use of zooplankton grazers is still under debate as to how much 

influence they have on CHABs, with evidence of greater impact on CHABs in oligotrophic 

lakes compared to eutrophic lakes (Ventelä et al. 2002, Gosselain et al. 1998). However these 

results could be because of the colony forming mechanisms many CHABs genera employ 

that can prevent zooplanktonic grazing by forming larger mats. Recently, mollusks have been 

shown to decrease floating cyanobacteria, and the concurrent addition of silt led to better 

control efficiency of CHABs (Qu, Wang and Lefebvre, personal communication). Like other 

methods, many of these are expensive, unsafe or have been proven to be ineffective in larger 

water bodies (Datta and Jana, 1998; Nagasaki et al., 1999). 

1.1.5: CHAB forecasting/warning systems 

 Finally, forecasting and warning strategies are important in order to warn and prevent 

humans from using or ingesting the potentially toxic water these CHABs create.  In many 

countries public warnings, through social media, news outlets, and signs are used to 

communicate potentially dangerous sites.  As well, some countries have agencies that will 

respond to CHABs reported by the public, however these responses can be delayed by hours 

or in some cases days, in which case the previously seen CHABs could have been mixed into 
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the water column or pushed away from the previously known location due to wind or water 

currents (WHO, 1999). Therefore, it is important to deal with emergence and distribution of 

CHABs through regular forecasting and effective monitoring strategies. 

 All of these different CHABs prevention strategies are important for bloom control, 

many of which have been shown to be successful in reducing CHABs biomass.  However, 

most of these methods are either expensive, inefficient at reducing large scale blooms, or 

ineffective in large water bodies.  One key reason is the difficulty in locating smaller blooms, 

prior to them becoming a major problem, as the temporal and spatial distribution of CHABs 

change rapidly (within hours) depending on variations in wind, water currents and population 

dynamics.  They aggregate at the surface only in certain environmental conditions, thereby 

severely reducing the ability to accurately target treatment areas (Wu and Kong 2009). These 

issues could be resolved with new monitoring methods. 

1.1.6: CHAB monitoring methods 

 Currently there are four main types of algal bloom monitoring methods, ground 

sampling, on-site automatic monitoring networks, satellites and airborne remote sensing 

(WHO, 1999, Gómez et al., 2011, Matthews et al., 2012, Duan et al., 2012, and Kudela et al. 

2015).  However, these technologies cannot adequately track CHABs dynamic nature 

involving formation, migration and dissipation processes because of their low sampling 

frequencies. They also may not provide accurate distribution information due to limitations in 

their spatial coverage, and they do not accurately portray CHABs events in an up-to-date 

manner due to delays between time of sampling and obtaining analysed results. 
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 Ground sampling can provide the most information per sample, including cell counts 

and species identification, however they are severely limited spatially and to some extent 

temporally.  Ground sampling is also limited  to accessible areas by land or boat, and there 

may be long delays between sampling and available results that  could affect time sensitive  

accuracy  (Lee et al. 2005).    

 On-site automatic monitoring networks can provide real time CHABs conditions, 

however they can only provide information of the area in which they reside.  This is a major 

shortfall in monitoring CHABs as their physical location and biological state can be heavily 

influenced by wind and water currents. i.e. they may be forced into areas of the water body 

for long periods of time where they remain undetected until a major bloom is formed. In 

order for this method to be viable, especially in large water bodies, detailed sampling 

strategies, and networks need to be put in place, which can be costly (Strobl and Robillard, 

2008). 

 CHABs detection using satellite imaging is able to survey areas greater than 1000 

km2, but it could be adversely affected by atmospheric and environmental conditions. Image 

resolution is relatively low, making the surveys in small water bodies difficult, and there are 

long periods between specific site inspections due to satellites following specific orbit 

patterns (Reinart and Kutser 2006).  Satellites are best used to sample high-density CHABs 

events. 

 Airborne remote sensing uses manned planes or helicopters that fly beneath the clouds 

at approximate 1500 m in elevation, and can be equipped with high resolution or full 
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spectrum cameras, however the cost for this sampling is high.  When compared to satellites, 

airborne remote sensing has higher temporal frequency and resolution. However, these flights 

also require planning and permission in certain countries and rescheduling can be difficult 

when there are adverse weather conditions (Kallio et al. 2003).   

 Unmanned aerial systems are one possible solution to the shortfalls in current CHABs 

monitoring methods, not only can they obtain images over difficult or dangerous locations, 

data can be obtained at critical time points  and generally at a low cost relative to other 

methods (Hardin and Jensen, 2011). 

1.2: Small unmanned aerial systems 

Small unmanned aerial systems (sUAS) are developing rapidly as global positioning 

systems (GPS) devices, embedded computers and miniaturization in sensors are becoming 

widely available, enhancing their use in many scientific fields (Berni et al. 2009, Anderson 

and Gaston, 2013).  These sUAS’s contain an unmanned aerial vehicle (UAV) and various 

kinds of sensor equipment. They typically weigh less than 5 kg, have a small operating range 

(<10 km), a short flight time (< 1 hour) and fly at low altitude (<250 m).  Three types of 

UAVs exist in this size range 1. Fixed wing platforms, 2. Rotor-based copter systems, and 3. 

Ones that are aerodynamically different than other systems (i.e. flapping wings).  Each 

design offers different operational advantages and multiple considerations must be taken 

when deploying them. In recent years, sUAS have been used in different environmental 

fields, especially for aerial surveys as they are highly customizable, dynamic, and becoming 

more cost effective.  Many researchers can purchase ready to fly sUAS and achieve much 
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better pixel resolution when compared to traditional aerial monitoring methods.  Pixel 

resolution is the fineness of detail in the image and with higher pixel resolutions, more 

information can be obtained from an image.  Pixel resolution is dependant on flight altitudes, 

increased camera technology, increased stability of the UAV, and on demand flight ability. 

Geometric stability and vibrations from the sUAS also affect pixel resolution, and 

decoupling the sensor from the system using a gimbal minimizes those effects. 

 Ground Sample Distance (GSD) is the length of a pixel at a certain height, and by 

utilizing this, many researchers are able to use images for spatial ecology research and 

vegetation dynamics.  The highest quality images from a commercial satellite has come from 

DigitalGlobe’s satellite WorldView-3 which has a GSD of 31 cm. Many other satellites have 

similar GSDs of less then 100 cm (GeoEye-1, WorldView-2, EROS B, to name a few).  

UASs on the other hand, have been able to achieve GSD’s 15 times less than that of 

satellites. Lucieer et al. (2014b) for example, used a sUAS to capture micro topography of 

Antarctic moss beds and achieved a GSD of 2 cm per pixel. 

 With higher GSD and pixel resolution, more data can be accurately obtained from 

images and as these UAV technologies become more affordable and easier to use, many 

researchers are taking advantage of them, and effectively using them for different monitoring 

applications. 



 12 

1.2.1: Small unmanned aerial systems monitoring applications 

 Currently sUAS are used for many different monitoring applications. The following 

biological applications are only a representive of the growing field, and as technology 

improves, the possibilities increase further. 

 Population ecology has long required time-series data of abundance and distribution 

of target species, and now this information can be obtained using UAV technology.  Sarda-

Palomera et al. (2012) used a UAV to monitor black-headed gull (Chroicocephalus 

ridibundas) colonies, where repeated surveys of the colonies allowed a temporal and spatial 

variation in the number of breeding pairs to be monitored. They have also been used to 

monitor beaked whales as some marine species are affected by boat vibrations (Koski et al. 

2009).  Switching the sensor to a thermal imaging system, Israel (2011) was able to detect 

the presence and location of roe deer, with the aim of developing a system to reduce fawn 

mortality by mowing machinery, however these methods could also be applied to general 

species population monitoring.  

 Vegetation dynamics are another subject for which the primary advantages of sUASs 

can be taken advantage of.  Using sUASs, individual plants can be spatially resolved at low 

altitudes, revisition times can be optimized to the phenological cycle of the species, and they 

can carry different sensors to capture different biophysical variables (Getzin et al. 2012). 

These researchers used UAV photography to provide scale-appropriate data for describing 

canopy-gap metrics relating to the floristic biodiversity of a forest understory. Precision 

agriculture (where farmers can adjust agricultural treatments at a fine scale) can also benefit 

from UAV innovations because fine spatial resolution data and quick processing times are 
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required for accurate evaluation of plant productivity (Berni et al. 2009, Zarco-Tejada et al. 

2012). Zarco-Tejada et al. (2012) used thermal data in combination with fluorescence 

spectroscopy obtained from sUASs to measure water stress in an orchard canopy.  

In order to obtain multiple images with the same resolution to cover a larger area at 

the same temporal frequency, UAV formations or the use of fleets are being used to 

overcome the limitations encountered by single UAV craft.  Forest managers are looking to 

use fleets of UAVs for real-time fire reporting (Merino et al. 2012) and similar techniques 

are being tested for underwater monitoring systems. 

1.2.2 Small unmanned aerial systems in phytoplankton monitoring 

 There has been limited research on using UAVs for phytoplankton monitoring  

(Aguirre-Gomezet al. 2017; Shang et al. 2017). However, it is an emerging technology, and 

the flexibility and agility of the system makes it a desirable monitoring tool.  Aguirre-Gomez 

et al. (2017) used a UAV for the assessment of chlorophyll α by using radiometric 

measurements in order to predict eutrophication. Shang et al. (2017) used a UAV for the 

assessment of phytoplankton (Phaeocystis globosa) in Western Taiwan Strait, to demonstrate 

the capacity of UAV in bloom assessment and to quantitatively assess blooms using 

radiometric measurements. 

1.3 UAS’s for CHABs monitoring 

 As described in section 1.1.7, there are many shortfalls with CHABs current 

monitoring methods and the greatest difficulty in providing an accurate measuring tool is the 

dynamic nature of CHABs.  When CHABs are present they may float on the surface, and not 

only do they have mechanisms for their own buoyancy, environmental factors such as wind 
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and water currents also affect CHABs location and depth (Deng et al. 2016).  These two 

factors change on a minute to minute scale which makes temporally sensitive methods 

important in CHAB monitoring.  For example, Microcystis are able to regulate their 

buoyancy according to photon flux densities (Thomas & Walsby, 1985), the availability of 

nutrients (Walsky, 1977, Klemer et al. 1982) and water temperature (Thomas and Walsby. 

1986). Currently, sampling programmes that monitor CHABs, are based on monthly or bi-

monthly sampling regimes usually at a single location which doesn’t account for the 

dynamic nature of CHABs. As technology advances, new tools are made available, and 

based on current uses of UAVs, the resolution and temporal scale they can be used at makes 

them a promising possibility for CHAB monitoring. 

1.3.1: CHAB monitoring requirements  

 In order to monitor CHABs effectively, one must consider the dynamic distribution 

characteristics of these blooms. In so doing, the temporal sampling frequency, spatial 

coverage, detection ability, cost, and delays between sampling periods and analyzed results 

become major factors when considering monitoring technologies. When compiling all these 

factors, it is clear that there is a gap in lower spatial coverage at higher sampling frequencies 

that sUASs can address (Figure 1.1).  We have studied the use of sUAS and RGB cameras as 

a potential solution to this gap and solution for the current CHABs monitoring shortfalls.  

