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Abstract 

Lake Mývatn in Iceland is a eutrophic lake well-known for its unique ecosystem. 

Planktonic cyanobacteria are of vital importance to its ecosystem. Cyanobacterial blooms 

in the water column shade the bottom and reduce growth of benthic macrophytes; its 

increased frequency and duration have resulted in major reduction in benthic green algae, 

including the near disappearance of the rare Marimo balls. For the past 50 years the 

ecosystem has been monitored in considerable detail, however no research using remote 

sensing on algae or cyanobacteria has been done for Lake Mývatn. Previous research for 

other turbid inland waters provides various methods of quantifying algal and 

cyanobacterial blooms by estimating concentrations of their indicators; chlorophyll-a 

(CHL) and phycocyanin (PC). This study tested two CHL and one PC quantification 

methods on Lake Mývatn for the summers of 2016 and 2018 using multispectral satellite 

images from Landsat 8, Sentinel-2 and Advanced Land Imager. CHL and PC concentration 

maps were computed and validated with in-situ concentration measurements. The overall 

accuracy of the three methods were R2=0.09 (CHL1), R2=0.11 (CHL2), and R2=0.07 (PC). 

The results show that applying these methods in a new study area is nontrivial. In order to 

accurately predict algae pigment concentrations, method optimisation should be performed 

with in-situ spectral data. Once the newly proposed method shows statistically significant 

results, concentration maps can be created of Lake Mývatn for future and past satellite 

images. This can provide insight into algal and cyanobacterial blooming in Lake Mývatn 

and its influence on the lake’s ecosystem. 

Keywords: Iceland, Lake Mývatn, algae, algal blooming, remote sensing, multispectral, 

Landsat 8, Sentinel-2, Earth Observing-1 (EO-1), Advanced Land Imager (ALI), 

Chlorophyta, cyanobacteria, green algae, Marimo, blue-green algae, Anabaena, 

chlorophyll-a (CHL), phycocyanin (PC). 

 

 

 

 

 

 

 



 

Útdráttur 

Mývatn er þekkt fyrir einstakt vistkerfi, og gegna blágrænar bakteríur þar mikilvægu 

hlutverki. Mikill bakteríublómi við yfirborð getur þó skyggt á lífverur við botninn, og 

aukin tíðni og lengd slíkra blóma hefur valdið skaða á grænþörungum þar, þ.á m. 

svokölluðum kúluskít, sem er nokkuð fágætur. Lífríki Mývatns hefur verið vaktað fremur 

ítarlega undanfarin 50 ár, en hingað til hefur fjarkönnun lítt verið beitt til að fylgjast með 

þörunga- og bakteríugróðri í vatninu. Rannsóknir á svipuðum stöðuvötnum erlendis benda 

til þess að unnt sé að meta magn svifþörunga með mælingum á blaðgrænu- og 

þörungabláma (chlorophyll-a (CHL) og phycocyanin (PC)). 

Í rannsókninni voru tvær fjarkönnunaraðferðir til að meta blaðgrænu prófaðar (CHL1 og 

CHL2), og ein til að meta þörungabláma (PC). Til grundvallar voru LANDSAT-8, 

SENTINEL-2, EO-1 ALI og HYPERION gervitunglagögn, og til viðmiðunar 

vettvangsmælingar frá sumrunum 2016 og 2018. 

Myndkort er sýna dreifingu blaðgrænu- og þörungabláma í vatninu voru borin saman við 

vettvangsmælingarnar. Aðhvarfsgreining á fjarkönnunar- og vettvangsmælingum leiddi 

eftirfarandi í ljós: R 2 =0.07 (CHL1), R 2 =0.08 (CHL2), og R 2 =0.07 (PC). 

Niðurstöðurnar eru áhugaverðar en sýna að mikilvægt er að fylgja þeim eftir með frekari 

mælingum á vettvangi, t.d. með mælingum á endurvarpsgildum svifþörunga og 

blábaktería. Í framhaldinu mætti skoða gervitunglagögn aftur í tímann til að skoða 

breytileika í magni og útbreiðslu svifþörunga í Mývatni, og í kjölfarið kanna áhrif á lífríki. 

Lykilorð: Mývatn, þörungar, þörungablómi, fjarkönnun, fjölrófsmyndir, LANDSAT-8, 

SENTINEL-2, EO-1, ALI, HYPERION, blaðgræna, grænþörungar, kúluskítur, blágrænir 

þörungar. 
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1 Introduction 

The water quality of freshwater lakes is an important factor governing many of the lake’s 

potential uses. These include its role in supporting biodiversity, as a source of drinking 

water, and its role in touristic services. Ever since the 1980s, the comprehensive and multi-

temporal applications of remote sensing on aquatic ecosystems have increased 

(Richardson, 1996; Giardino et al., 2014). In recent years much research has been 

conducted into spectral properties of algae and its remote sensing application in turbid, 

case II waters (Giardino et al., 2014; Gitelson et al., 1999; Odermat, Gitelson, Brando & 

Schaepman, 2012; Schalles, 2006,). There has been special focus on cyanobacterial blooms 

(Mishra & Mishra, 2014; Mishra, Mishra & Schluchter, 2009; Simis, Peters & Gons, 2005; 

Vincent et al., 2004) which can be harmful (Beck et al., 2017). In these studies, 

chlorophyll-a and phycocyanin, the two main algae indicators for chlorophytes and 

cyanobacteria, have been quantified through spectral analysis of satellite imagery. In-situ 

measurements of algae pigment concentration is labour intensive and can be difficult due 

to remoteness of the study area. Remote sensing is a convenient tool for change detection 

as well as quantification of algae, when low cloud covered satellite imagery of desired 

spatial and spectral resolution is available during growing season.  

Mývatn is a shallow, turbid freshwater lake, located in the North of Iceland. It plays an 

important touristic and ecological role due to its high biodiversity and geologically 

significant location. The ecology of Lake Mývatn has been studied in considerable detail 

for the past 50 years and various in-situ algae measurements have been performed in the 

past few years. Blooms of planktonic chlorophytes and cyanobacteria (cyanophytes) play a 

large role in the lake’s ecosystem. These groups of organisms compete for light and 

nutrients (Einarsson et al., 2004). The cyanobacterial blooms are blue-green algae that 

grow near the surface of the lake, whereas the chlorophytes are mainly seen as benthic 

microalgae and macrophytes in Lake Mývatn (Einarsson et al,. 2004). The cyanobacterial 

blooms are clearly visible as shown in Figure 1.1, compared to the clear water-state of 

Lake Mývatn shown in Figure 1.3. This competition may take place within the water 

column, but planktonic blooms also shade the lake bottom, at the expense of benthic 

microalgae and macrophytes. The cyanobacterial blooms have been inconsistent 

throughout the years. One of the benthic chlorophyte algae, shown in Figure 1.2, is a rare 

species named Aegagropila linnaei or Marimo (Einarsson, 2014; Einarsson et al., 2004). 

Marimo are one of the two mat-forming species in Lake Mývatn, and have a rare spherical 

growth form called lake balls, growing to a diameter of about 12 cm. Marimo balls had 

decreased in the years 2009-2015 and reached a historical low in 2015, but, for unknown 

reasons, returned in 2016. 
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Figure 1.1 Green water-colour shows the cyanobacterial bloom in August 2014, at Lake 

Mývatn (""Leirlos" í Mývatni / Cyanobacteria bloom in Mývatn - Náttúrurannsóknastöðin 

við Mývatn", 2019). Lake Mývatn in clear-water state has a very different colour, as can 

be found on various images on the internet. 

 

 

Figure 1.2 Underwater "edge of the lake ball patch in the SW area seen from above in 

2006" (Einarsson, 2014). 
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Figure 1.3 Mývatn during clear-water state as seen from afar (top; Akureyri Guide, n.d.) 

and up close (bottom; Hrönn, n.d.). The clear-water state allows benthic algae growth in 

shallow areas. 

 

Cyanobacterial blooms in the lake have been changing over the past 20 years, greatly 

influencing the rest of the ecosystem (Einarsson et al., 2004). In-situ data has been 

collected for many years to research the species in Lake Mývatn and their unique 
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interaction (Einarsson et al., 2004), however no research has yet been done on Lake 

Mývatn with satellite imagery. If algae distribution and concentration can be mapped and 

quantified through remotely sensed imagery, then a more frequent and better overview of 

the situation would become available. This may give further insight into the ecosystem’s 

inner processes and help to establish an understanding of the influencing factors in algae 

growth in Lake Mývatn. The primary aim of this study is to assess the potential of mapping 

the distribution and concentration of chlorophytes and cyanobacteria in Lake Mývatn, 

Iceland. This is to be achieved through the following objectives: 

1. Find a fitting multispectral quantification method that can provide insight into the 

distribution and density variation of both cyanobacteria and chlorophytes 

throughout Lake Mývatn. 

2. Assess the accuracy of the used quantification methods through map validation. 
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2 Literature review 

The first section of this chapter details the study area, Lake Mývatn, and its geographical 

position, general ecological system and algae growths. The second section explains how 

remote sensing can be used to identify and quantify algal blooming, followed by 

information on which satellites are needed for this. 

2.1 Study area: Lake Mývatn 

Lake Mývatn is a lake of 37 km2 surface area located at 65°N in northern Iceland. It can be 

divided into two main basins, the North basin and South basin as shown in Figure 2.1. It is 

surrounded by wetlands, lies in a volcanically active area, and has a unique ecosystem with 

high biodiversity and a unique combination of species (Einarsson et al., 2004). 

 

 

Figure 2.1 Lake Mývatn and its location in northern Iceland, from Einarsson et al. (2004). 

 

Algal and cyanobacterial blooms in the lake have been changing over the past 20 years, 

greatly influencing the rest of the ecosystem (Einarsson et al., 2004). In-situ data has been 

collected for many years to research the species in Lake Mývatn and their unique 

interaction (Einarsson et al., 2004), however no research has yet been done on algal and 

cyanobacterial blooms in Lake Mývatn with satellite imagery. The lake is around 2300 
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years old and was formed as a result of a major volcanic eruption (Thorarinsson, 1951; 

Einarsson, 1982), the shallow depression of this lava field constitutes the South basin. The 

South basin has an average depth of about 3 – 4 m and the North basin, originally between 

1 and 2 m deep, now ranges from 2 to 5.5 m due to dredging activities (Einarsson et al., 

2004). The lake’s bathymetry can be found in Figure 2.2. 

 

 

Figure 2.2 “Water depth (m) in Lake Mývatn. Islands are shown in black.” Taken from 

Kjaran, Hólm & Myer (2004). 

 

2.1.1 General ecology 

There are six major algae divisions, two of those algae divisions will be studied in this 

research; cyanophytes and chlorophytes. Within Lake Mývatn the species comprising the 

cyanophytes are the blue-green algae known by the name Anabaena flos-aquae, which will 

also be referred to as cyanobacteria. The species comprising the chlorophytes are green 

algae such as Cladophora glomerata and Aegogropila linnaei. Benthic algae exist 
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throughout the year, but become active when favourable conditions prevail. Cyanobacteria 

form blooms in mid-summer till late autumn; these blooms appear in most years, but are 

absent during some years (Einarsson et al., 2004). 

The phytobenthic community (bottom living plants and algae) in Lake Mývatn covers a 

large part of the lake floor, particularly the North basin, and comprises a substantial part of 

the primary production of the lake (Einarsson et al., 2004; Thorbergsdóttir, Gíslason, 

Ingvason & Einarsson, 2004). Various forms of benthic vegetation can be found 

throughout the lake, as seen in Figure 2.3. 

