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Abstract 

Salmonids are very susceptible to environmental changes and any shift in environmental 

conditions can lead to population decline or even population collapse. Monitoring the 

activities at their spawning grounds and more specifically their redds (salmonid nests) over 

time will help understand the population dynamics of salmonid species and subsequently, 

create strategies for species conservation. However, basic and costly methodologies like 

observations or manual counting to estimate the number of active redds are difficult and 

involve potential errors of interpretation. The goal of this study is to develop a reliable and 

efficient remote sensing protocol to aid future research and monitoring efforts with 

identifying changes in salmonid redd density. The study focuses on the spawning grounds 

of Arctic charr (Salvelinus Alpinus) in Thingvallavatn and Ellidarvatn (Iceland), two lakes 

with different environmental characteristics which allows for testing and comparing various 

classification algorithms. Data were collected by an aerial drone image survey during July 

and November of 2018, using a low-cost unmanned aerial vehicle (UAV) with standard 

visible-light images (red, green, blue spectral bands) from a digital camera sensor. We 

applied advanced algorithms of semi-automatic remote sensing image analysis and 

classification methods and we identified the spawning grounds of Arctic charr and compared 

the results of the two study areas to establish a procedure for future applications. The results 

indicate that UAV systems are suitable for environmental monitoring of shallow water in 

lakes in Iceland. However, several environmental conditions have to be kept in mind while 

obtaining the images such as sun angle, cloud cover, water clarity, and wind speed. The 

classifications in this study reached overall accuracies of up to over 90 per cent while 

detecting the actual Arctic charr redds reached accuracies of 72 to 76 per cent. 

 

 

 

 

 



 

Útdráttur 

Laxfiskar eru mjög viðkvæmir fyrir umhverfisbreytingum og getur minnsta breyting á 

umhverfisaðstæðum þeirra leitt til hnignunar og jafnvel stofnhruns. Eftirlit með atferli þeirra 

á hrygningastöðum, nánar tiltekið laxfiskahreiður (e. redds), getur með tímanum hjálpað 

okkur að skilja virkni stofnsins og síðar útbúa áætlun til þessa að vernda tegundina.  Aftur á 

móti eru aðferðir til þessa að áætla fjölda nýttra hreiðra, til að mynda eftirlit eða handvirk 

talning, bæði erfiðar og kostnaðarsamar og geta falið í sér villur í túlkun.  Markmiðið með 

þessari rannsókn er að þróa áreðanlegar og áhrifaríkar fjarkönnunar verklýsingu til þess að 

aðstoða við frekari rannsóknir og eftirlits verkefni til þess að greina breytingar á þéttleika 

hreiðranna. Rannsóknin einblínir á hrygningarstöðvar silunga (Salvelinus Alpinus) í 

Þingvallavatni og Elliðarvatni (Ísland). Vötnin tvö eru ólík hvað umhverfis skilyrði varðar 

og gerir okkur því kleift að rannsaka og bera saman ýmis flokkunar reikniforrit. Gögnum var 

safnað með loftmyndum úr fjarstírðu loftfari (e. drone) í júlí og nóvember árið 2018. Notast 

var við kostnaðarlítið loftfar (UAV) sem tók myndir af sýnilegu ljósi, með stafrænum 

myndavélanema. Við notuðum þróuð reikniforriti með hálfsjálfvirkum fjarkönnunar 

myndgreiningu og flokkunar aðferðum til þess að bera kennsl á hrygnunastöðvar silungsins 

í báðum vötnum sem við að lokum bárum saman, í þeim tilgangi að koma á fót aðferð fyrir 

komandi rannsóknir. Niðurstöðurnar sýna fram á að UVA kerfin eru hentug við 

umhverfiseftirlit í grunnum vötnum á Íslandi. Samt sem áður, þarf að hafa ýmis umhverfis 

skilyrði í huga þegar verið er að útvega myndefnið, til dæmis staðsetning sólar, skýjafar, 

tærleiki vants og vindhraði. Flokkunin í þessari rannsókn skilaði nákvæmni upp á 90% við 

almenna flokkun en þegar koma að því að greina silungahreiðrin skilaði flokkunin nákvæmni 

upp á 72% til 76%. 

 



 

 

 

 

 

 

 

 

 

 





 

Preface 

This thesis is organized in six chapters. 

Chapter 1 provides an overview of the effects of climate change, the importance of 

freshwater ecosystems and salmonid species, the history of remote sensing and unmanned 

aerial vehicles (UAV) in scientific research as well as the aims and objectives of this thesis.  

Chapter 2 contains a literature review describing various freshwater systems, salmonids and 

their life history characteristics, principles of remote sensing, a description of classification 

methods and the history and information on the two case study areas in Iceland (lake 

Thingvallavatn and lake Ellidavatn).  

In chapter 3, the material and methods used in the study sites are outlined.  

In chapter 4 the classification results using ENVI software are shown and ranked for both 

study areas. A different software tool (ArcGIS) was applied on the top-ranking 

classifications for Thingvallavatn for accuracy comparison. Similarities and differences in 

environmental conditions during the data acquisition that could potentially influence the 

results of the classification are outlined.  

Chapter 5 presents the discussion of the results obtained for the two case study areas. A 

comparison to identify differences and communalities between the classification results for 

the two areas are also offered in this chapter.  