1.4 Objectives 

The overall objectives of this thesis are to add to the current technologies that exist in 

CHAB monitoring, while taken into account the biological processes of cyanobacteria and 
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their temporal and spatial distribution patterns.  We hope to fill the gap in current 

technologies limitations by using affordable unmanned aerial systems. 

1.4.1 Objective 1 

 To detect small and large scale blooms using our system, what are the weather 

parameters allowing for the best total representation of CHABs in the water body? How can 

we best use our system to capture and quantify total biomass of CHABs in the water bodies? 

 In order to answer the above questions, we first tested our system at the field site to 

see if we could observe CHABs. Secondly, a weather station was set up on our site to cross 

reference weather data with all data acquiring UAS sorties.  Thirdly, test flights were flown 

throughout the day in order to observe the effects of different weather patterns. Fourthly, a 

CHAB enhancement algorithm was employed in order to quantify CHAB biomass through 

pixel information. 

1.4.2 Objective 2 

 To detect, track and quantify CHABs and changes in CHABs over an extended 

sampling period. How does water chemistry change over the extended sampling period? 

 UAS missions were conducted weekly from June to October (2016) in order to track 

and quantify CHABs throughout a season, in an attempt to track cyanobacterial growth and 

decline events.  Water chemistry was also done on a weekly schedule and used to see if there 

were any differences between CHAB ponds and non CHAB ponds. 
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1.6 Figures 

 

 

 

 

Figure 2.1:  Comparison of major cyanobacterial harmful algal blooms monitoring and 

detection strategies. Five categories, including temporal sampling frequency, average spatial 

coverage, detection ability, cost, and delays between sample periods and analysed results are 

compared. 
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Calculation method and standard for each category in Figure 1.1 

Detection ability 

Able to identify - 1) species; 2) density; 3) distribution area, 4) distribution dynamics 

I:  All the items 

II: Any three items  

III: Any two items  

IV: Any one items  

V: None of items  

 

Cost 

Category defined as cost per mission (sampling event) 

I:  < 100 CAD 

II: 100 - 500 CAD 

III: 500 - 1000 CAD 

IV: 1000 - 5000 CAD 

V: >5000 CAD 

Delays between sample periods and analyzed results 

Category definition: 

I:  < 1 hours 

II: 1-12 hours 

III: 12-24 hours 

IV: 1-3 days 

V: > 3 days 
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Chapter 2: Effective aerial monitoring of harmful algal blooms 

requires biological understanding of cyanobacteria. 

2.1 Introduction 

The occurrence of cyanobacterial harmful algal blooms (CHABs) has become a major 

worldwide issue that is intensifying in both frequency and magnitude in response to increased 

nutrient loading and global climate change (Hudnell et al. 2008, Paerl and Huisman 2008). 

Some of the worst-hit lakes and reservoirs include Lake Taihu, China (Zhang et al. 2010), 

Lake Erie, North America (Michalak et al. 2013), Lake Victoria, Africa (Sitoki et al. 2010), 

and the Baltic Sea, Europe (Vahtera et al. 2007). CHABs have significant environmental 

impacts because of high cyanobacterial biomass that out competes other organisms for 

resources, and hypoxic conditions that develop during CHABs die off and decomposition 

which degrade aquatic habitats and compromise ecosystem sustainability (Kirk and Gilbert 

1992, Muller-Navarra et al. 2000, Wilson et al. 2006). In addition, many genera of 

cyanobacteria produce a wide variety of toxins and bioactive compounds, which pose a 

potential risk to human health through dermal contact or ingestion (Huisman et al. 2005, 

World Health Organization. 2011). 

Detection of microphytes is conventionally performed by the analysis of water 

samples.  This can be achieved directly through cell counting or through a proxy such as 

chlorophyll a measurements (Moheimani et al. 2012).  These techniques assume that the 

organisms are uniformly distributed throughout the depth and width of the investigated water 

zone. 



 27 

Many CHABs control methods implement physical, chemical, biological, and 

environmental manipulation (Lam et al. 1995, Nakamura et al. 2003, Choi et al. 2005). 

However, the reason they are not consistently successful is the difficulty in locating blooms 

because temporal and spatial distributions of CHABs change rapidly (within hours) 

depending on variations in wind, water currents and cyanobacterial population dynamics 

(Kanoshina et al. 2003). They appear at the surface only under certain environmental 

conditions, thereby severely reducing the ability to accurately target treatment areas (Wu and 

Kong 2009).  

Ground sampling, on-site automatic monitoring networks, satellite and airborne 

remote sensing are the major techniques currently used for CHABs monitoring and detection 

(Anderson 2009, Shen et al. 2012). However, these technologies are expensive and cannot 

adequately track CHABs’ dynamic nature involving relatively rapid formation, migration and 

dissipation processes.  These shortcomings can be the result of low sampling frequencies or 

the inability to provide accurate distribution information due to limitations in spatial 

coverage.  Furthermore, they may not accurately portray CHAB events in an up-to-date 

manner as a result of delays between sample time and analyzed results. Therefore, each 

method can only play a limited role in CHABs monitoring.  For example, ground sampling 

and on-site automatic monitoring networks can only collect information limited to accessible 

areas or sampling points providing very limited spatial data acquisition (Lee et al. 2005). 

Manned airborne surveys can provide coverage of a few hundred square kilometers, but 

require pre-assigned flight routes and official permissions in most countries, which reduces 
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sampling versatility (Kallio et al. 2003). Satellite imaging is able to survey relatively large 

areas, but is adversely affected by atmospheric and environmental conditions. Often the 

image resolution is low, making the surveys in small water bodies difficult and there are long 

periods between successive site inspections (Reinart and Kutser 2006).  

Improved approaches and tools are urgently needed for detecting CHABs with 

flexible and high monitoring frequencies (hourly to daily), adequate spatial coverage (1 to100 

km2), short delays between sample period and analyzed results, and at an affordable cost. 

Small unmanned aerial systems (sUAS) provide one possible solution to address these 

limitations. Various sUAS have been tested for other environmental monitoring applications 

such as forestry, watershed characterization, wildlife assessment and land erosion (Colomina 

and Molina 2014), and they are touted to have promising potential in algal bloom monitoring 

(Flynn and Chapra 2014, Van der Merwe and Price 2015).  In this latter regard, the technical 

advantages of sUAS have been presented previously (Lyu et al. 2017). 

This study presents the use of sUAS configured for CHABs monitoring. The approach 

of this study is to understand the biological and ecological characteristics of CHABs, 

therefore allowing us to test the feasibility and effectiveness of the proposed methods. 

Studies determine the common size and configurations of CHABs in natural conditions, and 

their detectability through sUAS in controlled experiments to identify detection thresholds. 

The effects of environmental factors are also assessed. Furthermore, image analysis is used to 

enhance the cyanobacterial signal. This study has allowed us to determine that sUAS can 

provide accurate and efficient CHABs monitoring through aerial imaging. 
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2.2 Materials and Methods 

2.2.1 Study site 

Most studies were performed at Leonard’s Fish Farm (N 44° 27’ 9.968 N, W 76° 40’ 

27.263), a collection of small baitfish ponds in Hartington, ON, Canada.  This fish farm 

contains eight ponds with a maximum depth of 2 m ranging in size from 970 – 5,150 m2.  All 

ponds are separated by ~2 m wide mounds of land and are considered individual water bodies 

(Fig. 2.1), although under conditions of severe precipitation they have been known to over 

flow into each other.  Every pond was used to culture sucker minnows, which are hatched 

from eggs in the early spring and released into the ponds by late spring. Their main food 

source throughout the summer months is fermented soybeans. Cyanobacteria (dominant 

species: Microcystis aeruginosa) were found in all ponds during the 2015 and 2016.  Studies 

concentrated on Pond 3 which displayed significant blooms in both years. 

In addition, natural populations of Microcystis used for experimentation were also 

harvested directly from the surface of Gonghu Bay (31.449745 N, 120.329557 E), Lake 

Taihu, China during the bloom season (May – October, 2016) when indicated. On-site 

microscopic examination was performed to ensure greater than 99% of the phytoplankton 

collected was in the Microcystis genus. 

2.2.2 Ground surveys of cyanobacteria 

Ground surveys were performed every week between June – October, 2016 in the study 

sites. Photographs were taken with an iPhone 5s camera at 1 m height perpendicular to the 

water surface. Surface water samples were collected in the same areas using 500 mL wide-
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mouth plastic jars in order to identify cyanobacteria species and measure sizes using a light 

microscope (Leitz Diaplan, Germany). 

2.2.3 Cyanobacteria floatation experiments 

Laboratory experiments were conducted to determine the required time for Microcystis 

to float to the surface under calm conditions in a cylindrical glass tank (diam. = 29 cm, height 

= 70 cm). The sides of the tank were covered by thick black fabric to prevent light 

penetration through the sides, creating only a light source at the top of the tanks. Four plastic 

tubes (I.D. = 5 mm) were fastened to the tank wall with silica gel adhesive, with openings at 

0, 20, 40, and 60 cm depth from the water surface, respectively, and the other open end 

located at the tank top.  Samples could then be drawn off as required with attached 60 mL 

syringes.   

Tanks were filled with water from Lake Taihu, China, and passed through 0.8 μm glass 

microfiber filters (Whatman GF/F).  Natural populations of Microcystis  from the surface of 

Lake Taihu were transported in plastic containers (10 L) to the laboratory and used for 

experiments within 24 hours.  Experiments were performed in triplicate in tanks containing 

40 L at a depth of 61 cm.  Microcystis were transferred to the tank and the water was 

thoroughly stirred. Then 10 mL samples were taken immediately and every 10 minutes 

thereafter from each depth. All water samples were processed through a heat method to 

separate the colony structures into individual cells (Joung et al. 2006), thereby allowing 

Microcystis cell numbers to be counted using a hemacytometer. 
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2.2.4 sUAS description 

Two different types of sUAS were used for this study. A customized octorotor sUAS 

(Lyu et al. 2017), and a ready to fly Quadrotor DJI Phantom 2 (DJI Industries, Shenzhen, 

China). Major technical features of the two sUAS’s are shown in Table 2.1A. The octorotor 

is 100 x 100 x 50 cm, weighs 7 kg and has a maximum payload of 5 kg. It uses Pixhawk as 

the autopilot and contains a MEMS (Micro-electromechanical systems) INS/GPS integrated 

system to enable autonomous flight.  On this was mounted a Rctimer Black ASP 3 Axis Nex-

GH5 Brushless Gimbal and Mini AlexMos SimpleBGC 32-bit Brushless Gimbal Controller 

with Case (RCTimer Power Model Co., Shenzhen, China). The DJI Phantom is 35 x 35 x 19 

cm, weighs 1 kg and has a 300 g payload capacity.  The DJI system is equipped with a 

NAZA M flight control system, as well as a DJI Zenmuse H3-3D Gimbal. Modifications 

included a DJI 2.4 GHz bluetooth datalink which permits autonomous flight using DJI’s 

Ground Station application on an iPad, and a Flytrex Core 2 logger (Tel Aviv, Israel) to 

record flight parameters. 