 

 

Figure 2.3 “A division of Lake Mývatn according to dominating macrophytes. Two shades 

of Cladophorales indicate different density. The main inflow of artesian springwater on the 

lake shore is also shown” from Einarsson et al. (2004). 
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The phytobenthic community includes chlorophytes; green algae such as Cladophora 

glomerate and the aforementioned Aegogropila linnaei, which tend to form loose mats and 

provide an important habitat for various invertebrates. Densely packed colonies of lake 

balls occurred in the South basin and “rank amongst the strangest plant communities 

worldwide” and their existence depends on a “dynamic interaction between currents, light 

and sediment accumulation” (Einarsson et al., 2004). These benthic algae mats, as seen 

before in Figure 1.2, can be observed mainly in the South basin but the extent varies 

between years (Einarsson et al., 2004; Gardarsson & Snorrason, 1993). Due to unknown 

circumstances, but probably by shading by extensive cyanobacterial blooms, the patches of 

large lake balls have now disappeared (Einarsson, 2015) and the mats of both A. linnaei 

and C. glomerate are now much reduced. 

The primary production of Lake Mývatn is estimated at 3800 kcal/m2/year of which 600 

kcal/m2/year is from the phytoplankton (Jónasson, 1979). External loading of phosphorus 

and nitrogen is circa 1.5 and 1.4 g/m2/year, respectively (Ólafsson, 1979). Nitrogen 

fixation by cyanobacteria amounts to 8 g/m2/year (Ólafsson, 1979). The internal loading by 

cyanobacteria and from the sediment therefore make up a substantial part of the total 

nutrient budget of Lake Mývatn (Einarsson et al., 2004). 

Higher up in the food chain, the ecosystem of Lake Mývatn supports a large waterfowl 

(Anatidae) population which is, due to “the geographical position of Iceland at the 

borderline of four faunal provinces (Arctic/Boreal, Nearctic/Palearctic)” of unique 

composition. The food chain, including both the fish and waterfowl populations, relies 

strongly on the high primary productivity in Lake Mývatn. The ecosystem of Lake Mývatn 

is more extensively described by Einarsson et al. (2004). 

2.1.2  Cyanobacteria 

The cyanobacterial blooming in Lake Mývatn have hitherto been known as Anabaena flos-

aquae, but due to recent taxonomic revision, the genus name has been changed to 

Dolichospermum (Wacklin, Hoffmann & Komarek, 2009). Cyanobacterial blooms are 

most often absent along the eastern shore where spring water flows into the lake (Jónasson 

& Adalsteinsson, 1979). The blooms exhibit irregular multi-year cycles, the cause of this 

variation is unclear, but the cycles are synchronised with the zoobenthos cycles of the lake 

(Einarsson & Örnólfsdóttir, 2004; Einarsson et al., 2004). 

2.1.3  Pelagic-benthic interaction 

The cyanobacteria and benthic algae in Lake Mývatn compete for phosphate (PO4) and 

light. Shading by the planktonic cyanobacteria was suggested when the benthic green algal 

mat was much reduced after intense cyanobacterial blooms. On the other hand, the benthic 

algal mat may control phosphate release from the sediment (Einarsson et al., 2004). 

From above one may expect to distinguish three principally different algal growth 

scenarios in Lake Mývatn, during growing seasons, i.e. 1) a bloom in the water column 

dominated by planktonic green algae, or 2) dominated by planktonic cyanobacteria, or 3) a 

clear-water state favouring growth of benthic mats of green algae. During plankton-bloom 

years the near-surface is completely taken over by algal growth, shading the benthic algae. 

There is notable spatial and temporal difference in the occurrence of the mentioned growth 
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scenarios in the lake, as cyanobacterial blooming always initiates in the North basin before 

moving to the South basin, and blooms of chlorophytes occur before the cyanobacterial 

blooms (Árni Einarsson, personal communication, 2018). 

There are two main problems involving algal blooms in Lake Mývatn: 

1. The ecosystem of Lake Mývatn is periodically thrown between two extreme 

conditions: on one hand a turbid state, dominated by cyanobacteria with poor 

conditions for favoured wildlife; on the other hand, by a clear water state 

dominated by benthic algae; 

2. There are concerns that cyanobacterial blooms are increasing, both at Mývatn and 

globally (Árni Einarsson, personal communication, 2018), due to global warming 

and global eutrophication. 

Hence the need to monitor the algal blooming situation in Lake Mývatn, in combination 

with focused research on the causal relationships within this vulnerable ecosystem, is 

becoming more vital. 

2.2 Remote sensing 

Satellite remote sensing is a growing field of surface observation for the Earth, as well as 

other planets. In 1972 the first satellite of NASA’s Landsat programme was launched, 

starting the longest operation of Earth observing multispectral satellites. This was one of 

the first Earth observing satellites and it set in motion large scale analysis and research of 

Earth’s surface, growing into a scientific field of its own. Over time technical 

advancements have enabled more enhanced spatial, spectral, and temporal resolution 

imaging, and special sensors such as MODIS and MERIS were created for remote sensing 

of water parameters, including algal blooming. 
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2.2.1  Spectral signatures 

Algae distribution maps from remotely sensed imagery can be made by distinguishing 

algae-laden water from clear water. Differencing between algae-laden water and clear 

water can be done because of the high chlorophyll-a absorption of blue light between 400 

and 500 nm and clear reflectance peak near 550 nm present in the spectral signatures as 

shown in Figure 2.4. 

 

 

Figure 2.4 Spectral signatures of algae-laden water and clear water from Jensen (2006). 

 

Cyanobacterial blooms can be detected by using the known spectral reflectance curves of 

chlorophyll-a and phycocyanin present in the bacteria. Chlorophyll-a has an absorption 

peak at 670 nm and a reflectance peak at 724 nm, whereas phycocyanin has an absorption 

peak at 620 nm (Beck et al., 2017). This variation in reflectance and absorption of 

chlorophyll-a and phycocyanin causes a distinctive spectral signature of cyanobacterial 

blooms, and is shown in Figure 2.5. Phycocyanin is used as an indicator for cyanobacterial 

blooming detection in remote sensing research (Palmer, Kutser & Hunter, 2014). 

Chlorophytes do not contain phycocyanin, so chlorophyll-a is the only used indicator. 

Concentration maps can be made due to varying intensity of peaks of those indicators 

given that imagery of relevant spatial and spectral resolution exists. 

 



27 

 

Figure 2.5 The spectral signature of cyanobacterial blooms indicating the absorption 

peaks of phycocyanin and chlorophyll-a at 620 and 680 nm respectively, the reflectance 

peak of chlorophyll-a at 724 nm and the absorption due to the water at higher wavelengths 

("Satellite Monitoring of Toxic Cyanobacteria for Public Health", 2019). 

 

Much research has been done to remotely sense algal blooms using hyperspectral sensor 

through either chlorophyll-a or phycocyanin quantification (Kutser, Metsamaa, Strömbeck 

& Vahtmäe, 2006; Mishra & Mishra, 2014; Mishra, Mishra & Schluchter, 2009; Mishra, 

Mishra, Lee & Tucker, 2013; Palmer et al., 2015; Simis, Peters & Gons, 2005; Richardson, 

1996).  Besides hyperspectral, a lot of multispectral imagery has been used to quantify 

chlorophyll-a or phycocyanin concentrations (Han & Jordan, 2005; Kabbara, Benkhelil, 

Awad & Barale, 2008; Mayo, Gitelson, Yacobi & Ben-Avraham, 1995; Mishra & Mishra, 

2012; Oyama, Matsushita & Fukushima, 2015; Oyama, Matsushita, Fukushima, Nagai & 

Imai, 2007; Vincent et al., 2004; Watanabe et al., 2017; Yacobi, Gitelson & Mayo, 1995). 

In aforementioned hyperspectral and multispectral research, it was found that chlorophyll-a 

and phycocyanin concentrations were more difficult to estimate in case II waters due to 

influence of inorganic suspended sediment, coloured dissolved organic matter and 

underlying sediment on the spectral signature, and therefore influence on concentration 

estimates. 
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The spectral signature for all six major algae divisions, including cyanobacteria and 

chlorophytes, are similar due to “similar composition of their peripheral antenna” (Hu et 

al., 2016). Figure 2.6 shows that it is possible to differentiate between cyanobacteria and 

chlorophytes in pseudo-communities, though only with a hyperspectral sensor (Hunter, 

Tyler, Présing, Kovács & Preston, 2008). 

 

 

Figure 2.6 Spectral signatures obtained from the HYPER-1 sensor showing the transition 

of a cyanophyte (blue-green algae) dominated community to a chlorophyte (green algae) 

dominated community from Hunter, Tyler, Présing, Kovács & Preston (2008). 

 

In Figure 2.6 the spectral signatures of 100% cyanophyte and 100% chlorophyte show 

similar absorption and reflectance peaks. The difference can be found in the absorption 

peak at 620 nm and the reflectance peak at 650 nm. Both peaks are caused by the 

phycocyanin, which is present in cyanophytes but absent in chlorophytes. This 

demonstrates the importance of using phycocyanin as an indicator for cyanophytes. 

Another notable characteristic of the curves is the overall lower reflectance of the 

chlorophytes, which could lead to underestimation of concentration outputs during 100% 

chlorophytes in the clear-water state of Lake Mývatn. 

2.2.2  Sensors and satellites 

Two main data acquisition techniques of remote sensing in Earth sciences are multispectral 

and hyperspectral imaging. Hyperspectral imaging involves imaging over a continuous 

interval of wavelengths cut up into narrow bands, whereas multispectral imaging often 

uses a smaller number of discrete bands with a broader wavelength range. In remote 

sensing, spatial resolution and temporal resolution is a trade-off, making it difficult to find 

a short revisit time for fine spatial resolution imagery. Two well-known sensors are 

MODIS and MERIS, which have bands especially made for water observation and have a 

revisit time of 1-2 days and 3 days, respectively, making them desirable. However, their 
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spatial resolutions are 250-1000 m and 300 m, respectively, which is much too coarse for 

the 37 km2 Lake Mývatn, and the MERIS sensor is not in operation. 

Aforementioned research has stated that hyperspectral images are better suited for algae 

distinction, but much research has also been done on multispectral sensors such as LS5, 

LS7, LS8 and S-2 for quantifying concentrations of various algae indicators (Han & 

Jordan, 2005; Kabbara et al., 2008; Mayo, Gitelson, Yacobi & Ben-Avraham, 1995; 

Mishra & Mishra, 2012; Oyama, Matsushita & Fukushima, 2015; Oyama, Matsushita, 

Fukushima, Nagai & Imai, 2007; Vincent et al., 2004; Yacobi, Gitelson & Mayo, 1995; 

Watanabe et al., 2017). Therefore, multispectral sensors should be capable of creating not 

only distribution maps, but also include concentrations of their indicators. 

Algal development in Lake Mývatn in recent years is most interesting with regard to the 

increase of cyanobacterial blooms, possibly causing a large decrease in the benthic algae A. 

linnaei (Einarsson et al., 2004). Since Lake Mývatn is a rather small study area (37 km2), 

sensors active in the last five years with a spatial resolution < 50 m are desired data 

sources. Multispectral sensors are more widely available and can help substantiate algal 

blooms, but some hyperspectral imagery was also used to assess a baseline in spectral 

signature of algal blooming in Lake Mývatn. Most of the aforementioned research using 

multispectral sensors was done using LS7 & LS8 imagery. Figure 2.7 shows the LS7 & 

LS8 and S-2 bands across the spectrum, clearly showing that LS7 bands 1, 2, 3, 4, 5 and 7, 

have similar bands in LS8 and S-2. 
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Figure 2.7 Spectral bands across the electromagnetic spectrum for LS7 & LS8 (top: 

"Landsat 8 « Landsat Science", 2019) and S-2 (bottom: Brown, 2019). 