2.2.5 Image sensors and important settings 

Three cameras were used throughout the study period: GoPro Hero 3+ Black Edition, 

GoPro Hero 4 Silver Edition and a Sony ILCE-6000.  Detailed camera specifications are 

shown in Table 2.1B. Both GoPro 3+/4 cameras have wide-angle fisheye lens, and have near 

identical specifications. 

For this study, the intervalometer (time lapse) feature was used to capture aerial 

images. The GoPros have a time lapse function built-in which allows pictures to be taken 

every 2 seconds with automatic ISO/shutter speed/aperture settings. Medium FOV was set for 
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each mission. The Sony ILCE-6000 uses “time-lapse” app to achieve the same function. 

When pictures were taking through this mode, focus values were fixed and ISO/shuttle 

times/apertures were set manually. 

2.2.6 CHABs detection approach 

Our approach for use of sUAS in CHABs monitoring and during the detection process 

is provided in Table 2.2.  For validation purposes, ground reference images, water samples 

and weather data may also be required. 

Spatial resolution is one factor that governs the quality of information content of an 

image. Within an aerial image, this can be calculated through ground sample distance (GSD) 

based on flight altitude and camera sensor type. 

 G =
h

f
p                                      (1) 

Where G is GSD, f is the camera focal length, p is the charge-coupled device (CCD) 

pixel size and h is the sUAS flight altitude. f and p can be calculated based on camera 

specifications. h can be provided by the sUAS’s flight control system.  

Lower altitudes and cameras with higher pixel densities provide smaller GSDs and the 

smaller the GSD, the better the spatial resolution. The detectability of CHABs on the surface 

of water bodies is also determined by spatial resolution i.e. if CHAB size is larger than the 

GSD value, under ideal conditions, its reflective spectrum signal will be captured in at least 

one pixel in the aerial image without any interference. Thus, it is important to understand the 

common size and configurations of CHABs forming species in field conditions. 
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2.2.7 Detection limitation of CHABs 

Detection limits at different altitudes were determined based on chlorophyll a-

quantification (Chl a) of CHABs in water samples. Fourteen white pots (top diam. = 29 cm; 

bottom diam. = 19 cm, height = 30 cm, volume = 9 L) lined on the inside with 2 layers of 1 

mil black plastic to block sun light were set up near the field site. Cyanobacteria was 

harvested directly from the study site at Lake Taihu with phytoplankton nets and transferred 

into plastic buckets.. Serial dilutions of cyanobacteria were added into each pot to create 

different densities of cyanobacteria. 

Cyanobacteria concentration was assessed by cell counts and Chl-a content 

measurements (International Organization for Standardization 1992). Cyanobacteria surface 

coverage was measured through ground reference digital images (iPhone 6) using measured 

total pixels representing the microphyte divided by total pixels representing the surface of the 

container through ground reference images. The total pixels representing the surface of the 

container was determined manually using the Photoshop elliptical marquee tool. Total pixels 

representing cyanobacteria were calculated using the colour range function in Photoshop. 

Three independent assessments were performed on each sample, and results were accepted if 

the standard error of three trials was less than 15%. 

The sUAS autonomous flight program was set to fly over the experimental pots, 

hovering at 10, 20, 30, 40, 50 ,60, 75, 90, 100 m for 20 seconds each, capturing 10 images at 

each altitude. Two conditions were tested. The first was a calm condition, in which the 

images were taken after 60 minutes of no disturbance allowing most cyanobacteria to float to 

the surface, and the second was a mixed condition, in which the images were taken 
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immediately after stirring of pot contents. Ten flight missions for each condition were 

conducted over two days. Aerial images were sorted by height and cropped in Adobe 

Photoshop. Then each image was reviewed by five independent experts in cyanobacterial 

blooms, who were asked to determine if each pot contained cyanobacteria. The detection 

limit of cyanobacteria at each altitude was determined by the lowest cyanobacteria density 

group that was identified by the panel. 

2.2.8 Cyanobacterial detection efficiency 

When large numbers of cyanobacteria float at the surface of the water body, it changes 

the reflective spectrum with characteristic signals that can be captured with cameras featuring 

RGB bands. In this study, K-means, an unsupervised learning classification (Lloyd, 1982) 

algorithm was applied to the image for cyanobacterial detection. Details of the algorithm are 

the subject of a separate paper.  The results of images taken from the ground and scored by 

visual observations from experts were used in order to calculate the detection efficiency. 

The accuracy of the algorithm of detection results were checked through a stratified 

random sampling approach. Aerial images of Pond 3 captured in 2015 under overcast 

conditions were used. Water surface area was manually cropped using Adobe Photoshop 

software and prepared to test the accuracy of the algorithm (total 10 images). Twenty five 

random samples (5 x 5 pixels) were selected and assessed for cyan coloration of each pixel 

from each processed image and compared to the reference data that was also collected from 

the field investigation pictures. Ground and aerial images were also compared before 

processing to determine the accuracy of the results. 
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2.2.9 Impact of wind speed and wind direction on cyanobacterial surface 

appearance  

Some cyanobacteria are unevenly distributed vertically and horizontally in natural 

water bodies with their appearance on the surface being highly dependent on environmental 

factors. 

Field experiments were conducted to study the effect of wind speed and direction on 

CHAB floatation and their distribution area.  Time-lapse aerial images were taken on Sept. 1, 

2015 when 6 flights were performed from 8:30 a.m. to 12:00 noon over Pond 3 using the 

same flight route, and wind conditions were recorded. CHABs coverage was determined by 

the method described above. 

2.2.10 Examination of the feasibility of sUAS for CHABs monitoring 

The feasibility of the technology was tested with respect to 5 features. They are as 

follows.  1) Temporal sampling frequency measured by the total number of missions 

conducted within an hour, with consideration for preparation requirements; 2) Average 

spatial coverage measured by the maximum image output area from single missions; 3) 

Detection accuracy calculated through the cyanobacteria detection algorithm (see 2.3.8); 4) 

Per mission cost calculation; and 5) Time delays between the sampling periods and data 

analysis. 

 

2.3 Results 

2.3.1 Common sizes and configurations of CHABs 

Our field sampling results showed that Microcystis aeruginosa contributes over 99 % 

of the total biomass of the CHABs in the study site over the summer. This species has a cell 
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diameter of 4 - 6 µm and thousands of cells can be organized into spherical, perforated or 

irregularly shaped colonies. The median diameter of single colonies was between 0.2 - 0.5 

mm in the majority of cases, and did not change significantly throughout the season (P < 

0.05, n = 250; Fig. 2.2). Although colonies are the basic form of M. aeruginosa, when they 

appear on the water surface and form blooms, it is not as single colonies. Instead, depending 

on their density and the environmental conditions, they can assemble on the surface in four 

general configurations, including small assemblages of colonies of aggregated cells, and 

larger assemblages of colonies forming ribbons, patches, and mats (Fig. 2.3). 

The small assemblages of aggregated colonies (diam. < 10 cm) consisted of hundreds 

to thousands of single colonies loosely bound together that form under calm conditions and 

are easily broken up by turbulence. They typically have a diameter of 10 cm (Aggregated Fig. 

3B). The ribbon configuration  (width < 20 cm, length < 100 cm) is composed of more single 

colonies that are usually associated with low turbulence conditions (Fig. 2.3C). Patches (diam 

> 1 m) contain larger amounts of colonies forming clear patterns of covered and uncovered 

areas of the water surface. These are associated with wind or water currents pushing the 

biomass together (Fig. 2.3D). Mats are formed when there is a very high biomass of 

Microcystis colonies completely covering extensive regions of the surface, often found near 

the shoreline where water currents and wind push the cyanobacterial biomass. This is the 

common configuration that is easily detected with the naked eye and currently defined as a 

bloom (Fig. 2.3E). 
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Using the measured size of Microcystis configurations and Equation 1, the maximum 

sUAS flight altitude for CHABs detection is listed under each configuration in Fig. 2.3.  

Detection of single Microcystis colonies is unrealistic because the required flight height 

would be less than 1 meter. On the other hand, all other configurations can be detected at a 

maximum altitude of 80 m using current sUAS configurations. 

2.3.2 Effect of mixing on amounts of floating Microcystis 

Microcystis was shown to rapidly resurface through floatation after mixing by stirring 

the entire water column (Fig. 2.4). After 60 minutes of calm conditions, 90 % of Microcystis 

was on the surface of the water. The rapidity at which floating occurred followed a 

mathematical saturation pattern as described by Kepner (2010), while the density of 

Microcystis in other layers, i.e. 20, 40, and 60 cm deep, decreased accordingly.   The fitted 

saturation behavioral pattern equation for floatation was 

                    𝑦 = (
72.4∗𝑥

8.3+𝑥
) + 27.6                                               (2) 

where y is percent floating cells and x is time took by cyanobacteria to float to surface in 

minutes. 

2.3.3 Cyanobacteria detection in aerial images 

A detection algorithm, details not provided, was developed and applied to the aerial 

images.   Figure 2.5 shows images of Pond 3. In the original images, cyanobacteria are green 

in colour and difficult to differentiate from the gray water with the naked eye. The detection 

algorithm enhances the cyanobacterial signal to bright green and converts the water surface to 

black, permitting their surface areas to be calculated, accordingly. 
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Figure 2.6 shows Pond 3 images taken from 8:30 a.m. to noon on a single day as wind 

speed increased. 

Precision evaluation by comparing raw image data with algorithmically converted data 

provided the overall accuracy of the detection algorithm. False-negative results 

(cyanobacteria in the image but not detected) accounted for 6 % of the error, while the false-

positive results (cyanobacteria wrongly detected) accounted for 8 %.  The Matthews 

correlation coefficient (MCC) is a metric that compares an expected accuracy such as true 

pixel counts from images with an observed accuracy such as that provided by the 

cyanobacterial detection algorithm used in this study. Table 2.3 provides the data for 10 

flights, from which the following overall accuracy and MCC were calculated as follows. 

 

Overall accuracy = (142 + 73) / 250 = 0.86             (3) 

 

Where 142 is true negatives, while 73 is the true positives of 250 reads.  Because this does 

not take error into account, MCC was also calculated. 

 

MCC =
(73 x 142) – (19 x 16)

√(73+19)(73+16)(142+19)(142+16)

̇
= 0.70            (4) 

. 

 Its value for our image analysis was 0.7, which is a predicted accuracy of between 80-

90% (Vihinen, 2012).  Therefore, the algorithm provides sufficient accuracy for the 

evaluation of CHABs. 
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2.3.4 Detection threshold of CHABs 

The Chl a amounts and the surface coverage of cyanobacteria in pot experiments under 

calm and mixed conditions are shown in Figure 2.7. Chl a concentration and surface 

coverage follow a linear relationship. Under calm conditions, the four pots with the highest 

density of Microcystis reached 100 % surface coverage and in the mixed condition the 

surface coverage quantity for each pot dropped to a maximum of 60%. 

As expected, the detection threshold decreased with increased altitude (Fig. 2.7).  The 

visual detection thresholds by cyanobacterial experts were as follows.  Under calm 

conditions, it was 81 mg/m3 of Chl a at 10 to 20 m, 132 mg/m3 of Chl a at 30 to 70 m, and 

254 mg/m3 at 80 to 100 m. Under mixed conditions the amount of Microcystis floating on the 

surface is reduced resulting in less sensitivity and therefore, higher detection thresholds. The 

thresholds are 151 mg/m3 of Chl a at 10 m altitude and 287 mg/m3 of Chl a between images 

taken at 20 to 60 m. At above 60 m, no Microcystis was detectable.  

2.3.5 Impact of wind speed and direction on appearance of CHABs 

To study the effect of wind speed and direction on CHABs floatation, the original 

aerial images were processed through the cyanobacterial detection algorithm as shown in Fig. 

2.6.  Wind speed and directional data are shown below the images. Calm conditions with 

wind speed < 0.1 m/s were recorded for over 2 h before the first UAV flight when the 

cyanobacterial surface coverage was 8.0 %. Wind speed slightly increases to 0.5 m/s after the 

first flight and the coverage dropped to 4.5 % within 1 h. When the average wind speed 

increased to above 1.5 m/s after the fourth flight, the coverage dropped to 2.8 % within the 

next 1.5 h. CHABs also relocated with the direction of the wind. In the first flight, the bloom 
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was located in the southeast area of the pond, whereas after a further 2 h, the major bloom 

area changed to the northern shoreline concentrating in the western and eastern corners 

because the prevailing wind direction was now from the south. 

2.3.6 Feasibility of the UAV based technology for CHABs monitoring 

The overall requirements in relation to factors that affect cyanobacteria detection are 

given in Table 2.4.  Explanations for the sUAS engineering factors have been previously 

published (Lyu et al. 2017). Flight height was chosen to be 75 m because this provided 

effective resolution (GSD = 4.7 cm) with adequate coverage per mission. Other factors, such 

as atmosphere can account for the detection error presented above in Section 2.4.3. 

Temporal frequency test results showed that four missions can be conducted per h. The 

practical maximum coverage per mission at an altitude of 75 m was 0.5 km2 for the DJI 

Phantom 2 and 1.0 km2 for the custom octorotor, respectively. 

Per mission cost was calculated by total cost divided by total number of missions or 

datasets obtained in a single calendar year. The total cost includes equipment and spare parts, 

labour, and required software.  The lifespan of one-time purchase equipment was set to 1 

year.  As such, the per mission cost of sUAS through this study can be calculated as follows: 

1) DJI equipment and components (UAV, gimbal, camera, batteries) is 1,800 CAD;  

labour cost is 20 h (15 min per mission) plus 100 h (1.4 h analysis per mission) at 50 CAD/ h, 

and software licenses were 640 CAD. 

Total flight missions conducted throughout the year was 80. 

Per mission cost =  
Total cost

number of missions
=

1800 + 640 + (112 × 50)

80
= 100.5 CAD    (5) 

link:prevailing
link:wind
link:direction
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2) Likewise, for the octorotor, UAV and components were 5,000 CAD and per mission 

cost was 140.5 CAD. 

3) The cost per km2 of survey area are approx. 201 and 140.5 CAD for the DJI Phantom 

and octorotor, respectively. 

The time required per mission from start to analyzed results is less than 2 h (see Table 

2.2). 

2.4 Discussion: 

The lack of understanding of the biological characteristics of cyanobacteria often leads 

to false-negative results when conducting CHABs monitoring.  This is because 

cyanobacteria exist in a wide-ranging diversity of shapes and sizes; their temporal and spatial 

distributions change rapidly due to their vertical migration abilities and passive transportation 

caused by wind, water currents and population dynamics (Okubo 1978, Wallace et al. 2000, 

Wu et al. 2009). Presently, monitoring and sampling approaches cannot provide adaptive 

information that deals with the dynamic nature of these organisms. 

The current study began by investigating the biological aspects of CHABs in order to 

better understand how to monitor and quantify their occurrence. Microcystis aeruginosa was 

the major cyanobacterial species found at the study site. It formed strongly congregated 

single colonies of cells possessing median diameters of between 0.2 - 0.5 mm, and this size 

range did not change significantly over the growing season (Fig. 2.2).  

The ability to float is a well-known characteristic of Microcystis (Hunter et al. 2008, 

Wu and Kong 2009, Wu et al. 2010) even though they easily disperse into stirred layers.  



 42 

However, the colonies rapidly resurface when agitation ceases (Fig. 2.4).  The kinetics of 

floatation, the rate of rise due to buoyancy, followed saturation behavior and deviation from 

the fitted curve can be attributed to different rates of the cyanobacterial colonies within the 

samples.   Therefore, it appears that estimates of the extent of blooms can be made based on 

area of water covered by floating cyanobacteria under suitable conditions. 

Single colonies of M. aeruginosa combine into larger configurations (Fig. 2.3) that are 

loosely held together. Conventionally, it is the mat configuration that is referred to as the 

defining area of any given CHAB.  However, this designation could equally apply to the 

aggregate, ribbon and patch configurations if the extent of coverage is high enough. In 

addition, a solid mat of cells should not be an essential prerequisite of CHABs because the 

other configurations may have as serious effects on aquatic ecosystems. 

Studies have presented the possibility of sUAS for cyanobacterial monitoring from a 

technical prospective (Van der Merwe and Price 2015). However, the long neglected part of 

the monitoring framework is an understanding of the biological characteristics of CHABs as 

they pertain to the ability to quantify them from aerial images.  The studies in this paper 

support the notion that surface area provides an appropriate estimate of the size of CHABs 

events.   Because the cyanobacterial configurations are composed of assemblages that are 

generally equal to or larger than 10 cm across, they are easily detectable by the resolution of 

consumer-grade cameras at easily attainable distances from the water’s surface (Fig. 2.5). In 

fact, this proved to be the case for both the DJI and octo-rotor sUAS up to 80 m (Fig. 2.7). 
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Besides spatial resolution, there are many factors that affect the quality of aerial 

images.  These factors can be classified into three categories as shown in Table 2.4; 

environmental factors (wind, exposure), flight parameters (height, speed), and sUAS 

performance (frame, camera, gimbal, autopilot, navigation). The latter has already been 

investigated by our group (Lyu et al. 2017).  In this article the cyanobacterial detection limit 

was estimated through comparison to Chl a in water samples.   Using the DJI Phantom 

models in an in-situ controlled scenario, environmental conditions and flight parameters were 

carefully selected to mimic field survey conditions.  Most notably, detection was significantly 

reduced when water samples were mixed as opposed to being in calm conditions; i.e. 

cyanobacterial density as determined by Chl a, was the same in a given volume under both 

conditions, but turbulence lowered surface coverage. This result suggested that detection was 

limited by the organism’s exposure to the surface rather than density. Until now, most articles 

have used reflective spectral information to establish the relationship with microphytic 

density (Hu et al. 2010, Aguirre-Gomez 2017, Shang 2017). This is because most microphyta 

are distributed in the water column, and higher densities of them will deepen the water colour 

as indicated by strength of the reflected spectrum. However, this does not apply to some 

cyanobacteria such as Microcysits that form high density colonies with the water remaining 

clear between them. When there’s strong turbulence, Microcystis colonies are relocated to 

below the surface, significantly reducing their reflective spectral signal. Therefore, the 

detectability of CHABs using sUAS or remote sensing strongly depends on the 

cyanobacteria’s presence at the surface, rather than their density. These findings provide a 
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new perspective with which to increase the detection limit and effectiveness of the 

monitoring technologies. 

 The surface appearance of CHABs was mainly determined by two factors, biological 

properties of the cyanobacteria as well as external environmental forces. Many genera of 

cyanobacteria are able to float because of their unique ability to produce gas vesicles and 

regulate their buoyancy to actively migrate vertically in the water body (Thomas and Walsby 

1985).  Laboratory experiments showed that when calm conditions followed thorough mixing 

of the water column, 90 % of the Microcystis rose to the surface within 60 minutes (Fig. 2.4).  

In addition to their unique buoyancy properties, external turbulence by wind also affected 

their spatial distribution pattern in lentic environments (Marce et al. 2007). Field testing 

showed that there is a significant reduction in bloom area with increase in wind speed and 

horizontal distribution is highly governed by wind direction (Fig. 2.6). These findings are 

consistent with other studies (Fan et al. 1998, Bai et al. 2005, Wu and Kong 2009, Wu et al. 

2010). Therefore, adjusting mission times to when higher percentages of CHABs are floating 

on the surface will ensure more accurate estimates and minimize false negative results. 

 With a proper understanding of the dynamic nature of cyanobacteria, and taking 

advantage of the mobility features of sUAS, the system was able to take images at times that 

best represented the total biomass of the cyanobacteria. In so doing, the signal to noise ratio 

of cyanobacterial detection can be significantly improved, and maximum information 

acquisition efficacy achieved. This permits early and timely detection. With this 

comprehensive detection capability, we were able to distinguish cyanobacteria from other 
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microphytic species and submerged plants that share the same water body because of 

differences in their spectral signatures. In fact, by comparison to floating cyanobacteria, both 

submerged plants and eukaryotic algal signals are blended with high proportions of signals 

from the surface water making the cyanobacterial signal, by comparison, stronger and 

sharper. 

 Through this paper and a previous publication (Lyu et al. 2017), we identified the 

requirements for effective CHABs monitoring and the factors that influence detection (Table 

2.4). The three main types of requirements are CHAB information acquisition, detection 

ability, and the CHABs appearance on the water surface.  This study has demonstrated that 

the development of sUAS for CHABs monitoring is feasible provided there is a sound 

understanding of the biology of CHABs.  That is, accurate detection requires that 

cyanobacteria are floating and the size of CHAB’s configurations are larger than GSD. 

 Our testing shows that sUAS are capable of monitoring CHABs relatively 

inexpensively at an average overall accuracy of 86%.  Each mission can be up to 1 km2 and 

the ability to perform multiple missions per h can provide rapid temporal resolution. The 

short intervals between sampling and results (~ 2 h; Table 2.2) allows for prompt data 

analysis. Therefore, this is an appropriate candidate method to fill the urgent need for CHABs 

detection requirements, providing cost effective, rapid, and accurate information to improve 

risk management and the allocation of available resources. 
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2.6 Figures and Tables 

 

 

 

 

Figure 2.1. General information of the study site; A. The location of the study site is located 

near Hartington, ON, Canada; B. Stitched aerial image through our small Unmanned Aerial 

System, Aerial images were taken at 75 m altitude, stitched through Autopano Giga 4.2 

software. Ponds are numbered. White dots are the water sampling locations, white square 

below pond 2 was location of the ambient weather station. 
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Figure 2.2. Colony size of Microcystis aeruginosa  in 2016. 