 

Data availability of the Mývatn area near in-situ measuring dates, spectral and spatial 

resolution of sensors, and previous research were taken into account while choosing 

satellite data sources. Landsat 8, Sentinel-2, EO-1 Advanced Land Imager, and EO-1 

Hyperion were chosen for this study. More detailed information on each sensor can be 

found in Appendix I. 
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3 Data and methodology 

This chapter provides information on the in-situ measurements and satellite data used in 

this study in the first section. The second section contains a stepwise explanation of the 

methodology applied.  

3.1 Data 

Satellite imagery from the summers of 2016 and 2018 was used in comparison to in-situ 

measurements taken during several dates in that period. Satellite images that were close in 

date to those measurements (maximum of two days’ difference) and had a maximum of 

80% cloud coverage were used in this study. Iceland is frequently covered by clouds, 

making the cloud coverage maximum of 80% a difficult feat to accomplish for finding 

satellite imagery of the study area. An exception to maximum difference in days was made 

for the August 2016 satellite images, since they all had low-to-no cloud cover and were 2 

days apart each, providing useful information on temporal changes in algae distribution 

and concentration. Figure 3.1 shows a timeline overview of all used satellite imagery and 

in-situ concentration measurements, for a more detailed overview see Appendix I Table 

I.5. 

 

 

Figure 3.1 Timeline showing acquisition dates of used data. Green indicates in-situ 

concentration measurements and red indicates satellite images. 

 

3.1.1  Satellite imagery and software 

Satellite imagery from the following four sensors was used: 

1. ALI     (Multispectral) 

2. Hyperion    (Hyperspectral) 

3. Sentinel-2 (A&B)  (Multispectral) 

4. Landsat 8    (Multispectral) 
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The satellite imagery was downloaded from the USGS (United States Geological Survey) 

Earth Explorer website (https://earthexplorer.usgs.gov/) on 11 January 2019. To identify 

the exact area of Lake Mývatn in the satellite images, a polygon vector file of the lake was 

downloaded from National Land Survey of Iceland, IS50V. The software programs ENVI 

5.4 + IDL 8.6 and ArcMap 10.4.1 were used for the image analysis. MATLAB R2017b 

was used for validation by performing linear regression analysis (Appendix IV). 

3.1.2  In-situ measurements 

The in-situ data from Lake Mývatn was provided by Mývatn Research Centre. Three data 

sets were used: 

1. Concentration measurements of chlorophyll-a (CHL) and phycocyanin (PC) at 

dates of algal blooming throughout the lake throughout years 2016 to 2018; 

2. Anabaena concentration maps based on above concentration measurements for four 

dates in the summer of 2016; 

3. Continuous temperature and wind velocity data at weather station Sydri Neslönd 

near lake Mývatn. 

The first data set consisted of observation points with GPS coordinates and associated 

CHL and PC concentrations. These concentrations were measured by going out on a boat 

and taking a number of samples at various locations throughout the lake. It is unknown 

how the amount of samples and their locations were chosen. The samples, of unknown 

volume, were taken at 0.5 m depth and for each point the visible condition of algal 

blooming was noted. For each sample the CHL and PC concentrations were measured six 

times, the average integer was noted as the final result and used in this study. The sample 

sizes were unknown. Neither the accuracy of the GPS coordinates nor the accuracy of the 

concentration measurements were known. 

The second data set was based on the concentration measurements of the first set and the 

Mývatn vector file. The Anabaena concentration maps were manually interpolated by Árni 

Einarsson, keeping the bathymetry, ecological and water inlets of Lake Mývatn in mind 

(Árni Einarsson, personal communication, 2019). 

The third and last data set was obtained from the Icelandic MET office and contained 

hourly temperature, wind direction, wind speed and maximum wind gust measurements. 

3.2 Methodology 

In this study, methods best suited for case II waters and available multispectral imagery are 

examined. The satellite imagery was pre-processed before doing analysis, further detailed 

in 3.2.1. In most previous research projects referred above, samples were taken from the 

study area, from which concentrations of the indicators, as well as spectral signatures were 

measured, the latter by using ground-based or hand-held spectrometers. In-situ measured 

spectral signatures were not available for this research, so the Hyperion image with the 

paired ALI image (both of 20-08-2016) and in-situ measurements of 19-08-2016 were used 

https://earthexplorer.usgs.gov/
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to construct a baseline of spectral signature for the algal blooming in Lake Mývatn. With 

this baseline spectral signature CHL and PC quantification methods were chosen from the 

literature that utilised the visible differences in the spectral signature between clear water 

state and algae laden water state, as observed in the Hyperion and ALI image. The CHL 

and PC estimates could then be compared to the in-situ measurements and used to ascertain 

information on cyanobacterial and chlorophyte blooming density and distribution. They 

were validated using two methods, which both had pros and cons, discussed in the 

validation paragraph. An overview of the general steps in this methodology is shown in the 

flowchart in Figure 3.2, each step is explained in further detail in the paragraphs below the 

figure. 

 

 

Figure 3.2 Flowchart of the steps used to pre-process, analyse and validate the satellite 

imagery to the in-situ measurements. 

 

3.2.1  Pre-processing 

The drawn Anabaena concentration maps were georeferenced to the Mývatn vector file. 

Each in-situ measurement included GPS coordinates and sample information from which 

vector point layers were created for each observation date containing attribute information 

for both CHL and PC concentrations. 

Before working with satellite imagery it needs to be pre-processed to be geometrically and 

radiometrically correct. The two ALI images were georeferenced in ArcMAP to the 

Mývatn vector file using at least 30 points for a 2nd order polynomial transformation with a 
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Root Mean Squared Error (RMSE) of 13.96 and 14.93 m, both using bilinear interpolation 

resampling. The LS8 and S-2 images were already geometrically correct, so did not need 

georeferencing. 

The S-2 imagery was already radiometrically calibrated and shown in reflectance values, 

so the ALI and LS8 images were first radiometrically calibrated using sensor specific 

inputs and then atmospherically corrected using the QUick Atmospheric Correction tool in 

ENVI to give reflectance output. The clouds were manually removed by applying a 

threshold the blue band and removing the pixels above the threshold (see Appendix III for 

example image). By visually inspecting the cirrus bands, clouds higher up in the 

atmosphere could be easily spotted to ensure they were also removed with the blue band 

threshold. Wave interference and sun glint were not present in the used imagery, so pre-

processing steps to remove this were not necessary. 

3.2.2 Analysis 

Interpolated in-situ concentration maps 

The in-situ measurement points were interpolated to create raster layers for CHL and PC 

concentration for each observation date. Spline interpolation with the Mývatn polygon 

vector file as barriers was used to include the influence of the lake shores on the 

distribution. 

Chlorophyll-a (CHL) concentration 

A lot of research has been done on remotely sensed CHL estimation, with various methods 

proposed by the researchers. For the CHL concentration calculation on LS5 bands, 

equation 1 and equation 2 were proposed by Mayo et al. (1995) and Lindell, Pierson, 

Premazzi & Zilioli (1999), respectively: 

𝐶𝐻𝐿 = (𝑇𝑀1 − 𝑇𝑀3) 𝑇𝑀2⁄                                                 (1) 

𝐶𝐻𝐿 = 𝑇𝑀4 (𝑇𝑀1 + 𝑇𝑀2 + 𝑇𝑀4)⁄                                         (2) 

Both equations were applied on case II waters by Oyama et al. (2007). It was shown that a 

new technique specifically calibrated with in-situ spectral measurements performed better 

on their study area. However, their spectral signatures measured in the study area were 

extremely different from those seen in Lake Mývatn in the Hyperion data. 

Another proposed method was the Normalised Difference Chlorophyll Index (NDCI) 

developed by Mishra & Mishra (2012). It was used with the red band as maximally 

sensitive to CHL and NIR band as minimally sensitive to CHL, in equation 3 indicated as 

λ1 and λ2, respectively: 

𝑁𝐷𝐶𝐼 =
𝑅𝑟𝑠(𝜆2) − 𝑅𝑟𝑠(𝜆1)

𝑅𝑟𝑠(𝜆2) + 𝑅𝑟𝑠(𝜆1)
                                                 (3) 

It was noticed by Watanabe et al. (2017) that “the algorithms underestimated the Chl-a for 

both OLI/Landsat-8 and MSI/Sentinel-2A bands, indicating, once again, that empirical 

algorithms are limited for application in specific period.” 
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Boucher, Weathers, Norouzi & Steele (2018) assessed CHL algorithms in freshwater using 

LS8 imagery. Amongst others, they used two algorithms proposed by Kabbara et al. (2008) 

for coastal waters with CHL below 4 µg/L: 

𝐾𝑎𝑏1:     ln (𝐶𝐻𝐿) = 1.67 − 3.94 ∗ ln(𝐵2) + 3.78 ∗ ln(𝐵3)                                (4) 

𝐾𝑎𝑏2:     ln (𝐶𝐻𝐿) = 6.92274 − 5.7581 ∗ (ln(𝐵1) ln(𝐵3)⁄ )                                (5) 

The methods shown in equations 1 to 3 were used for initial inspection of CHL estimation, 

but not further analysed. Kab1 and Kab2 (equation 4 and equation 5) were chosen for 

linear regression analysis because they were specifically created for low CHL turbid waters 

with Landsat 7 data. In the original research both Kab1 and Kab2 were optimised by using 

in-situ data to derive empirical algorithms. 

Phycocyanin (PC) concentration 

In remote sensing, the phycocyanin (PC) concentration is often used as a marker for 

estimating the presence of cyanobacteria (Dekker, 1993; Simis, Peters & Gons, 2005; 

Mishra, Mishra & Schluchter, 2009), with it being the “characteristic cyanobacterial 

photosynthetic pigment” (Mishra et al., 2013).  

A suitable PC calculation model using multispectral data, with the LS5 and LS7 bands was 

created by Vincent et al. (2004) for Lake Erie, a case II water with concentrations between 

0 and 20 ug/L: 

𝑃𝐶 = 0.78 − 0.0539(𝐵1) + 0.176(𝐵3) − 0.216(𝐵5) + 0.117(𝐵7)               (6) 

In some of the previous research on CHL and PC concentration calculations, the 

algorithms were calibrated to the study area by doing in-situ spectral measurements 

(Oyama et al., 2007; Watanabe et al., 2017). Since there was no in-situ spectral data 

available, this step could not be done, and the above methods with algorithms in equations 

1 to 6 were chosen based on the similarities in used sensors and the study area specifics.  

A pixel-based calculation was used for CHL and PC quantification, unlike the window-

based suggested in Han & Jordan (2005) since the study area is small with many mixed 

pixels. Moreover, large concentration differences can occur in very short distances; mere 

meters, as seen in Figure III.15 in Appendix III. 

3.2.3  Validation 

In-situ measured data points as well as interpolated maps created from these points were 

used as ground truth for validation. The algal bloom maps made at the Mývatn Research 

Centre were used in combination with the interpolated maps, and were compared to the 

concentration estimate from satellite imagery of similar date of acquisition. Before linear 

regression was done, all negative values were set to zero and NoData values were ignored. 

Statistical analysis of the results and their significance were done as follows: 

1. First, the measurement points were used to extract the CHL and PC concentrations 

for the satellite image. 
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2. Next the interpolated in-situ data maps were used as ground truth and the paired 

satellite image recalculated into pixel based concentrations. CHL and PC 

concentration values were extracted at 1000 randomly distributed points throughout 

the Mývatn water body for both the ground truth and the estimate. These points 

were set to be at least 60 m removed from the polygon, to avoid influence of 

missing pixels or pixels showing shoreline as seen in Figure III.13 in Appendix III. 

3. Then a linear regression analysis was done for both sets of point values by creating 

a scatterplot, showing the coefficient of determination (R2), RMSE and slope.  
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4 Results 

This chapter shows the results of the image analysis. Examples of the produced CHL and 

PC concentration maps are shown, after which the linear regression analysis results of all 

maps is provided for the purpose of validation. 

4.1 Chlorophyll-a and phycocyanin maps 

Three examples of true colour composite satellite images used in this study are shown in 

Figure 4.1, with an ALI image at 2016-08-20, a S-2 image at 2016-08-22 and a LS8 image 

at 2016-08-24. The lake visibly shows patches of green throughout the lakes, with varying 

distribution. The first image shows green mostly along the western shore of the South 

basin. The second image shows a visible eddy shaped green part in the South basin, going 

from the western shore to the mid-southern edge, where it goes up alongside the islands 

and then moves towards the centre. The third image shows green in most of the South 

basin, with some small darker areas. In all images the North basin seems to lack greenness. 

This inspection of the visible algae growth indicates how much the distribution of algae 

throughout the lake can change in a matter of days. 

The CHL (Kab2) and PC maps created from these example satellite images, as well as the 

interpolated in-situ maps, are shown in Figure 4.2 and Figure 4.3, respectively. The CHL 

estimate map of the LS8 2016-08-24 image shows high values compared to the 

interpolated map. The other two CHL estimate maps have similar ranges to that of the 

interpolated map. All estimated CHL maps were stretched to the concentration range of the 

LS8 2016-08-24 map, making it more difficult to see the distribution in these lower ranged 

maps. The PC map has a much larger range of values for the S-2 and LS8 estimate maps 

than for the interpolated in-situ map. The influence of striping of one of the ALI bands 

used in the PC calculation can be seen in the concentration map, impeding the output. The 

PC estimate maps from the S-2 and LS8 images clearly reflect the distribution seen in the 

true colour composites, as described in the above paragraph. They are, however, at much 

higher concentration values, than the interpolated map. 
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Figure 4.1 True colour composites maps of the following images: ALI 2016-08-20; S-2 2016-08-22; LS8 2016-08-24. The passing of 2 days 

between A and B and another 2 days between B and C influences the visible distribution of algal blooming in the water. 
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Figure 4.2 Chlorophyll-a concentration maps comparison: A) is the interpolated map from 

2016-08-19 in-situ measurements; B) is the CHL map created from the ALI image at 2016-

08-20; C) is the CHL map created from the S-2 image at 2016-08-22; D) is the CHL map 

created from the LS8 image at 2016-08-24. 
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Figure 4.3 Phycocyanin concentration maps comparison: A) is the interpolated map from 

2016-08-19 in-situ measurements; B) is the PC map created from the ALI image at 2016-

08-20; C) is the PC map created from the S-2 image at 2016-08-22; D) is the PC map 

created from the LS8 image at 2016-08-24. 
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4.2 Validation of satellite imagery to in-situ data 

During the validation process six scatterplots were created for each satellite image, an 

example of all scatterplots and linear regression analyses done for one image can be found 

in Figure 4.4. In-situ concentration measurements were taken as integer numbers, whereas 

the estimates were floating numbers, this can be seen in plots A, C, and E. This is 

especially apparent in the CHL estimates in A and C, since they only range up to 15 and 5 

μg/L. In this particular instance, the PC concentrations on the ALI image on the morning of 

2016-08-20 ranged up to 50 μg/L, showing that the integer in-situ measurements are less 

influential. For other images with lower PC concentrations the integer values will be more 

apparent and of larger influence in their respective E scatterplots. 

The perfect fit shows linear regression results of R2=1, slope=1 and RMSE=0. Figure 4.4 

shows that for CHL Kab1 and Kab2 the 1000 random points validation the R2 and slope 

values increase to approach 1, compared to the measurement points validation. CHL Kab1 

goes from R2=0.11 & slope=0.75 to R2=0.18 & slope=1.12, and CHL Kab2 goes from 

R2=0.02 & slope=0.10 to R2=0.05 & slope=0.19. The PC estimates, with their larger range 

in values, go from R2=0.06 & slope=0.34 to R2=0.04 & slope=0.25, which is a decrease in 

goodness of fit. The PC map used in this scatterplot contained striping. The RMSE stays 

approximately the same for the relation between the measured and the random points. 
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Figure 4.4 An overview of all linear regression analyses done for the ALI 2016-08-20 

morning image, showing all six scatterplots. The scatterplots A, C, and E use the values at 

the measuring points and compare them to the extract values at those same points, for 

CHL Kab1, CHL Kab2 and PC estimates, respectively. Scatterplots B, D, and F use 1000 

random points to compare the interpolated in-situ map with satellite estimates for the 

aforemetioned three methods. 
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All linear regression analysis results of the concentration estimates of each image can be 

found in the following tables; CHL Kab1 in Table 4.1, CHL Kab2 in Table 4.2, and PC in 

Table 4.3. Some linear regression results had NaN and zero values as outputs, because all 

estimated values were either negative or zero, resulting in all zero input values for the 

linear regression. Another output that was distinctively different from the rest can be seen 

in the PC measurement points validation of all three 2018 images, where the amount of 

points used was so low that the linear regression preferred to create a negative sloped line 

instead of a positive sloped one. 

 

Table 4.1 Linear regression output information for the CHL Kab1 concentration estimates. 

Date Sensor Measurement points 1000 random points 

  R2 RMSE Slope R2 RMSE Slope 

06-07-2016 S-2 0.01 

0.02 

0.37 

0.36 

-0.04 

-0.04 

0.04 

0.05 

0.35 

0.35 

-0.08 

-0.09 

16-07-2016 LS8 0.01 4.62 -0.34 0.04 1.31 -0.12 

20-08-2016 ALI 0.11 

0.17 

2.12 

1.37 

0.75 

0.62 

0.18 

0.19 

2.45 

1.29 

1.12 

0.62 

22-08-2016 S-2 0.09 

0.08 

0.33 

0.34 

0.08 

0.08 

0.07 

0.07 

0.32 

0.32 

0.09 

0.09 

24-08-2016 LS8 0.11 32.54 11.15 0.20 29.79 14.54 

27-06-2018 LS8 0.16 7.47 4.23 0.14 5.95 3.57 

19-07-2018 S-2 0.04 

0.03 

0.35 

0.36 

0.03 

0.03 

0.09 

0.10 

0.37 

0.36 

0.05 

0.05 

Averages  0.08 4.57 1.50 0.11 3.90 1.80 

 

 

  



44 

Table 4.2 Linear regression output information for the CHL Kab2 concentration estimates. 

Date Sensor Measurement points 1000 random points 

  R2 RMSE Slope R2 RMSE Slope 

06-07-2016 S-2 0.02 

0.02 

0.96 

0.95 

-0.12 

-0.13 

0.06 

0.07 

0.92 

0.91 

-0.24 

-0.26 

16-07-2016 LS8 0.02 1.38 -0.10 0.00 4.77 0.02 

20-08-2016 ALI 0.02 

0.11 

0.79 

1.02 

0.10 

0.36 

0.05 

0.12 

0.84 

0.90 

0.19 

0.32 

22-08-2016 S-2 0.04 

0.04 

0.30 

0.30 

0.05 

0.05 

0.08 

0.08 

0.18 

0.18 

0.06 

0.05 

24-08-2016 LS8 0.04 1.73 0.37 0.20 1.29 0.64 

27-06-2018 LS8 0.15 2.94 1.61 0.12 2.68 1.50 

19-07-2018 S-2 0.03 

0.03 

0.93 

0.94 

0.07 

0.07 

0.09 

0.09 

0.94 

0.94 

0.13 

0.13 

Averages  0.05 1.11 0.21 0.09 1.32 0.23 

 

The average statistical relationships were R2=0.08&0.11, slope=1.50&1.80 and 

RMSE=4.57&3.90 for Kab1, and R2=0.05&0.09, slope=0.21&0.23 and RMSE=1.11&1.32 

for Kab2, all for the measurement points and the 1000 random points, respectively. The 

coefficients of determination and slope values are higher for the 1000 random points 

validation, compared to the measurement points validation. The RMSE range for both 

validation methods of both CHL estimates is very large, due to the large change in 

concentration estimate ranges per satellite image. For both CHL methods the average over 

all images of the 1000 random points validation results have higher R2 values and slope 

values closer to 1 than the average measurement points validation results. The CHL Kab1 

estimates for the LS8 image of 2016-08-24 showed a high range compared to all other 

images, which greatly increased the average RMSE for that method. 
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Table 4.3 Linear regression output information for the PC concentration estimates. *All 

estimates were negative or zero. **Too few data points resulting in a negative slope. 

Date Sensor Measurement points 1000 random points 

  R2 RMSE Slope R2 RMSE Slope 

06-07-2016 S-2 0.23 

0.32 

4.05 

3.41 

0.47 

0.51 

0.13 

0.09 

3.56 

3.75 

0.45 

0.38 

16-07-2016 LS8 0.01 6.23 -0.04 0.02 7.40 0.15 

20-08-2016 ALI 0.06 

NaN* 

9.56 

0* 

0.34 

0* 

0.05 

NaN* 

9.04 

0* 

0.25 

0* 

22-08-2016 S-2 0.03 

0.02 

5.68 

5.82 

0.14 

0.11 

0.01 

0.01 

6.06 

6.12 

0.07 

0.07 

24-08-2016 LS8 0.14 6.42 0.35 0.15 6.76 0.37 

27-06-2018 LS8 0.09** 1.99** -0.49** 0.08 1.31 0.41 

19-07-2018 S-2 0.29** 

0.15** 

4.56** 

5.03** 

-0.88** 

-0.65** 

0.09 

0.11 

3.52 

3.46 

0.62 

0.68 

Averages  0.12 5.88 0.27 0.07 5.10 0.35 

 

With an average of R2=0.12&0.07, slope=0.27&0.35 and RMSE=5.88&5.10 for the 

measurement points and the 1000 random points, respectively, the PC validation outputs 

show a decreased R2 for the 1000 random points validation method, unlike the CHL 

outputs. Compared to the CHL estimation methods, the PC concentration estimates show a 

better statistical relationship to the in-situ data for the measurement points validation, but a 

lower statistical relationship for the 1000 random points validation. The higher average R2 

value for the measurement points linear regression is partly caused by the 2018 images 

fitted to a negative slope with relatively high R2 values, whereas this did not happen for the 

1000 random points. The RMSE is approximately the same for both validation methods. 

The RMSE values seem high compared to those shown in the CHL outputs, however the 

average range of the concentration estimates was also much larger. 
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The average linear regression outputs for each sensor and both linear regression methods 

are shown in Table 4.4, also showing the number of images and average offset in days used 

to calculate these averages. 

 

Table 4.4 Sensor average linear regression outputs for both validation methods, including 

the number of images used and average offset in days between the satellite images and the 

in-situ measurements. The average row shows the average of all images for both validation 

method. The first row is the average fit extracted from the meaurement points, the second 

row represent the average fit extracted from the 1000 random points. 

Sensor R2 RMSE Slope No of images Average 

offset (days) 

ALI 0.09 

0.12 

2.48 

2.42 

0.36 

0.42 

2 

2 

1 

1 

S-2 0.08 

0.07 

1.95 

1.81 

-0.01 

0.13 

6 

6 

2 

2 

LS8 0.08 

0.11 

7.26 

6.81 

1.86 

2.34 

3 

3 

2.67 

2.67 

Average 0.08 3.49 0.57 11 2 

 0.09 3.28 0.78 11 2 

 

The ALI average was calculated using two images which were taken on the same day. 