Colony sizes were measured by greatest axial linear diameter.  Centre line is the median, top 

and bottom represent the 25th and 75th percentiles, whiskers extend to the maximum and 

minimum values or 1.5 interquartile ranges from the median (whichever is less). 
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Figure 2.3. Common configurations of Microcystis sp. In the study site. A, single colony, 

containing hundreds to thousands of cells, is the basic formation of Microcystis; B, C, D, E, 

the common configurations appearing on the surface under natural conditions. The required 

sUAS flight altitude with the current unmanned aerial systems with GoPro Hero3+ camera 

for CHABs detection is listed under each configuration. 
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Figure 2.4.  Characterization of cyanobacterial floatation.  Proportional change of the 

Microcystis densities at different depths; surface (●), 20 (○), 40 (▼) and 60 cm (∆) deep, 

over 120 minutes under calm conditions after thoroughly mixing by stirring the entire water 

column.  Line fit assumes floatation of cyanobacteria will saturate at 100%, r2 = 0.95. 
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Figure 2.5.  Comparison of original aerial image and processed image through cyanobacterial 

detection algorithm.  

 

A, Original aerial image. B & C, selected areas. D, processed images through cyanobacterial 

detection algorithm, cyanobacteria shown in green while the water has been converted to 

black.  E & F, processed images of  B & C showing ribbon and patch configurations, 

respectively.  See Fig. 3 for explanations of configurations. 
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Figure 2.6. Effect of wind on surface area and location of cyanobacteria. A. Processed images 

through cyanobacterial detection algorithm of Pond 3.  Time stamps are shown left of each 

inage for flights 1 – 6. Cyanobacterial surface coverage are open squares.  B. Wind before 

and during flight period; arrow length indicates wind speed. Arrows are direction of wind. 
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Figure 2.7. Chlorophyll a concentration and surface coverage of Microcystis. Experiments 

were performed using pots as described in methods. Detection limits at different altitudes are 

shown by dashed lines indicating that any group with higher Chl a content can be detected at 

this altitude using current unmanned aerial systems.  DL is detection limit. Means and S.E., n 

= 5. 
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Table 2.1 Technical features of detection apparatus 

A.  Small Unmanned Aerial Vehicles 

Technical features Customized octo-rotor Modified DJI Phantom 2 

Airframe material Carbon fibre Plastic 

Arm length (m) 0.42 0.18 

Rotors Brushless motors Tarrot  

5008 340kv x 8 

Stock  

2212/920kv x 4 

Battery Two 6S 10000mAh Lipo  5200 mAh Lipo 

Autopilot Pixhawk 

Mission planner 

NAZA M  

DJI 2.4g Bluetooth datalink 

“DJI Ground Station” iPad app  

Flight duration Up to 25 min Up to 15 min 

Flight speed Up to 10 m/s Up to 10 m/s 

GPS Yes Yes 

Gimbal Rctimer Black ASP 3 Axis 

Nex-GH5 Brushless Gimbal 

Zenmuse H3-2D Gimbal 

Camera Sony ILCE-6000 Gopro hero 3+ black 

Gopro hero 4 silver 

Flight parameter 

recording 

Pixhawk Flytrex Core 2 

 

B.  Digital cameras 

 

Technical features Gopro 3+ black Gopro 4 silver Sony ILCE-6000 + 

Sigma 30mm f2.8 DN 

Lens 

Weight (g) 74  83 344 g 

Sensor type cmos cmos cmos 

Sensor size (mm) 6.17 x 4.55  6.17 x 4.55 23.5 x 15.6 

Pixel size (μm) 1.55  1.55 3.9 

Image pixel 4000 x 3000 4,000 x 3,000 6000 × 4000  

Focal length 

(35mm equivalent) 

21.9 mm* 21.9 mm* 20 mm 

Field of view    

Focus control Auto Auto Auto/manual 

Shuttle mode Auto Auto Auto/manual 

Output format jpg jpg Jpg / RAW 

Time lapse Built in Built in “time lapse” app 

*only medium FOV were used in this study 

 

  



 59 

 

Table 2.2. General process for CHABs detection with small unmanned aerial systems per 

mission. 

 

Step 1 (5 min) 

Calibration 

and 

Initialization  

Camera:  Focus value, date & time, ISO/ shutter speed, camera time-lapse 

settings 

Unmanned aerial systems: Compass & GPS, controller, ground autopilot 

program, gimbal 

Step 2 (10 min) 

Flight 

Planning 

 

Autonomous route planning: Flight direction was longitudinal. Flight paths 

ensured at least 60% medial and 40% lateral overlap. 

Weather information: Weather station (Ambient Weather WS-1001, USA) on 

site to record wind direction and speed. 

Step 3 (15 min) 

Data 

Acquisition 

Aerial image: Manual take-off and landing for safety. Autonomous flight route 

initiated after manual take-off. 

Step 4 (< 1 h) 

Image 

Processing 

 

Lens distortion correction: Adobe Photoshop CC 2015 software includes lens 

distortion profiles of cameras used. 

Exposure check (optional): Applied when cloud coverage/light intensity 

changes rapidly during a single mission.  Adobe Photoshop CC 2015 using 

colour picker examined the reference colour board RGB raw values. Image 

acceptance within channel data difference ≤15% from average image values. 

Generate georeferenced image: Time synchronize GPS coordinated to the 

image EXIF (EXchangeable Image File format) attributes using Gpicsync 

software (Free Software Foundation, Inc., Boston, MA). 

Image stitching: Images from each mission were stitched using Agisoft 

Photoscan v1.2.5 (St. Petersburg, Russia) software to generate a high-resolution 

mosaic image of the whole mission area. 

Step 5 (30 min) 

Detection  

 

Image analysis:  Algorithm used colour intensity signatures to enhance 

cyanobacterial signal, and dim all remaining areas of background. 

Cyanobacteria coverage calculation:  To determine the percentage coverage of 

cyanobacteria, image pixel counts of cyanobacteria was divided into the total 

pixel counts of the water body using Photoshop CC 2015.  Respective areas can 

be determined by multiplying by ground sample distance (GSD). 
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Table 2.3.  Cyanobacterial detection confusion matrix  

 

Reference data Cyanobacteria No cyanobacteria Total of row 

     Cyanobacteria +/+: 73 -/+: 19 92 

     No cyanobacteria -/-: 16 +/-: 142 158 

     Total of column  89 161 250 

 

+/-, true negative results; +/+, true positive results; -/-, false negative results; -/+, false 

positive results. Numbers were generated by a random sampling approach where 5 x 5 pixel 

areas were chosen on images obtained from 10 different flights, given us a total of 250 data 

points. 
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Table 2.4. Requirements and factors that impact cyanobacteria detection using small unmanned aerial systems

 

 

 

Requirements Value 

Factors  
(Flight 

parameters) 

Factors 

(Environment) 

Factors  

(From sUAS engineering perspective) 

Flight 

height 

Flight 

speed 
Atmosphere Light Time Wind 

Design Development 

Frame Camera Gimbal Autopilot Navigation 

Cyano- 

bacteria 
information 

acquisition 

Effective 

resolution 

GSDα 

< 5 cm 

✕       ✕ ✕   

Blur ✕ ✕  ✕  ✕ ✕ ✕ ✕ ✕ ✕ 

Signal 

Strengthβ 
✕  ✕ ✕ ✕   ✕   

 

Image PAγ 

accuracy 

Position < 3 m         ✕ ✕ ✕ 

Altitude < 2 m          ✕ ✕ 

Attitude < 2 deg         ✕   

Sun elevation angle < 30 deg     ✕       

Flight path accuracy TBD          ✕ ✕ 

Detecting 
ability 

Coverage                       

DJI 

Phantom 
0.5 km2 ✕ ✕     ✕ ✕   

 

Octorotor 1.0 km2 ✕ ✕     ✕ ✕    

Cost 

(CAD)   

DJI 

Phantom 
~1800       ✕ ✕ ✕ ✕ ✕ 

Octorotor ~5000       ✕ ✕ ✕ ✕ ✕ 

CHABs appearance    ✕ ✕ ✕ ✕      

 
αGSD: Ground Sample Distance 
βSignal strength: Cyanobacteria detection signal can be expressed as colour, tone, and contrast information 
γPA: Position and attitude  
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3.0 Chapter 3: Monitoring CHABs movement and growth in small 
water bodies using a small unmanned aerial system 
 

3.1: Introduction 
 

 

It is well documented that CHABs flourish in eutrophic environments and are generally 

favored by conditions of high temperatures, high water column stability, low grazing 

pressure by zooplankton, and low nitrogen to phosphorus ratios (Paerl 1988, 1996; 

Hyenstrand et al. 1998).  Often the most intensive blooms can be seen in late summer or 

early fall, especially in temperate climate zones in the Northern Hemisphere.  A variety 

of other environmental conditions such as Dissolved Oxygen, wind patterns, nutrient 

availability, lake mixing, growth stage, temperature and light intensity are discussed 

within the literature as possible factors effecting CHABs.  Consistency in reliable data 

acquisition are important when investigating the growth stage of CHABs, therefore it was 

imperative to develop a reliable assessment tool to accurately monitor CHABs. 

Ground sampling, on-site automatic monitoring networks, satellite and airborne 

remote sensing are the current major techniques used for CHABs detection and 

monitoring (WHO, 1999, Gómez et al., 2011, Matthews et al., 2012, Duan et al., 2012, 

and Kudela et al. 2015). However, these technologies cannot adequately track CHABs 

dynamic nature involving formation, migration and dissipation processes because of their 

low sampling frequencies. They cannot provide accurate distribution information due to 

limitations in their spatial coverage, and they do not accurately portray CHAB events in 

an up-to-date manner due to delays between sample time and analysed results. For 
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example, ground sampling and on-site automatic monitoring networks can only collect 

information that are limited to accessible areas or sampling points, and as such only 

provide very limited information spatially. Manned airborne surveys can provide 

coverage of a few hundred square kilometers, however they require pre-assigned flight 

routes and official permission in most countries, which reduces its sampling versatility 

(Hruska et al. 2012). Satellite imaging is able to survey relatively large areas, but is 

adversely affected by atmospheric and environmental conditions. Resolution is also low 

and there are long periods between specific site inspections (Downing et al. 2006, Kudela 

et al, 2015).   

Small unmanned aerial systems (sUAS) are one possible solution to these 

limitations.  These systems consist of unmanned aerial vehicles (UAV) and have the 

ability to carry different sensors and other equipment.  The sUAS’s can be used to obtain 

images on demand when CHABs are suspected to be present on the water surface, at a 

high temporal frequency (minutes to hours), allowing for the tracking of small-scale 

change in CHAB’s distribution. These sUAS’s systems have been successful in many 

other environmental monitoring applications such as that for forests, rivers, wildlife and 

land erosion (Colomina and Molina, 2014); and this methodology has great potential in 

bloom monitoring (Flynn and Chapra, 2014; Van de Merwe and Price, 2015). 

The sUAS may bridge the gap in CHAB monitoring needed to better design and 

use many CHAB control methods developed (physical, chemical, biological, and 

environmental nature (Lam et al, 1995; Nakamura et al, 2003a; Choi et al, 2005)). 

Generally, most of these control methods are not considered successful in larger water 

bodies (> 1 km2). One key reason for this ineffectiveness is the difficulty involved in 
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locating where small-scale blooms are present at a specific time, thereby severely 

reducing the ability to accurately target treatment areas. The temporal and spatial 

distribution of small-scale blooms can change rapidly (within hours) depending on 

variations in winds, water currents and population dynamics (Wu and Kong 2009).    

This study examines the Microcystis aeruginosa blooms detected in a small bait 

fish farm located in Hartington (Ontario) in the summer of 2014.  The fish farm is 

composed of eight distinct ponds, varying in size, all in an area <1 km2. These blooms 

were again detected and investigated further in 2016. 

This chapter aims to address the following questions: 

 

 

1) Are sUAS’s able to track and quantify CHABs and changes in CHABs between 

our study sites over the sampling period? 

 

2) How do CHABs change in our study ponds over the sampling season in relation 

to water chemistry and environmental factors, such as nutrients, pH, temperature, 

and wind direction? 

 

3) Do water chemistry and environmental factors correlate with presence of CHABs 

across and among ponds over the sampling period? 

3.2: Materials and Methods 

3.2.1: Study sites 
 

Algal monitoring was conducted at Leonard’s Fish Farm (N 44° 27’9.968, W 76° 40’ 

27.263) in Hartington, Ontario, Canada approximately 35 kilometers north west of 
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Kingston, Ontario.  On the study site exists a collection of eight small baitfish ponds all 

with a maximum depth of ~2 m and range in size from 969 – 5142 m2.  All eight ponds 

are separated by greater than 2 m wide strips of land and are considered individual water 

bodies (Figure 1), although in severe cases of rainfall they have been known to overflow 

into each other. Each pond is used to culture sucker minnows, which are hatched from 

eggs in the early spring and released into the ponds by late spring, and fed with fermented 

soybeans throughout the summer. This site offers a unique opportunity as harmful bloom 

species of cyanobacteria (dominant species: Microcystis aeruginosa) were found in all 

ponds during 2016 sampling year. However, not all ponds had detectable blooms using 

the UAS. Ponds 3 and 7 in 2016 had significant cyanobacterial blooms that could be 

detected visually at ground level and from UAS images. Ponds are drained each year in 

late October, and refilled naturally by snowmelt and rain by early spring. 

3.2.2: sUAS description 
 

A ready-to-fly DJI Phantom 2 (DJI Industries, Shenzhen, China) was used for this study 

which features a frame of 35 x 35 x 19 cm, weighs less than 1 kg and has a 200 g 

payload.  The DJI 2 is equipped with a NAZA M autopilot chip, as well as a Zenmuse 

H3-2D Gimbal, which can hold a GoPro Camera. A 2.4 Ghz Bluetooth datalink was set 

up to allow autonomous flight using DJI’s Ground Station application on a iPad. A 

Flytrex core 2 chip, (Tel Aviv, Israel) was added to the DJI Phantom 2 which logged the 

GPS location of the UAS which we later correlated to the images in order to ensure 

accurate image stitching results. 
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3.2.3: Image sensor 
 

A GoPro Hero 4 Silver Edition was used throughout the sampling period.   

Detailed camera specification is shown in Table 2.1B. The Gopro 4 silver edition camera 

has a wide-angle fisheye lens, captures up to 4000 x 3000 pixels, a CCD sensor size of 

6.17 x 4.55 mm, a CCD pixel size of 1.55 μm, and focal lengths up to a 28 mm 

equivalent. These cameras have been increasingly used by researchers for a variety of 

remote sensing applications as their fisheye lenses are able to overcome the flight height 

and stability limitations of small UAVs (Gurtner et al. 2009; Harden and Jensen, 2011).  

For our purposes, we utilized the intervalometer (time lapse) feature, which allowed us to 

take photos every 2 seconds while the UAV followed its autonomous flight missions.  

3.2.4: Data acquisition: 
 

Aerial surveys were completed approximately once a week from June 17–Oct 28, 

2016 (18-week sampling period).  Flight paths were constructed to capture the area of all 

eight study ponds, and images were captured every two seconds during the ~12 minute 

aerial survey. A weather station (Chandler, AZ, United States) was set up at Leonard’s 

Bait Fish Farm, according to manufacturer’s specifications, prior to the first flight to 

measure weather parameters (wind speed, humidity, temperature, light intensity, 

precipitation, solar radiation, and UV radiation.  This station was left on site over the 

entire sampling period and measured the above parameters every minute. 

Prior to the flights, 8 colour boards were placed around pond 3 and acted as: 1) 

control points for image stitching, and 2) references for development of our 

cyanobacterial detection program.  Flight paths were set in a pattern such that horizontal 

lines would cover the area of interest using the waypoint function in the UAV’s mission 
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control software, in order to obtain maximum coverage and sufficient overlap to allow for 

accurate picture stitching. 

Before the first flight of each sampling date, the compass on the DJI Phantom was 

calibrated to local magnetic conditions outlined by the manufacturers.  The purpose of the 

calibration was to improve the UAV GPS system to allow the UAVs more accurately 

follow the desired flight plans.  The UAVs were manually controlled for takeoff and 

landing, and once safely positioned, the flight paths were uploaded at which point the 

UAV would follow the desired path until completion.  During flight, the UAV could be 

monitored via mission control software by the operator to make sure the autopilot was 

functioning and following the desired path. If needed the operator could intervene the 

flight path and resume manual flight. 

The camera was set at 90 degrees towards the ground prior to take off. In all 

Phantom missions the Gopro was set to the time lapse function at 2 second intervals on 

autoexposure at Med 7MP setting. The flights were approximately 12 minutes and 

between 200 and 300 images were obtained. 

Water samples were collected from each of eight study ponds on a regular basis 

(once a week) for the sampling season (Jun. – Oct. 2016). On each sampling occasion, 

surface water samples were obtained for chemical, physical and microphyta 

measurements. In addition, dissolved oxygen (DO) measurements were taken onsite 

using a YSI 85 meter probe as well as conductivity and temperature readings. All other 

parameters  (chlorophyll-a, total nitrogen, total phosphorus, conductivity and pH) were 

measured in the laboratory.  Chlorophyll-a measurements were acquired using the 

standard protocol ISO 10260-1992, pH using an Accumet AB15 pH meter, total nitrogen 
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acquired using the standard protocol HJ636-2012, and total phosphorus using the 

standard protocol ISO 6878: 2004(E). Cyanobacterial species were viewed under a Lietz 

Diaplan GMBH microscope for species identification and colony size measurements.  

3.2.5 Statistical Methods 
 

Statistical analyses were conducted using “R” statistical software and the “stats” 

package (RStudio Team, 2016). Linear models were used to describe which, if any, water 

chemistry perimeters were statistically different between blooming ponds and non-

blooming ponds. 

3.2.6 Image processing  
 

Images were selected based on the horizontal pathways of the flight plan, in order 

to reduce the number of photos affected by camera tilting as the UAV turns or rounds a 

corner. 

3.2.7 Global positioning system tagging 
 

The Gopro camera we used did not have Global Positioning System (GPS) 

tagging software built into its functions to allow us to obtain the co-ordinants of each 

photographic image, in order to overcome this limitation a Flytrex Core 2 chip (Tel Aviv, 

Israel) was used for GPS position data logging.  With the GPS location logged and using 

two different programs, GPSBabelIFE and GPicSync, we were able to add a GPS tag to 

each photo. GPS location is used for image stitching described in section 3.2.9. In order 

to insure accuracy, each photo was referenced to Google Earth. 
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3.2.8 Lens Correction 
 

Due to the image distortion created by the fisheye lens of the Gopro cameras, an 

extra processing step was needed to account for lens correction. Adobe Photoshop CC 

2015 has a lens correction function with pre-set filters for many different lenses, 

including that of the Gopro HERO 4 silver. Combining this function with the batch 

function allowed for automatic lens corrections on all selected photos (more details can 

be found in Adobe Photoshop, 2015).  

3.2.9 Image Stitching 
 

Subsequent to image selection and lens correction, the images were stitched 

together using Agisofts’s Photoscan (St. Petersburg, Russia). This program uses the GPS 

location of each image and takes aspects of neighbouring images and blends them 

together resulting in one large image created from pieces of each individual image. 

3.2.10 Algae detection program 
 

When large numbers of cyanobacteria gathered at the surface of the water body, 

the reflective spectrum changes sharply and these characteristic signals can be easily 

captured with the cameras featuring RGB bands. In this study, an unsupervised 

classification algorithm was applied to the image for cyanobacterial detection (details of 

the algorithm will be discussed in a separate paper).   After the algorithm is applied, 

quantification of CHAB coverage can be calculated by counting pixels. 
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3.2.11 Cyanobacterial mapping/quantification 
 

Using certain functions in Adobe Photoshop CC 2015 to count the pixels, the area 

of cyanobacterial coverage can be identified.  The Ground sample distance (GSD) is the 

length of a pixel from a certain height, and by utilizing this, the area of coverage can be 

determined relative to the area of the ponds.  

3.2.12 Ground sample distance (GSD) 
 

The GSD (cm/pixel) is calculated using the formula: 

                                                   𝐺𝑆𝐷 =
𝑆𝑤 × 𝐻 × 100

𝐹𝑅 × 𝑖𝑚𝑊
                                                            (1) 

Where Sw is the sensor width of the camera (mm), FR is the real focal length, not the 35 

mm equivalent, H is the flight height (m), and imW is the image width in pixels.  It 

should be noted that after the lens correction step for the Gopro cameras, the FR is 

changed.  In order to calibrate this change, photos of a measuring tape at known heights 

were taken from each Gopro, and the GSD was manually measured after lens correction. 

The appropriate FR was then calculated by rearranging the formula to solve for FR. Once 

this value was found, it became the working value for the Gopro cameras. 

3.2.13 Pixel counting 
 

For each desired pond, the area of the entire water body/point of interest was 

measured. This was done in Adobe Photoshop CC 2015, by selecting the area of the pond 

with the Polygon Lasso Tool, and viewing the histogram which provides a total pixel 

count, and this value was then multiplied by the GSD2. Then, the area of cyanobacteria 

was selected using the Colour Range selection tool, which obtains a total pixel count of 
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the cyanobacterial coverage area.  It is noted that depending on the different light 

conditions, some threshold limits needed to be adjusted for manually, prior to viewing the 

histogram.  With these two values a percent area coverage per pond was calculated. 

3.3: Results 
 

 

In total, there were 17 sampling weeks. A total of 49 flights were executed: 17 at 

50 m altitude, and 32 at 75 m altitude throughout the 2016 sampling period.  In order to 

obtain good quality photos and an accurate representation of the areas containing 

CHABs, we found the optimal flight time for our system to be when wind speeds were 

consistently low (< 0.5 m/s) for at least an hour before flights.  The wind effects the 

location and distribution, both vertically and horizontally of CHABs around the water 

body, and knowledge of this plays an important role in obtaining images to accurately 

estimate CHAB coverage.   

Applying the cyanobacteria detection algorithm (see chapter 2), we were able to 

calculate the surface coverage of CHABs relative to the surface of the water body. The 

surface coverage of cyanobacteria is shown over the sampling period, as well as the 

average wind speed (measured over one hour before the flight) in both ponds 3 and 7 at 

50 and pond 7 at 75 m flight altitudes (Figures 3.1-3.3).   

Surface coverage and chlorophyll a were compared within both ponds, 3 and 7. 