These images had the lowest average cloud cover (approximately 0% and 5%) and the 

lowest offset in days to the in-situ measurements (1 day). The S-2 average was calculated 

using 6 images, at three different days. Two images were taken simultaneously at each day, 

covering a different area, with Mývatn as overlapping part. These images had the highest 

average cloud cover (approximately 70%, 0%, and 80%) and an average offset of 2 days to 

the in-situ measurements. The LS8 average was calculated using 3 images which had the 

highest average offset of days to the in-situ measurements (2.67 days). The cloud cover for 

these images was average (approximately 5%, 0%, and 50%). The ALI sensor using the 

1000 points validation method shows the highest coefficient of determination, at R2=0.12, 

paired with a slope of 0.42. 
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5 Discussion 

This chapter discusses the results and their implications, followed by further explanation 

on all influencing factors that can induce error. 

5.1 Implications of results 

5.1.1  Chlorophyll-a and phycocyanin maps 

The redistribution of algae between 2016-08-20, 2016-08-22 and 2016-08-24 is visible in 

Figure 4.1 and Figure 4.3. When adjusting the colour scales of the CHL maps the 

distribution of algae is visible in those maps. The PC concentration map from the ALI 

2016-08-20 image is difficult to decipher because of the striping in B7. This is not 

reflected in the CHL maps, since B7 is not used in those calculations. All three satellite 

images were taken with zero cloud cover. 

The change in algae distribution and concentration in Figure 4.3 could be caused by the 

wind. Between August 19 and 23 of 2016 the weather data gathered at station Sydri 

Neslönd by Lake Mývatn, showed that the average wind speed was 1.54 m/s. Pelagic 

blooms can be influenced by winds due to redistribution from surface waves, even when 

they have little effect on the underlying water column and induce no vertical mixing. 

During hours with wind speeds of 2 m/s and higher the dominating wind direction was 

East between August 19 and 23, which could create the eddy shaped growth seen in the S-

2 image on August 22nd, and possibly create redistribution of algae throughout the South 

basin to explain the changes seen in Figure 4.3. 

Another explanation could be that this period displays the onset of a cyanobacterial bloom, 

which increased over the days. This explanation is backed by a clear increase in PC. The 

CHL present at the beginning is most likely due to chlorophytes, but as the cyanobacteria 

started blooming the CHL and PC concentrations increased significantly, as seen in Figure 

4.2 and Figure 4.3. 

The interpolated CHL and PC maps show too subtle changes compared to the actual 

situation that can be seen in the true colour composites, as well as compared to the 

concentration maps provided by Mývatn Research Centre seen in Figure I.1 in Appendix I. 

The inability of the interpolation to take the bathymetry, fresh water influence and water 

flow, becomes clear in the smooth gradient of change in concentration. 

5.1.2  Validation 

Linear regression using the 1000 random points was preferred, since the amount of data 

points varied from 8 to 71, greatly influencing the accuracy of the linear regression. With 

the 1000 random points, even for high cloud cover images, several hundreds of point were 

still available. The disadvantage of this is the fact that these “in-situ concentrations” at 

those 1000 random points are not actually measured, but interpolated from measurements. 

In Lake Mývatn the algae pigment concentrations show rapid spatial changes, these are 

extremely misrepresented in the interpolated maps used for the 1000 random points. 
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When comparing the estimates to the in-situ measurements, Kab1, Kab2 and PC estimates 

can have a much greater range than the in-situ measurements. This can also be seen in 

Figure II.3 and Figure II.4 in Appendix II. In some cases the calculated concentration maps 

from the satellite imagery have a large amount of pixels, and therefore validation inputs, 

that are of 0 μg/L concentration. This cluster of line of zero values along the x-axis can for 

example be seen in Figure II.4, Figure II.5, Figure II.6, Figure II.9, Figure II.10 and Figure 

II.12 in Appendix II, and greatly influences the linear regression output by decreasing the 

R2, increasing the RMSE and changing the slope value. This problem could be solved by 

ignoring all zero outputs in the satellite imagery concentration estimates, however that 

would induce error and misrepresent the actual accuracy of the concentration maps. 

For the concentration maps seen in Figure 4.2 and Figure 4.3, the comparison was done to 

in-situ data of 2016-08-19, therefore the fit from the linear regression is expected to be 

highest for the ALI 2016-08-20 image, lower for the S-2 2016-08-22 image and very low 

for the LS8 2016-08-22 image. The exception of this hypothesis was for the ALI PC 

concentration map, which was expected to show a low accuracy due to the striping effect. 

For both CHL estimates the 1000 random points of S-2 images deviate from this 

assumption. The PC estimate shows an unexpected high fit for the LS8 2016-08-24 image, 

which is higher than both the ALI and the S-2 image. The PC linear regression for the ALI 

2016-08-20 morning image shown in plots E and F of Figure 4.4 showed clear influence of 

the striping. The striping induced a large error with a high number of points quantifying as 

zero, over a large range of in-situ interpolated values. In this study the ALI and Hyperion 

images, which both were taken from the EO-1 satellite, often show striping, whereas LS8 

and S-2 did not. 

The cloud cover of the images influences the output, decreasing the accuracy of both 

validation methods, especially the measurement points due to a lack of input values for 

linear regression analysis. The approximate cloud cover of each satellite image is shown in 

Table I.5 in Appendix I. The percentage of cloud cover represent the approximate 

percentage of the image within Lake Mývatn that had to be clipped in the pre-processing, 

and therefore represent the approximate percentage of validation points available. 

Few of the images used in this study show a statistically significant linear relationship 

between CHL Kab1 and Kab2 measured data points and estimated concentrations; 

R2≤0.17. For the 1000 random points the ALI images at 2016-08-20 had significant 

coefficients of determination for Kab1; 0.18 & 0.19. Unexpectedly, the LS8 image on 

2016-08-24 had an R2 of 0.20 for Kab1 and Kab2 with the 1000 random points validation. 

It is, however, not apparent from the scatterplots in Appendix II why the regression 

coefficients are so high. 

The PC estimates for S-2 images on 2016-07-06 and 2018-07-19 had high regression 

coefficients in the measurement data points, of which the latter was caused by a misfit due 

to too little data points. The 2016-07-06 images show the trend and slope indicated by the 

fitted line, but have a high error compared to the range; RMSE of 4.05 & 3.41 compared to 

the range of 15 for both. This high relative error decreases the significance of the 

regression outputs and its indicated goodness of fit. 

When considering the sensor average fit of the linear regression using points from the data 

measurements, ALI shows the best statistical fit, though still of statistical insignificance. 

The two ALI images had the lowest average cloud cover and the lowest average offset in 
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days to the in-situ measurements, therefore it is expected to have the best fit. It may also be 

influenced by the fact that only two images on one date were used to calculate this average. 

The EO-1 satellite, which carried the ALI sensor, is out of commission. LS8 and S-2 are 

both still in operation and have a better revisit time. 

In all satellite estimates, the CHL methods have a small range in concentration values, 

whereas the PC concentration values have too great of a range. Both Kab1 and Kab2 are 

too greatly influenced by the parameters in the equations, since they both use the band 

values in natural logarithms (equation 4 and equation 5). 

The average degree of fitting of the estimates, on both validation methods, is low for CHL 

Kab1, CHL Kab2, and PC. Furthermore, the slope is not close to 1, and therefore 

agreement between estimated values and measured values is also low, indicating that none 

of these methods is suited for remote sensing of algae pigment concentrations in Lake 

Mývatn without optimisation. 

5.2 Error inducing factors 

5.2.1  General interference for remote sensing 

The largest interference in remote sensing of Lake Mývatn is the high cloud coverage 

throughout the year. The limited availability of cloud-free satellite imagery of all 

aforementioned sensors decreases the usefulness of remotely sensing algae pigment 

concentrations in Lake Mývatn. 

Observation time of satellite imagery influence the sun elevation and azimuth, which can 

alter observed reflectances. Some images used in this study were taken either early in the 

morning or late in the evening, as shown in Table I.5, and thus have low sun elevation. 

Those images have a higher noise-to-reflectance ratio, decreasing the accuracy of the 

estimated concentration maps. 

Striping in satellite imagery can have a large impact on the resulting quantification maps 

when using a band that contains striping. This can greatly decrease the accuracy of the 

estimates and therefore the validation outputs of the map. 

Sun glint can cause large disturbances for calculation of algae pigment concentrations in 

waters (Kutser et al., 2006; Overstreet & Legleiter, 2017). Visual inspection of the satellite 

imagery indicated that glint was not an issue in the images used in this research, but it 

should be kept in mind when computing algae pigment concentrations on waters. Sun glint 

changes the reflectance of the pixels and therefore the spectral signature of the observed 

water surface. This will have great impact on any remote sensing analysis of the water 

body, whether it is a case I or case II water. 

Breaking waves have very different spectral signatures than calm water, therefore it is 

difficult to estimate algae pigment concentrations within breaking waves. Spectral remote 

sensing reflectance of breaking waves “can increase significantly (more than twofold) due 

to bubble entertainment, even at moderate winds of about 10 m/s” (Stramski & Tegowski, 

2001). Visual inspection of the imagery indicated an absence of waves, or at least an 
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absence of wave interference on the reflectance values in the used images. When dealing 

with turbid waters wave interference should be kept in mind and dealt with, if present. 

Human activity has a large influence in several aspects, mostly in dredging of the lake and 

thereby changing the bathymetry. This does not only disturb the algae growth and increase 

the amount of suspended sediment, but it also changes the water depth and therefore the 

growing conditions of several algae types. Small human disturbances, such as boats on the 

lake, can show up on satellite imagery as seen in Figure III.15 in Appendix III. 

Sometimes animals, like swans, can be seen as well, this requires an image of very fine 

spatial resolution to be visible. However, even if it not visible, the very light colour of their 

feathers has an effect on the pixel’s measured radiance. During the summer Lake Mývatn 

is known to have a large amount of mosquitos present. It is thought that the sometimes 

observed blue-shimmery reflectance of Lake Mývatn in the summer is due to the 

mosquitos on the water surface (Árni Einarsson, personal communication, 2018).), but this 

is unconfirmed. 

5.2.2  In-situ data 

The in-situ data can induce measurement error in the validation dataset. Samples were 

taken at 0.5 m depth, in a container. The GPS location measured for these data points 

probably have a slight error, but this is unknown. The concentration was measured 6 times 

and the average integer number of that was taken as the concentration, the range of those 

sample measurements were not taken into consideration during this research. The CHL and 

PC concentration measurements were done for unknown sample size and taken with an 

unknown sensor. Sample size as well as used sensor have a very large influence on the 

accuracy of the in-situ data, therefore it must be taken into consideration that the in-situ 

data could perhaps be of low accuracy due to lacking accuracy in used equipment. 

Sometimes the sample taken at that depth contained little to no CHL or PC, whereas there 

was a thin and dense layer of cyanobacteria at the surface. This was recorded in 

commentary with the in-situ measurements, but was not quantifiable and therefore not used 

in the validation process. It does indicate that the concentration measurements are often not 

representative of the actual algae pigment concentration, especially since that surface scum 

will be clearly visible on the satellite images. 

The amount of sampling points varied per sampling date, as well as their distribution. This 

greatly influences the accuracy of the validation process while using the measurement 

points. The effect of random sampling strategy can cause the sampler to miss out on the 

areas with the highest or lowest concentrations, which will greatly decrease the accuracy of 

the interpolated in-situ maps, in turn influencing the validation using the 1000 random 

points. In Lake Mývatn the algae pigment concentration changes drastically over space, 

therefore a minimum number of in-situ measurement points should be set so the 

interpolated concentration maps, whether man-made or computer calculated, are more 

accurate. 

Manual interpolation of point measurements was used to create the Anabaena 

concentration maps received from Mývatn Research Centre, inducing human error. 

However, this was done by Árni Einarsson, who is an expert of Lake Mývatn, and took the 

knowledge of the lake’s bathymetry, fresh water inlet and ecological system into account, 

possibly creating a more accurate result than the computer created interpolation. 
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One of the main issues with the use of the in-situ data as ground truth for comparison with 

satellite outputs is the temporal difference. Not only is the time of day different, but often 

the data is from different dates, possibly inducing large error in the comparison between 

in-situ measurements and satellite imagery. As could be seen in Figure 4.1, Figure 4.2 and 

Figure 4.3, the algae distribution of Lake Mývatn changed substantially in two days; 

between 2016-08-20 and 2016-08-22, and between 2016-08-22 and 2016-08-24. 

5.2.3  Conditions of Lake Mývatn 

Lake Mývatn is a very shallow lake (Figure 2.2), so the bathymetry plays an important 

role. The water depth of algal blooming influences the spectral signature (Richardson, 

1996); as the water depth increases it becomes more difficult to distinguishing algae types 

and concentrations. Since the cyanobacterial blooming can be detected near the surface, or 

sometimes even on the surface as scum, they are more easily spectrally identified, 

compared to benthic mats. The turbidity of the water induces sediment movement, which 

in turn increases vertical mixing and therefore the suspended sediment. Both suspended 

sediment and organic matter that has not settled further impede the ability to compute 

concentration maps using algae pigments from the records obtained from satellites. 

In shallower parts the remotely sensed pixel values will have more influence of underlying 

sediment as well as a more benthic algal blooming due to available light, higher 

temperatures and sediment accumulation (Einarsson et al., 2004). This will influence the 

spectral signature of those pixels in CHL and PC concentration maps. Thus it would be 

desirable to apply a model of the bathymetry in combination with a local algorithm for 

calculation of algae pigments. Moreover, one might consider the use of conditions and 

indices for expected cover of benthic algae. Difference in concentration range and 

distribution due to bathymetry are as follows (Árni Einarsson, personal communication, 

2019): 

1. The south-eastern corner of the South basin has two river inlets with strong currents 

which decreases the algae concentration; 

2. The North basin has a very shallow area adjacent to the western shore, showing 

larger influence of the underlying sediment on the concentration maps. This can be 

seen in all CHL and PC concentration maps; 

3. Due to dredging a small rectangular area in the southern part of the North basin is 

deeper, with a quick incline in depth, therefore benthic algae can grow less easy 

and are more difficult to spot. 

The lake, but especially the North basin, sometimes contains surface scum consisting of 

cyanobacterial cells; this should give a slightly different spectral signature to the normal 

bloom. Benthic blooms often occur before the cyanobacterial blooms. Cyanobacterial 

blooms usually start in the North basin and then move to the South basin, this was 

expected to be seen in the results. Since the benthic blooms happen below the 

cyanobacterial blooms, the cyanobacterial blooms are completely dominant when present. 

This is where the wind comes into play; winds of ≥7 m/s create waves that will redistribute 

surface algae, and winds of ≥16 m/s create stormy conditions with sediment movement that 

causes resuspension of sediment and a redistribution of both benthic and cyanobacterial 

algae in Lake Mývatn (Árni Einarsson, personal communication, 2018; Einarsson et al., 
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2004). Algal blooms sometimes occur different; for example, the cyanobacterial bloom in 

Lake Mývatn can also be brown (Árni Einarsson, personal communication, 2019), 

influencing the spectral reflectance. 

Generally speaking, algal blooming is influenced by temperature, light and nutrient 

availability, but the effect of changes in temperature is not very important for the 

photosynthesis when compared with that of changes in available light and nutrients. 

However, changes in temperature may influence the primary production considerably, by 

influence on conditions for algal growth and species succession. Especially in Lake 

Mývatn, where the temperatures rarely exceed 25°C ("Climatological data | Icelandic 

Meteorological office", 2019), higher temperatures are associated with larger productivity. 

The amount of sunlight as well as the temperature show great seasonal change; in winter 

there is near to no daylight and the lake is frozen over, whereas during the summer there is 

almost no night time and the lake is completely thawed. The temperature gradient due to 

warming of the surface inhibits vertical mixing. The light and nutrient (phosphate) 

availability is what the benthic and cyanobacterial blooms compete with each other for. 

5.2.4  Sensor differences 

The satellite born remote sensors have varying fly-by times and thus the conditions for 

recording the surface images vary. Half of the images used in this study were taken during 

the morning hours, whereas the other half was taken during the evening (c.f. Table I.5). 

The time of acquisition affects factors such as the sun-elevation, temperature, amount of 

sunlight had in the previous hours and average wind speed, just to name a few. The timing 

of passage for particular satellites and therefore different conditions for measuring the 

reflectance varies between the sensors. As a results of this, low sun elevation can cause a 

higher noise to reflectance ratio, temperature and amount of sunlight are related to 

blooming intensity and wind can cause wave interference and redistribution. 

The used sensors had fairly similar spatial resolutions (30 m for ALI and LS8, 10 m for S-

2), and the S-2 images were resampled to 20 m for the CHL and PC calculation, reducing 

the difference even further. The spectral resolution is a separate issue, as Figure 2.7 shows; 

S-2 has more and some narrower bands available than LS8 and ALI. This can give slightly 

different observed pixel values, as well as more options for other CHL and PC methods 

with those bands. Kab1 (equation 4) and Kab2 (equation 5) only use the visible bands; 

blue, green and red, which are nearly identical for LS8 and ALI. The S-2 bands are slightly 

more narrow. The PC calculation (equation 6) uses SWIR bands, B7 SWIR band is nearly 

identical for LS8 and S-2, but ALI has a much wider spectral range for this. 

5.2.5  Used calculations 

The interpolated in-situ maps were created from points to a raster covering the entire 

Mývatn area. The tool “Spline with Barriers” was used with the Mývatn vector as barriers 

and cell size according to the paired image (30 m for ALI & LS8, 20 m for S-2). Spline 

interpolation ensures a smooth surface passing through the exact input values, which is 

desired since those are considered the ground truth, however there are multiple factors that 

the tool cannot take into consideration. The main three factors that are not considered 

during this interpolation technique is the bathymetry, the water flow direction and speed, 

and the fresh water input. These all influence concentration distribution and therefore the 
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interpolation output. Furthermore, it is unknown how the cyanobacteria evolve in 

distribution and concentration in Lake Mývatn, creating more obscurities. Input 

measurements were integers, whereas the output was floating numbers. When comparing 

the in-situ measurements or the generated interpolated maps to the satellite generated 

concentration maps, the input being an integer can make a slight difference, inducing error. 

But, probably still a neglectable error in comparison to the limitations mentioned for the 

interpolation, and that mentioned for the sampling depth when a thin layer of cyanobacteria 

covers the surface. 

During the pre-processing, the ALI images were manually georeferenced. Since pixel 

based estimates were used in value extraction for linear regression, errors in 

georeferencing can greatly influence the fit. As a rule of thumb, the georeferenced RMSE 

should be a maximum of half a pixel to ensure that no matter the point placement, the true 

pixel value was extracted. The RMSE values were 13.96 and 14.93 m for the two ALI 

images of 30 m spatial resolution, which is less than half a pixel and ensures correct pixel 

values. 

Radiometric calibration was performed for ALI and LS8 data, by using QUAC. FLAASH 

is commonly the preferred tool, however the updated information for the sensors used in 

this study was not available. According to Bernstein, Jin, Gregor & Adler-Golden (2012) 

“the absolute accuracy of QUAC is ∼±15% with respect to FLAASH retrieved 

reflectances”, so QUAC should be sufficient, keeping in mind the small decrease in 

accuracy of the computed reflectance values for ALI and LS8 outputs. 

For cloud removal the blue band was used to identify clouds via thresholding; pixels above 

that value were classified as clouds and subsequently removed. By manually inspecting 

each image a threshold was set for the blue band and applied for cloud removal. With each 

image the cirrus band was checked to ensure the higher altitude clouds were also removed. 

The exact error of this method is unknown, but due to visual inspection of the cirrus band 

and the true colour composite of each image, the error should be fairly small. 

Before applying the CHL and PC quantification methods, all S-2 bands were resampled to 

20 m spatial resolution using the average pixel value. This was done because bands of both 

10 m and 20 m spatial resolution were required in the calculations, and downscaling to 20 

m does not only have a lower error than upscaling, but it also decreases the difference in 

spatial resolution between LS8 and S-2. This data was continuous and therefore the 

average value should be a good representation of what the pixel value would have been if it 

were initially of 20 m spatial resolution. 

“Kabbara et al. (2008) calculated both the alternative CHL used here for the Tripoli coastal 

area using LS7 bands. The Tripoli coast is a case II water with moderate eutrophic 

conditions and an average shelf depth of 20 m. The bathymetry varies due to many shallow 

reefs and islands. The PC calculation was especially optimised for the ecology and 

bathymetry of Lake Erie (Vincent et al., 2004), in contrast to the calculations for Lake 

Mývatn which induced error in the PC estimates. Their PC calculation was made for 

Landsat-7 TM bands, which are of similar spatial and spectral resolution as LS8, and 

therefore also close to S-2, but can still induce some error due to these slight spectral 

resolution differences. The CHL concentration and PC concentration calculations were not 

calibrated to Mývatn, nor were they calibrated specifically for the three sensors used in this 

study. 
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All output raster images were projected to WGS 84 UTM zone 28N in Transverse 

Mercator, using nearest neighbour resampling. These new raster pixel values are not 

perfectly calculated, inducing error. 

Algae concentration estimation for lakes through remote sensing is a relatively novel field, 

with research going back only two decades. In earlier work, a wide range of methods have 

been proposed for CHL and PC estimation in remote sensing (Han & Jordan, 2005; 

Kabbara et al., 2008; Kutser, Metsamaa, Strömbeck & Vahtmäe, 2006; Mayo et al., 1995; 

Mishra & Mishra, 2012; Mishra & Mishra, 2014; Mishra, Mishra & Schluchter, 2009; 

Mishra, Mishra, Lee & Tucker, 2013; Oyama, Matsushita & Fukushima, 2015; Oyama et 

al., 2007; Palmer et al., 2015; Simis, Peters & Gons, 2005; Richardson, 1996; Vincent et 

al., 2004; Watanabe et al., 2017; Yacobi, Gitelson & Mayo, 1995). These methods vary in 

the bands that are used and the analysis used to extract CHL or PC from the measured 

bands, as seen in equations 1 to 6 for example. Also, since there is no theoretical 

framework behind any of these methods for lakes, most of the methods have been 

developed specifically for their intended study area. Proposed methods from previous 

researches show differences in: 

• The input bands, for example blue, green, red, red-edge, NIR, SWIR (two types); 

• Types of formulas, for example single band inputs, band ratio inputs, band-specific 

parameters, bands as logarithmic inputs, linear calculations, NDVI type 

calculations; 

• Using band values versus using the spectral signature per pixel to calculate peak 

reflectance as input for the equation. 

These examples of differences in methodologies indicate that the theory behind how to 

calculate the indicators CHL and PC is not yet fully understood. Many methods are 

optimised for the study area of that particular research. New methods are created due to 

insufficient accuracy of previously proposed methods, suggesting that it is difficult to 

accomplish for varying study areas, even if they are of the same type of water (case II). 