This revealed no correlation in pond 3 (r2 = 0.01) and a positive correlation in pond 7 (r2 

= 0.65). Pond 3 had 4 different sampling sites, none of which provided any correlation (r2 

between 0.0049 – 0.02), and when all 4 sampling sites were average, they also did not 

provide any correlation (r2 = 0.01) (Figure 3.4).  Pond 7 on the other hand, followed the 
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trend provided by the sUAS images (Figure 3.5), however the two variables were only 

moderately correlated (Figure 3.6).  

It was expected that there may be differences in water chemistry between the 

ponds with and without CHABs as this is the current metric for cyanobacteria bloom 

prediction.  The combination of chlorophyll a data and the surface area coverage 

determined from the images were used to determine ponds with CHABs and without. I 

conducted different statistical analyses between ponds and sampling occasions, and 

compared results for ponds with and without CHABs to find if there were statistically 

significant differences in water chemistry. For these results, I chose the two most extreme 

blooming ponds (ponds 3 and 7), and two that did not bloom (ponds 2 and 5). 

Chlorophyll a (Figure 3.7), total nitrogen (TN, Figure 3.8), total phosphorus (TP, Figure 

3.9), TN/TP ratio (Figure 3.10), water temperature (Figure 3.11), pH (Figure 3.12), 

conductivity (Figure 3.13), dissolved oxygen (DO, Figure 3.14) and turbidity (Figure 

3.15) were measured at each sampling site. Significant differences (p = < 0.05) were 

found between blooming ponds and non-blooming ponds for chlorophyll a, pH and 

turbidity analyses. These differences are of interest because of the close proximity (< 2 m 

distance between adjacent ponds) and similarity of the function of these ponds, yet the 

varying presence or absence of CHABs between them. 

3.4 Discussion: 

Currently, satellite imaging is a widely used method for tracking blooms in 

oceans and large lakes (Becker et al. 2009, Wynne et al. 2010). Manned aircraft are used 

for smaller lakes as they can carry larger and heavier payloads, can fly at higher altitudes 

and for longer periods when compared to sUAS’s.  Manned aircraft can also take 
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advantage of large, hyperspectral sensors that are able to differentiate narrow spectral 

bands over relatively large areas.  This is of importance in order to differentiate 

cyanobacteria from other micro- and macrophytes based on cyanobacteria’s unique 

reflectance characteristics, which can be a major advantage in areas where data from 

direct water sampling are not available.  Although satellite and manned aircraft sensing 

are useful, they are limited in rapid, local risk assessment, particularly where there is a 

need for water quality information on small aquatic environments or specific areas along 

shorelines (Kutser et al. 2006).  Along with the costs required for manned aircraft and 

satellite operations, there are limitations imposed by cloud cover and atmospheric 

interferences, spatial resolutions that are inadequate for small water bodies, and the 

temporal scales of these methods.  Therefore it is important to have another monitoring 

method that does not directly compete, and provides a complimentary solution for their 

shortfalls. 

The use of sUAS combined with our algae detection algorithm is one solution that 

can compliment current monitoring shortfalls.  Using these systems, we can increase the 

temporal scale, create a system for adequate spatial resolution of target water bodies and 

decrease the operating costs.  One of the main benefits of using satellites and manned 

aircraft is there ability to carry large heavy hyperspectral sensors, and although the 

current sUAS technology doesn’t support these, using our algorithm and timely 

deployment of our system, we can separate cyanobacteria from other micro/macrophytes 

using consumer grade RGB cameras (see Chapter 2).  In this chapter, we have shown our 

system in use, with weekly samples taken over a 17-week period in 2016.  
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Our sampling occurred in the morning hours, during the time cyanobacteria 

colonies appeared on the surface as cyanobacteria is highly affected by turbulent 

conditions (Krompkamp and Mur, 1984; Oliver and Ganf, 2000; Wallace et al., 2000). 

We found that surface coverage of CHABs is decreased when wind exceeds (0.5 m/s) 

(Figure 3.1). This was explored through time lapse over a 3 hour period in chapter 2. It 

was important to detect week to week differences. Coverage was highly variable  in pond 

3 that contained low amounts of cyanobacteria (< 2% coverage; Figure 3.2). In pond 7, 

(Figure 3.3) we can see that wind also affects cyanobacteria coverage, however on 

October 5th there was higher wind speed (1.4 m/s) and the highest coverage of 

cyanobacteria, this is likely due to the fact the biomass of cyanobacteria was large 

enough that the wind had minimal effect on its overall appearance. 

The temporal and spatial distribution of CHABs is quite complex and can vary 

depending on environmental conditions, making CHABs assessment relevant to the 

sampling location at the time of sampling, something that has been overlooked in 

previous monitoring endeavours.  Here we provide an image analysis of CHABs in two 

local ponds over a 17-week sampling period. Using the methods described in Chapter 2, 

we also show that tracking the development and decline of CHABs is possible in both 

ponds while using our detection algorithm to separate CHABs from other 

micro/macrophytes in the ponds (Figure 3.1-3.3). Two different flight heights were tested 

to determine if image obtained at a lower flight altitude shows different results from that 

acquired from a higher altitude, because lower altitudes provide lower GSD and more 

effective resolution (Figure 3.1 and 3.2).Both the 50 m and 75 m flights showed the same 

bloom growth and decline pattern over the 2017 season.  Higher flight altitudes were not 
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tested in this study for two reasons, firstly, special permissions are needed when flying 

above 90 m (Government of Canada, 2017). Secondly, based on our results from Chapter 

2, the maximum flight height to see the smallest configuration of Microcystis colonies 

(aggregated) is 80 m.  

We compared our method with chlorophyll a measurements over the sampling 

season in 2 different ponds, ponds 3and 7.  Pond 3 was irregularly shaped and had 4 

sampling points, in the northeast and west corners, southeast corner and the most 

southern point, using these sampling points together and individually there was no 

correlation between surface area and chlorophyll a (Figure 3.4).  However, in pond 7, the 

chlorophyll a measurements roughly followed the surface area coverage (Figure  3.5). 

There are a few instances where chlorophyll a is low and surface coverage is high and 

vice versa around the end of August and beginning of September.  Comparing surface 

coverage and chlorophyll a in pond 7, there is a positive correlation, however it is not 

strong (r2 = 0.65, Figure 3.6).  Many factors could explain these trends, including the 

temporal and spatial distribution of cyanobacteria, the time between sampling and flights, 

the biomass of cyanobacteria in the pond and other chlorophyll a producing microphytes 

within the ponds.  This further acknowledges the differences in results you can obtain by 

using traditional sampling techniques. 

  

Water quality has long been a measure of the water body’s health and major shifts 

in one or more parameters can cause many adverse affects.  Therefore, water sampling is 

one of the most prevalent means of water body monitoring.  In cyanobacteria monitoring, 

water sampling has long been the standard way to determine cyanobacterial bloom 

conditions and for predicting cyanobacterial blooms. Here, water samples were taken for 
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two different reason, first to see if there were any differences between the ponds and to 

get a general idea of water quality on the site, and second, to compare blooming events 

with our image results to see if there are any concurrent changes in the water parameters.  

Using chlorophyll a and visual appearances of cyanobacteria from both field 

visits and aerial images, we were able to distinguish blooming ponds from non-blooming 

ponds. Comparing the different water parameters between blooming and non-blooming 

ponds we found three parameters that were significantly different - pH, turbidity, and 

chlorophyll a - between the two categories of ponds.  Interestingly enough, the nutrients 

(TP and TN) were not significantly different which is one of the main current predictive 

factors (Beaulieu et al. 2013). All ponds were highly eutrophic however, with the average 

TP value at 0.130 mg L-1 and the average TN value of 1.24 mg L-1.  As well, the TN:TP 

ratio between the two categories of ponds was not significantly different, nor was it 

between the two blooming ponds.  The TN:TP ratio of less then 29:1 was thought to be a 

determining factor for blooming (Smith et al. 1983), which both categories of ponds fell 

under (Figure 3.10), however of late, its considered to be less of a factor (Downing et al. 

2001, Beaulieu et al. 2013).  

The three significant factors can be explained as we expect a higher pH in the 

blooming pond because of more primary production, which will raise the pH.  The 

chlorophyll a is also easily explained as CHABs (cyanobacteria) are dependant on this 

pigment that is essential for photosynthesis; i.e. ponds with CHABs would have more 

chlorophyll a.  In both categories of ponds, the background turbidity was high at 

approximately 30 and 60 NTU in non-blooming and blooming, respectively. This is in 

part due to the bait fish (sucker minnows) that were cultured in the ponds, as they stirred 
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up the bottom sediments when foraging for food as well as the air bubblers situated in the 

ponds.  The main differences between the two categories could be attributed to the 

increase in organic matter in the blooming ponds. Conductivity, water temperature and 

dissolved oxygen did not change significantly between the two categories of ponds and 

are not thought to contribute to CHAB growth or lack of growth.  

Looking at cyanobacterial surface coverage (Figure 3.1), two distinguishable 

growth or blooming periods can be seen, starting at the end of July and proceeding into 

the middle of August, and starting in the middle of September and ending at the start of 

October. Using these time frames and comparing them to the water chemistry, we sought 

possible indicators or factors that could affect cyanobacterial blooming.  During this time 

frame, there is a spike in TN (Figure 3.8) and TP (Figure 3.9) which could have initiated  

an increase in cyanobacterial growth, however these spikes were consistent in both 

blooming and non-blooming ponds.  This could point to something else contributing to 

the growth, or lack of growth, of cyanobacteria that may have been missed with the 

current sampling regime.  These could be other biotic organism consuming cyanobacteria 

in some ponds but not the others, or different algal competition in the different ponds.  

Other noticeable increases in blooming ponds, are in chlorophyll a (Figure 3.7) and 

turbidity (Figure 3.15) that can be attributed to the same reasons mentioned above.  

Using the sUAS during certain conditions allows us to capture surface coverage 

of cyanobacteria that best represents the total biomass, and expanding this over a season 

allows us to see the growth and decline periods. Combining traditional methods with the 

sUAS methods, we are able to distinguish the growth and decline periods of CHABs and 
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look at immediate factors that may cause these. Overall, this new method could provide 

quick and accurate estimations of CHABs coverage in water bodies. 
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3.6 Figures 

 

Figure 3.1: Pond 7 cyanobacterial surface coverage measured from a flight altitude of 50 

m over 17 weeks from June 17th – Oct 28th. Wind speed was the average over 1 h before 

each flight. 
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Figure 3.2: Pond 7 cyanobacterial surface coverage measured from a flight altitude of 75 

m over 17 weeks from June 17th – Oct 28th. Wind speed was the average over 1 h before 

each flight. 
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Figure 3.3: Pond 3 cyanobacterial surface coverage measured from a flight altitude of 75 

m over 17 weeks from June 17th – Oct 28th. Wind speed was the average over 1 h before 

each flight.   
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Figure 3.4 : Surface coverage of cyanobacteria plotted against chlorophyll a taken at 

multiple locations throughout pond 3. No significant correlations were found. 
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Figure 3.5 : Surface coverage and chlorophyll a over the 2016 sampling season in pond 7. 
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Figure 3.6 : Chlorophyll a plotted against  surface coverage in pond 7. (n = 17) 
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Figure 3.7: Chlorophyll-a of blooming ponds (ponds 3 and 7) versus non-blooming ponds 

(ponds 2 and 5) over the 2016 sampling period (p-value < 0.05, N = 5, mean ± S.E.). 
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Figure 3.8: Total nitrogen of blooming ponds (ponds 3 and 7) versus non-blooming ponds 

(ponds 2 and 5) over the 2016 sampling period (p-value > 0.05, N = 5, mean ± S.E.). 
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Figure 3.9: Total phosphorus of blooming ponds (pond 3 and 7) versus non-blooming 

ponds (2 and 5) over the 2016 sampling period (p-value > 0.05, N = 5, mean ± S.E.). 
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Figure 3.10: Total nitrogen to total phosphorus ratio of blooming ponds (ponds 3 and 7) 

and non-blooming ponds (ponds 2 and 5) over the 2016 sampling period (p-value > 0.05, 

N = 5, mean ± S.E.). 