This all suggests that CHL and PC quantification in case II waters is a difficult subject 

area, where most methods are tailor made for the study area to assure accurate results. For 

example, Kab1 and Kab2 (equations 4 and 5) showed statistically significant results on the 

study area that they were created for and optimised to, with R2=0.72 for both equations 

(Kabbara et al., 2008). However, when they were applied to a different study area by 

Boucher et al. (2008), the accuracy decreased to R2=0.27 for both equations. As such, 

applying these methods in a new study area, without optimisation, is nontrivial. 
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6 Conclusions and recommendations 

The distribution of blue-green algae throughout Lake Mývatn can be observed in the true 

colour composites, as well as the created concentration maps. However, the concentration 

estimates misrepresent the in-situ data. The average results of the linear regression analysis 

for the three methods were as follows: CHL Kab1 with R2=0.09 and CHL Kab2 with 

R2=0.11 had a low degree of fitting. The slope for CHL Kab1 was slightly better (1.80) 

compared to the CHL Kab2 slope (0.23), both still relatively far removed from the perfect 

slope of 1. However both were not close to zero, indicating a better relationship between 

the estimates and observed concentrations could be created by adjusting the equation. The 

accuracy of that results would, however, still be bad due to the low coefficient of 

determination. The PC results had the worst results with R2=0.07 and Slope=0.35, where 

the slope indicates a slightly better fit to the in-situ data than either CHL method.  

The average fit of the produced algae pigment concentration maps compared to the in-situ 

measurements for ALI was R2=0.12, RMSE=2.42 and slope=0.42, which had the best 

average fit of the three sensors. The ALI fit was calculated using only two images, which 

were both taken on the same date, with the lowest average cloud cover and the lowest 

offset to the in-situ measurements (1 day). This best average fit agrees with the shortest 

delay between observations and that the two images were scanned on the same date, both 

diminishing its importance. 

According to the performed comparison the algae pigment concentration estimate do not 

accurately compare to the in-situ data, but the comparison may not consider all possible 

causes for the variation. Some possible causes are the time difference of measurement and 

the apparent changes in pigment distribution, as the true colour composites strongly 

indicate, and the influence of creating interpolated maps of the in-situ data as ground truth, 

as the algae pigment concentration maps strongly indicate. 

The used multispectral quantification methods were not optimised for the study area and 

therefore did not provide accurate insight into the concentration nor density variation of 

either algae types throughout Lake Mývatn. The accuracy of all three methods, for both 

validation methods and for all three multispectral sensors, is statistically too low to give 

significant results. 

Distribution mapping of blooms in Lake Mývatn was achieved through the used methods 

and provides useful insight to the relative concentrations in time-series. This gives 

information on the evolution of the distribution over time and can be used to explain 

processes or interactions happening within Lake Mývatn over many years. The 

quantification of the concentrations was too inaccurate to provide useful data. 

Despite the general lack of agreement between remotely sensed estimates and in-situ data, 

there is a future in producing CHL and PC concentration maps for Lake Mývatn. While 

most previous research had in-situ spectral data available alongside the measured 

concentrations, this study did not. In-situ spectral data can be used to optimise existing 

methods through parameterisation, or to create new methods. Parameterisation can greatly 

increase the fit and can be used to create more accurate concentration maps. Considering 

the data availability of the satellite, S-2 and LS8 could be used together for future remotely 

sensed data on a model for Lake Mývatn. 
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Furthermore, the amount of measurement points for various in-situ data collection times in 

this study was very inconsistent. The validation output is greatly influenced by amount and 

density of the measurement points, therefore a set minimum should be applied for future 

in-situ data collection. Since Lake Mývatn covers an area of 37 km2 and the algae pigment 

concentration presents rapid spatial change, a minimum of 74 points is recommended. 

For future research, both the CHL and PC methods should be optimised. S-2 and LS8 

passing dates and times for Mývatn are known months in advance. Weather forecast can 

give indication on favourable weather conditions for satellite remote sensing. A few hours 

after the acquisition time, satellite imagery can be viewed online via USGS Earth Explorer. 

The true colour composite should indicate algae distribution, useful for planning the 

sampling points to collect in-situ data for CHL and PC concentration measurements, as 

well as handheld spectrometer observations. Then a more robust relationship between 

spectral signatures (handheld and satellite) and CHL and PC concentrations can be 

determined to optimise the quantification methods to the Lake Mývatn study area. 

These optimised methods can then be used on satellite images going all the way back to the 

earliest LS5 imagery to see changes over the years, on LS8 and S-2 for remotely sensed 

data yet to come, or on drone imagery to remotely sense Lake Mývatn without being 

dependent on cloud cover. Temporal change maps should provide further insight on algal 

blooming evolution and influence on the ecosystem and create more and easier 

opportunities of algae pigment concentration data acquisition in Lake Mývatn. 
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Appendix I 

This appendix contains more detailed information on the used satellites and sensors, the 

acquisition dates and times of the data, as well as a look at the provided Anabaena 

concentration maps. 

 

Landsat 8 

Landsat 8 is the eighth satellite in NASA´s Landsat program and it has a multispectral 

sensor. The satellite was launched on February 11th in 2013, with its first imagery 

collected on March 18th in the same year and it is still active. The revisit time of LS8 is 16 

days. The LS8 bands and spatial resolution are shown in Table I.1. 

 

Table I.1 Spectral bands for the Landsat 8 sensor ("Landsat 8 Bands « Landsat Science", 

2019). 

Spectral band Wavelength (µm) Spatial resolution (m) 

1 (Coastal / Aerosol) 433 – 453 30 

2 (Blue) 450 – 515 30 

3 (Green) 525 – 600 30 

4 (Red) 630 – 680 30 

5 (NIR) 845 – 885 30 

6 (SWIR 1) 1560 – 1660 30 

7 (SWIR 2) 2100 – 2300 30 

8 (PAN) 500 – 680 15 

9 (Cirrus) 1360 – 1390 30 

10 (TIR 1) 10300 – 11300 100 

11 (TIR 2) 11500 – 12500 100 

 

 

Sentinel-2 

Sentinel-2 is an ESA satellite mission consisting of a constellation of two satellites, namely 

Sentinel-2A and Sentinel-2B. Sentinel-2A was launched on June 23rd in 2015 and 

Sentinel-2B was launched on March 7th in 2017, both satellites are still active and have 

multispectral sensors on them. The revisit time of the S-2 mission is 5 days. The S-2 bands 

and spatial resolution are shown in Table I.2.  
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Table I.2 Spectral bands for the Sentinel-2 sensors ("MSI Instrument – Sentinel-2 MSI 

Technical Guide – Sentinel Online", 2019). 

Spectral band Sentinel-2A 

wavelength (nm) 

Sentinel-2B 

wavelength (nm) 

Spatial resolution 

(m) 

1 (Coastal Aerosol) 432 – 453 432 – 453 60 

2 (Blue) 459 – 525 459 – 525 10 

3 (Green) 541 – 578 541 – 577 10 

4 (Red) 649 – 680 649 – 680 10 

5 (Red edge) 696 – 772 696 – 712 20 

6 (Red edge) 733 – 748 732 – 747 20 

7 (Red edge) 773 – 793 770 – 790 20 

8 (NIR) 780 – 886 780 – 886 10 

8a (Narrow NIR) 854 – 875 856 – 875 20 

9 (Water Vapour) 935 – 955 933 – 954 60 

10 (SWIR - Cirrus) 1358 – 1389 1362 – 1392 60 

11 (SWIR) 1568 – 1659 1563 – 1657 20 

12 (SWIR) 2115 – 2290 2093 – 2278 20 

 

 

ALI 

The Advanced Land Imager (ALI) was a multispectral sensor on the Earth Observing-1 

(EO-1) NASA satellite. It was launched on November 21th in 2000 and decommissioned 

on March 20th in 2017. The EO-1 satellite had a revisit time of 16 days. The ALI bands 

and spatial resolution are shown in Table I.3. 

 

Table I.3 Spectral bands for the ALI sensor("EO-1 Validation Report", 2019). 

Spectral band Wavelength (nm) Spatial resolution (m) 

Pan 480 - 690 10 

MS-1’ 433 - 453 30 

MS-1 (Blue) 450 - 515 30 

MS-2 (Green) 525 - 605 30 

MS-3 (Red) 630 - 690 30 

MS-4 (NIR) 775 - 805 30 

MS-4’ (NIR) 845 - 890 30 

MS-5’ (NIR) 1200 - 1300 30 

MS-5 (SWIR) 1550 - 1750 30 

MS-7 (SWIR) 2080 - 2350 30 

 

 



65 

Hyperion 

The Hyperspectral Imager (Hyperion) was a hyperspectral sensor on the Earth Observing-1 

NASA satellite. It was launched on November 21th in 2000 and decommissioned on 

March 20th in 2017. The EO-1 satellite had a revisit time of 16 days. The EO-1 Hyperion 

sensor has 242 bands, with 220 unique bands ranging from 357 to 2576 nm. Only 198 of 

those bands were calibrated and due to focal plane overlap there were only 196 unique 

bands (Beck, 2003). The calibrated bands and their spatial resolutions are shown in Table 

I.4. The spectral bands 8 – 57 covered by the Visible/NIR spectrometer had bandwidths of 

10.19 – 10.21 nm and the spectral bands covered by the SWIR spectrometer had 

bandwidths of 10.08 – 10.09 nm (Pearlman, 2003). 

 

Table I.4 Spectral bands for the Hyperion sensor (Beck, 2003; Pearlman, 2003). 

Spectral bands Wavelength (nm) Spatial resolution (m) 

8 – 57 (Visible & NIR) 427 – 925 30 

77 – 224 (SWIR) 912 – 2395 30 
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Data 

Table I.5 shows the acquisition dates and times of all satellite data, as well as in-situ data 

used in this research. 

 

Table I.5 Acquisition dates of in-situ data and acquisition time and dates of satellite 

imagery with their approximately cloud cover. 

Date Sensor imagery acquisition time Cloud 

cover 

In-situ data 

 ALI Hyperion S-2 

(A&B) 

LS8   

05-07-2016      Concentration 

measurements; 

Anabaena 

concentration map 

06-07-2016   19:31; 

19:31 

 70% 

70% 

 

14-07-2016      Concentration 

measurements; 

Anabaena 

concentration map 

16-07-2016    22:14 5%  

19-08-2016      Concentration 

measurements; 

Anabaena 

concentration map 

20-08-2016 9:59; 

19:37 

 

 

21:55 

  0% 

5% 

0% 

 

22-08-2016   17:54; 

17:54 

 0% 

0% 

 

24-08-2016    12:39 0%  

27-06-2018    12:38 50%  

28-06-2018      Concentration 

measurements 

17-07-2018      Concentration 

measurements 

19-07-2018   13:03; 

13:03 

 80% 

80% 
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Anabaena concentration maps 

Figure I.1 shows the Anabaena concentration maps of summer 2016, provided by Mývatn 

Research Centre. 

 

 

Figure I.1 Anabaena concentrations througout Lake Mývatn during the summer of 2016 

(Árni Einarsson, personal communication, 2018). 
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Appendix II 

This appendix shows all the created scatterplots for the data measurement points as well as 

the 1000 random points for both CHL and PC concentrations. First the scatterplots for all 

Landsat 8 images, followed by all Sentinel-2 image scatterplots, with lastly all ALI image 

scatterplots. Per sensor the image scatterplots are shown in order of date. 
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Landsat 8 

 

Figure II.2 An overview of all linear regression analyses done for the LS8 2018-07-06 

image, showing all six scatterplots. The scatterplots A, C, and E use the values at the 

measuring points and compare them to the extract values at those same points, for CHL 

Kab1, CHL Kab2 and PC estimates, respectively. Scatterplots B, D, and F use 1000 

random points to compare the interpolated in-situ map with satellite estimates for the 

aforemetioned three methods. 
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Figure II.3 An overview of all linear regression analyses done for the LS8 2016-08-24 

image, showing all six scatterplots. The scatterplots A, C, and E use the values at the 

measuring points and compare them to the extract values at those same points, for CHL 

Kab1, CHL Kab2 and PC estimates, respectively. Scatterplots B, D, and F use 1000 

random points to compare the interpolated in-situ map with satellite estimates for the 

aforemetioned three methods. 
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Figure II.4 An overview of all linear regression analyses done for the LS8 2018-06-27 

image, showing all six scatterplots. The scatterplots A, C, and E use the values at the 

measuring points and compare them to the extract values at those same points, for CHL 

Kab1, CHL Kab2 and PC estimates, respectively. Scatterplots B, D, and F use 1000 

random points to compare the interpolated in-situ map with satellite estimates for the 

aforemetioned three methods. 
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Sentinel-2 

 

Figure II.5 An overview of all linear regression analyses done for the S-2 2016-07-06 T27 

image, showing all six scatterplots. The scatterplots A, C, and E use the values at the 

measuring points and compare them to the extract values at those same points, for CHL 

Kab1, CHL Kab2 and PC estimates, respectively. Scatterplots B, D, and F use 1000 

random points to compare the interpolated in-situ map with satellite estimates for the 

aforemetioned three methods. 
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Figure II.6 An overview of all linear regression analyses done for the S-2 2016-07-06 T28 

image, showing all six scatterplots. The scatterplots A, C, and E use the values at the 

measuring points and compare them to the extract values at those same points, for CHL 

Kab1, CHL Kab2 and PC estimates, respectively. Scatterplots B, D, and F use 1000 

random points to compare the interpolated in-situ map with satellite estimates for the 

aforemetioned three methods. 
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Figure II.7 An overview of all linear regression analyses done for the S-2 2016-08-22 T27 

image, showing all six scatterplots. The scatterplots A, C, and E use the values at the 

measuring points and compare them to the extract values at those same points, for CHL 

Kab1, CHL Kab2 and PC estimates, respectively. Scatterplots B, D, and F use 1000 

random points to compare the interpolated in-situ map with satellite estimates for the 

aforemetioned three methods. 



75 

 
Figure II.8 An overview of all linear regression analyses done for the S-2 2016-08-22 T28 

image, showing all six scatterplots. The scatterplots A, C, and E use the values at the 

measuring points and compare them to the extract values at those same points, for CHL 

Kab1, CHL Kab2 and PC estimates, respectively. Scatterplots B, D, and F use 1000 

random points to compare the interpolated in-situ map with satellite estimates for the 

aforemetioned three methods. 
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Figure II.9 An overview of all linear regression analyses done for the S-2 2018-07-19 T27 

image, showing all six scatterplots. The scatterplots A, C, and E use the values at the 

measuring points and compare them to the extract values at those same points, for CHL 

Kab1, CHL Kab2 and PC estimates, respectively. Scatterplots B, D, and F use 1000 

random points to compare the interpolated in-situ map with satellite estimates for the 

aforemetioned three methods. 
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Figure II.10 An overview of all linear regression analyses done for the S-2 2018-07-19 

T28 image, showing all six scatterplots. The scatterplots A, C, and E use the values at the 

measuring points and compare them to the extract values at those same points, for CHL 

Kab1, CHL Kab2 and PC estimates, respectively. Scatterplots B, D, and F use 1000 

random points to compare the interpolated in-situ map with satellite estimates for the 

aforemetioned three methods. 
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ALI 

 

Figure II.11 An overview of all linear regression analyses done for the ALI 2016-08-20 

morning image, showing all six scatterplots. The scatterplots A, C, and E use the values at 

the measuring points and compare them to the extract values at those same points, for 

CHL Kab1, CHL Kab2 and PC estimates, respectively. Scatterplots B, D, and F use 1000 

random points to compare the interpolated in-situ map with satellite estimates for the 

aforemetioned three methods. 
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Figure II.12 An overview of all linear regression analyses done for the ALI 2016-08-20 

evening image, showing all six scatterplots. The scatterplots A, C, and E use the values at 

the measuring points and compare them to the extract values at those same points, for 

CHL Kab1, CHL Kab2 and PC estimates, respectively. Scatterplots B, D, and F use 1000 

random points to compare the interpolated in-situ map with satellite estimates for the 

aforemetioned three methods.  
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Appendix III 

This appendix contains maps used to provide insight on discussion points, such as the 

positioning of the 1000 random points, cloud removal, and lines left by boats and swans 

seen on Lake Mývatn. 

 

 

Figure III.13 The influence of near-edge points shown on an interpolated CHL map in 

south-eastern part of Lake Mývatn. The 1000 random points with a 60 m buffer from the 

shore (blue) are not located in mixels or NoData pixels, but the 1000 random poins 

without the 60 m buffer can be (orange). 
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Figure III.14 Example of cloud removal on an image. This S-2 2016-07-06 image was an example of one of the cloudiest images. 
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Figure III.15 A false colour composite near the southern shore of Lake Mývatn ("Kort of Íslandi | Map of Iceland", 2019), showing the 

influence of boats (lines) on algae growth (red plumes in water) and rapid changes in algae over short distances.  
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Appendix IV 

This appendix contains the MATLAB code used to perform linear regression on the 

calculated CHL and PC maps. For CHL maps both the Kab1 and Kab2 calculations were 

plotted. On some dates multiple images from one satellite constellation were available, in 

that case both were analysed and plotted. This example uses the information from LS8 

2016-07-16 image compared to interpolated in-situ data at a 1000 random points on 2016-

07-14, including the output figures. 

 

Linear regression for CHL and PC data from 1000 random points 

By Johanne van Linge, University of Iceland, April 2019 

% First import all CHL data as column vectors and delete NoData 

CHL (:,1) = C20160714I; 

CHL (:,2) = exp(x160716C1); 

CHL (:,3) = exp(x160716C2); 

TF1 = CHL(:,1)==-9999;          % where 1st column data == -9999 

CHL(TF1,:) = [];          % remove them 

TF2 = CHL(:,2)==-9999;          % where 2nd column data == -9999 

CHL(TF2,:) = [];          % remove them 

TF3 = CHL(:,3)==-9999;      % where 3rd column data == -9999 

CHL(TF3,:) = [];            % remove them 

% Set negative values to zero 

CHL(CHL<0)=0; 

 

% Secondly import all PC data as column vectors and delete NoData 

PC (:,1) = P20160714I; 

PC (:,2) = x160716P; 

TF3 = PC(:,1)==-9999;          % where 1st column data == -9999 

PC(TF3,:) = [];          % remove them 

TF4 = PC(:,2)==-9999;          % where 2nd column data == -9999 

PC(TF4,:) = [];          % remove them 

% Then set negative values to zero 

PC(PC<0)=0; 

 

% Calculate R-squared and RMSE for interpolated in-situ data versus 

% satellite estimates 

mdl = fitlm(CHL(:,1),CHL(:,2)); 

R2_CHL_1 = mdl.Rsquared.Ordinary; 

RMSE_CHL_1 = mdl.RMSE; 

mdl = fitlm(CHL(:,1),CHL(:,3)); 

R2_CHL_2 = mdl.Rsquared.Ordinary; 

RMSE_CHL_2 = mdl.RMSE; 

mdl = fitlm(PC(:,1),PC(:,2)); 

R2_PC = mdl.Rsquared.Ordinary; 

RMSE_PC = mdl.RMSE; 
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Plot it 

n = 1; %nth degree polynomial fit 

 

% Chlorophyll with Kab1 

figure % Open figure for CHL 

plot(CHL(:,1),CHL(:,2),'o') 

hold on 

plot([0 35],[0 35],'g-') 

% Trendline of Scattered data 

fit=polyfit(CHL(:,1),CHL(:,2),n); 

slope=round(fit(1),2); 

plot(CHL(:,1),fit(2)+ CHL(:,1)*fit(1),'-k','LineWidth',1) 

% R2 with textbox 

str = strcat('R^2= ',num2str(R2_CHL_1),'\n','Slope= ',num2str(slope),'\n','RMSE= 

',num2str(RMSE_CHL_1)); 

str= compose(str); 

label=text(7.5,1,str); 

% Layout 

title({'CHL Kab1 values from 1000 random points','In-Situ 2016-07-14 vs Landsat 8 2016-07-

16'}) 

xlabel('Interpolated In-situ CHL (ug/L)') 

ylabel('LS8 CHL (ug/L)') 

legend('Data','1:1 line','Linear fit') 

axis([0 10 0 10]) 

 

% Chlorophyll with Kab2 

figure 

plot(CHL(:,1),CHL(:,3),'o') 

hold on 

plot([0 35],[0 35],'g-') 

% Trendline of Scattered data 

fit=polyfit(CHL(:,1),CHL(:,3),n); 

slope=round(fit(1),2); 

plot(CHL(:,1),fit(2)+ CHL(:,1)*fit(1),'-k','LineWidth',1) 

% R2 with textbox 

str = strcat('R^2= ',num2str(R2_CHL_2),'\n','Slope= ',num2str(slope),'\n','RMSE= 

',num2str(RMSE_CHL_2)); 

str= compose(str); 

label=text(27,4,str); 

% Layout 

title({'CHL Kab2 values from 1000 random points','In-Situ 2016-07-14 vs Landsat 8 2016-07-

16'}) 

xlabel('Interpolated In-situ CHL (ug/L)') 

ylabel('LS8 CHL (ug/L)') 

legend('Data','1:1 line','Linear fit') 

axis([0 35 0 35]) 

 

% Phycocyanin 

figure 

plot(PC(:,1),PC(:,2),'o') 

hold on 

plot([0 120],[0 120],'g-') 

% Trendline of Scattered data 

fit=polyfit(PC(:,1),PC(:,2),n); 
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slope=round(fit(1),2); 

plot(PC(:,1),fit(2)+ PC(:,1)*fit(1),'-k','LineWidth',1) 

% R2 with textbox 

str = strcat('R^2= ',num2str(R2_PC),'\n','Slope= ',num2str(slope),'\n','RMSE= 

',num2str(RMSE_PC)); 

str= compose(str); 

label=text(85,10,str); 

% Layout 

title({'PC values from 1000 random points','In-Situ 2016-07-14 vs Landsat 8 2016-07-16'}) 

xlabel('Interpolated In-situ PC (ug/L)') 

ylabel('LS8 PC (ug/L)') 

legend('Data','1:1 line','Linear fit') 

axis([0 110 0 110]) 

 

% Phycocyanin zoomed 

figure 

plot(PC(:,1),PC(:,2),'o') 

hold on 

plot([0 35],[0 35],'g-') 

% Trendline of Scattered data 

fit=polyfit(PC(:,1),PC(:,2),n); 

slope=round(fit(1),2); 

plot(PC(:,1),fit(2)+ PC(:,1)*fit(1),'-k','LineWidth',1) 

% R2 with textbox 

str = strcat('R^2= ',num2str(R2_PC),'\n','Slope= ',num2str(slope),'\n','RMSE= 

',num2str(RMSE_PC)); 

str= compose(str); 

label=text(27,3,str); 

% Layout 

title({'PC values from 1000 random points','In-Situ 2016-07-14 vs Landsat 8 2016-07-16'}) 

xlabel('Interpolated In-situ PC (ug/L)') 

ylabel('LS8 PC (ug/L)') 

legend('Data','1:1 line','Linear fit') 

axis([0 35 0 35]) 
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