 93 

 
 

Figure 3.11: Temperature of blooming ponds (ponds 3 and 7) versus non-blooming ponds 

(ponds 2 and 5) over the 2016 sampling period (p-value  > 0.05, N = 5, mean ± S.E.). 
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Figure 3.12: pH of blooming ponds (ponds 3 and 7) versus non-blooming ponds (ponds 2 

and 5) over the 2016 sampling period . (p-value < 0.05, N = 5, mean ± S.E.). 

 

 



 95 

 
 

Figure 3.13:  Conductivity of blooming ponds (ponds 3 and 7) versus non-blooming 

ponds (ponds 2 and 5) over the 2016 sampling period (p-value > 0.05, N = 5, mean ± 

S.E.). 
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Figure 3.14: Dissolved oxygen of blooming ponds versus non-blooming ponds over the 

2016 sampling period (p-value  > 0.05, N = 5, mean ± S.E.). 
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Figure 3.15: Turbidity of blooming ponds (ponds 3 and 7) versus non-blooming ponds 

(ponds 2 and 5) over the 2016 sampling period (p-value < 0.05, N = 5, mean ± S.E.). 
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Chapter 4 General Discussion 
 

Because CHABs pose potential health hazards in aquatic ecosystems and 

reservoirs, it is important to accurately monitor, predict, and prevent their occurrences.  

As such, analysing those methods that exist and introducing new ways to monitor 

CHABs is essential. UAV’s, especially small consumer grade drones, have recently 

become popular in all aspects of environmental monitoring. Advances in technology has 

lead to UAV’s becoming more affordable and easier to deploy, and as such, we are 

beginning to recognize the potential they have in diverse monitoring endeavours. 

Cyanobacterial blooms are extremely patchy in their distribution on water 

surfaces and are often unobserved by current monitoring programs.  This is due to the 

spatial distributions of cyanobacteria as they can display horizontal and vertical 

variations (Thomas and Walsby 1985, Wu and Kong 2009, and Deng et al. 2016).  The 

spatial and temporal frequencies of conventional water sampling programs have not been 

adequate to report changes of cyanobacteria biomass, especially during blooming 

conditions when spatial and temporal variability in cyanobacteria is particularly high 

(Rantajärvi et al. 1998, Pobel et al. 2011). As such, our approach was to first follow and 

classify CHABs formation, and develop a monitoring method that best represents bloom 

status at specific time points. 

Studying CHABs, we have found that single colony size stays relatively stable at 

~2 mm in diameter and that surface appearance is in 4 main formations of colonies. The 

first formation is as aggregated colonies and are generally < 10 cm diameter, secondly as 

ribbon shaped which are usually long (up to 120 cm) and thin (< 20 cm) as a result of 

wind and water currents.  The third and fourth formations consist of patches and mats 
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(both with diameters > 1 m), historically defined as CHABs, with the main difference 

between them being a discontinuous or a continuous distribution, respectively. The 

surface presentation of colony formations are predictably affected by water turbulence, 

and as such, it was important to look at how long it takes cyanobacterial colonies to float 

to the surface under calm conditions. We found that after 60 min. under calm conditions,  

more than 90% of the colonies were located at the surface, a key finding when using 

aerial surveillance to detect CHABs. 

Using this information we looked at when CHABs were best detected in water 

bodies. Two separate UAV’s were tested, with 3 different cameras. The UAV’s and the 

cameras were chosen based on whether or not the GSD would be small enough to see all 

formations of cyanobacterial colonies. We also kept flight height near the maximum 

allowed by Ontario drone regulations in order to keep spatial coverage at its highest.  

We found that monitoring during the morning hours gave the best representation 

of the true biomass within our ponds. This is when wind and turbulence were generally 

low allowing the cyanobacteria to float to the surface.  Increased wind decreased CHABs 

surface presence as they would accumulate up against the shoreline (with the direction of 

the wind) where increased turbulence would cause vertical displacement of the 

cyanobacteria. Stitching the images together provided large area maps of high quality, 

allowing us to see the cyanobacteria coverage over extended areas. The signal to noise 

ratio of cyanobacteria could be improved via the detection algorithm, allowing us to 

distinguish cyanobacteria from other microphytes and macrophytes, as well as allowing 

us to quantify surface coverage through pixel counting information.  Using this method, 

we showed the effects of wind on cyanobacteria surface coverage over a 3 hour period, as 
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well as cyanobacteria growth and decline curves over a 17 week period.  Our UAS 

monitoring procedure is presented in Figure 4.1. 

Water chemistry was also sampled over the aforementioned 17-week period. 

Samples were grouped into non-blooming and blooming ponds. The traditional predictors 

of CHABs; TN, TP, and temperature (Beaulieu et al. 2013) were not significantly 

different between the two categories of ponds. These results aren’t as expected, as all 

ponds were found to have some cyanobacteria, and were in close proximity of each other 

(< 5 m). Many factors could have influenced this, such as parameters excluded from the 

analysis, e.g., organisms feeding on cyanobacteria, or other microphytic species 

competing with the cyanobacteria, thereby preventing blooms. 

CHABs monitoring using UASs as a new on-demand method is promising, 

flexible, rapid, and cost effective.  Previous studies have shown the potential of high 

resolution images in the assessment of spatial distribution of the cyanobacterium, M. 

aeruginosa (Hunter et al. 2008), however their cost and the impact of meteorological 

conditions limited their utility. Because UAV’s have become more commonplace, and 

microsensor equipment more affordable, we have been able to obtain high resolution 

images and locate and determine areas of CHABs in different ponds while following their 

progress and decline at a much lower price.  We were able to more accurately monitor 

CHABs in terms of temporal and spatial location, as well as locate and quantify smaller 

or less developed CHABs by comparison with other monitoring methods.   

The use of UAS’s in cyanobacterial monitoring is not necessarily an alternative 

the other monitoring technologies, but it can overcome some of their limitations.  One of 

UAS’s greatest assets that other remote sensing techniques do not possess is their ability 
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to provide monitoring on demand, which is crucial when trying to measure any given 

time point in a dynamic system. CHABs can be affected by many factors. Pobel et al. 

(2011) showed how the choice of shoreline sampling points is important for the quality of 

cyanobacterial estimation, finding that three sampling points should be the minimum and 

they should be opposite sides of the lake on the main axis of the wind direction.  We have 

found, however, that we can estimate cyanobacterial coverage regardless of location 

taking wind speed into consideration. In order to best quantify cyanobacterial coverage, 

we found that wind speed should be less than 0.5 m/s for an hour prior to sampling which 

will result in up to 95% of cyanobacteria at the surface, making it detectable using UASs.  

UAS’s can also augment current sampling regimes.  Currently many sampling 

regimes consist of monthly shoreline sampling, relying on cyanobacteria cell counts to 

describe CHABs. Firstly, the variation in techniques may change such as taking samples 

from 1) the surface, 2) specific depths, or 3) a pre-mixed volume (surface area x depth). 

Secondly, the time of day can effect the quality of results (Ahn et al. 2007) and finally the 

temporal and spatial distribution of the blooms themselves in response to wind, water 

current and light conditions (Wu and Kong, 2009). As such, false negative results could 

be an artifact of the sampling technique.  By implementing our UAS technology and 

sampling regimes, the number of false negatives in CHAB monitoring would be reduced, 

particularly in the case of smaller CHABs that are more difficult to detect..  

Another benefit in using our UAS technology is the speed at which results can be 

obtained.  Our on demand UAS’s sorties can measure up to 1 km2 per flight (~ 15 min) 

and results can be processed on site (~ 2 h).  By comparison, ground sampling is 

dependent on laboratory turn-around times (days), satellite sampling is limited by orbital 
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patterns e.g. for high resolution of 0.4 m2 GSD, the site revisitation frequency is 7-16 

days, and data acquisition (days), and airborne remote sensing requires flight planning 

and permissions, and proximity to an airport, all of which extend the time required to 

obtain results.  UAS flight planning can be done with autopilot associated software which 

only takes minutes to execute, and can be done right on site in order to customize take off 

and landing locations. 

In order to further validate sUAS, some future experiments are needed.  The most 

comprehensive validation would be to set up a grid like sampling pattern over an area of 

interest, with sampling locations every square meter.  Containers would need to be 

submerged beneath the water for at least a day and secured in a way that would allow all 

containers to lift, essentially taking a sample at every location at the same time. The first 

step would be to sample using the sUAS, and as soon as the flight is finished, you would 

need to sample all locations using the grid mechanism. From here you could have 

chlorophyll a or cell counts performed simultaneously throughout the area allowing you 

to validate the sUAS results.  Other less comprehensive validations could be to have the 

sUAS fly at low altitudes (< 10 m) over the area essentially increasing the GSD allowing 

for higher resolution images, or have a ground surveyor mapping out cyanobacteria 

locations. 

With their decreased time-to-results, and the spatial and temporal coverage 

capabilities, UASs based monitoring could lead to better-targeted remediation efforts at 

earlier stages in CHAB development.  Locating and predicting CHABs has been a critical 

issue in remediation strategies. Many remediation efforts are started once a bloom has 

formed after which very limited success can be achieved. Part of this problem has been 
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the time delay between sampling and results, as well as the magnitude of CHABs before 

they are discovered.  Using our UAS methods, the initial remediation effort could start 

sooner on a much smaller CHABs biomass, possibly even stalling the CHABs 

development long enough to allow other algae species to grow to a sufficient biomass for 

competition.   

Toxin-producing cyanobacteria blooms are potential health hazards for humans 

and wildlife alike. Therefore, monitoring blooms to predict CHABs outbreaks is an 

important goal. The introduction of new monitoring methods is needed because of the 

current technologies’ limitations, the increasing impacts of human activity on the 

environment, and an urgent need for new research into the dynamic developmental 

characteristics and remediation of CHABs. Unmanned aerial remote sensing technology 

can provide more accurate, flexible, cheaper, and faster monitoring methods of CHABs 

in comparison to current monitoring technologies. By first addressing the need for new 

CHABs monitoring techniques, we can later provide a path to halting, and hopefully 

reversing the increasing frequency and severity of CHABs. 
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4.2 Figures 

 
 

Figure 4.1: Our general approach to cyanobacteria harmful algal blooms monitoring 

using unmanned aerial systems, all general concerns are outlined in 5 steps (details of 

each step can be found in table 2.2) 

 