The final chapter 6 presents the conclusions of the study and offers an outlook for possible 

implementations of the methodology tested in this study.  
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1 Introduction 

Climate change is a phenomenon that influences a wide range of organisms and ecosystems 

worldwide (IPCC, 2014). One of the major causes of climate change is the increase of 

greenhouse gas concentrations in the atmosphere as a result of human activities since 

industrialisation. The main contributors to these changing conditions are carbon dioxide, 

methane, and nitrous oxide (Nda et al., 2019). Carbon dioxide contributes to over 50% of 

the emissions. The levels of CO2 have increased to 400ppm from 300ppm in pre-industrial 

years (Yu, Huang, & Tan, 2012).  

Environmental changes such as extreme weather conditions, rising temperatures and 

increase of carbon dioxide in the atmosphere are the main effects of climate change. Global 

alterations such as retreating glaciers, an increase in the sea levels, more frequent events of 

droughts and floods due to extreme weather conditions, or shifting boundaries of species are 

becoming more common (Drinkwater, Mueter, & Saitoh, 2018; Nda et al., 2019; Roe, Baker, 

& Herla, 2017). 

Climate change has already had significant effect on the Arctic and sub-arctic areas, where 

the temperature has been increasing twice as fast as in the rest of the globe (Sand et al., 2016; 

Najafi, Zwiers, & Gillett, 2015; Holding et al., 2016). This temperature increase can affect 

species’ distribution by species’ range expansions or contractions (Walter, 2004). 

The shift of species boundaries is a mechanism in response to climate change that can affect 

their physiology, trigger temporal changes of major life history events and/or shifts of 

species range. For example species can react to rising temperatures by increasing their 

thermal tolerance in response to environmental changes in their habitats (Pörtner & Knust, 

2007). Temporal changes of life history events can include shifts in seasonal migrations of 

birds (Both & Visser, 2001) spawning times in fish (Wedeking & Küng, 2010) and 

maturation (McMullen, Walker, & McConnaha, 2019). Range changes is a response to rising 

temperatures where species shift geographically to colder habitats  (Bellard, Bertelsmeier, 

Leadley, Thuiller, & Courchamp, 2012). Changes of geographical distribution of some 

organisms to higher latitudes in combination with habitat fragmentation resulting from land 

use changes and other anthropogenic stressors, will lead to the emergence of non-endemic 

species which in turn will disrupt biological communities and even whole ecosystems 

(Harvell et al., 2002; Patz, Graczyk, Geller, & Vittor, 2000).  

However, not in all cases, organisms can expand easily their distribution to higher latitudes 

and altitudes. Range-restricted species such as species located in polar and mountain areas 

are even more vulnerable to warming due to their restricted migration possibilities 

(Parmesan, 2006). 

Iceland is an island located in the North Atlantic in the boundary between Arctic and sub-

Arctic. Due to its geographic location in high latitudes, surrounded by ocean with large 

distances to the next land, Iceland will limit species range shifts (Forero-medina, Joppa, & 

Pimm, 2011). 
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Arctic and sub-arctic are important areas to study the effects of climate change on the ice-

albedo feedback. The albedo effect reduces the amount of solar energy absorbed by the land 

surface thus leading to more cooling (Comiso & Hall, 2014). However, in the last years 

northern areas have already observed important decrease in snow cover and glacier mass 

retreat. In Iceland, glaciers cover over 11% of the total land area (Jónsdóttir, 2008). The 

continued retreat of glacier areas will produce an increase of glacier ice to the oceans, with 

consequences for the hydrological cycle of the planet (Radić & Hock, 2014). 

Glaciers are important reservoirs of freshwater and are an essential part of the planet’s 

hydrological cycle contributing to river flow and stream flows, lakes and wetlands. With the 

glacial retreat continuing, the glacier runoff will decrease which will directly affect to 

freshwater ecosystems in the Arctic areas (Radić & Hock, 2014). 

Freshwater ecosystems have high biodiversity, harbouring 6% of all species in Earth 

(Woodward, Perkins, & Brown, 2010). They are more vulnerable to warming than other 

ecosystems as organisms inhabiting them are often isolated with limited dispersal 

opportunities (Woodward et al., 2010).  Moreover, freshwater ecosystems are usually 

heavily exploited by humans, which will lead to an increased vulnerability of these systems 

to environmental changes (Haine et al., 2015; Woodward et al., 2010). 

Climate change will have mostly negative impact on freshwater ecosystems and will affect 

their biodiversity. Water temperature increase and decrease in dissolved oxygen levels will 

have a negative impact on the majority of aquatic species. Increase in groundwater 

temperatures in the case of lotic systems or eutrophication and increase of stratification in 

the case of lentic systems are some of the impacts of  water temperatures rise which will 

negatively impact freshwater ecosystems habitats and food webs (Ficke, Myrick, & Hansen, 

2007). Fishes are physiologically and behaviourally sensitive to environmental variations 

and the increase in temperature or changes in their habitat can lead to negative impacts on 

populations density and fitness and even be fatal for some populations (Cheng, Guo, Luo, & 

Wang, 2018). This sensitivity is caused by their physiology of ectotherms, where their body 

temperature will vary with the temperature of the environment (Sokolova & Lannig, 2008). 

Some of the direct impacts of climate change on fish include physiological changes such as 

altered metamorphosis or endocrine homeostasis, behaviour changes such as shifts in 

migratory routes or lower growth (Roessig, Woodley, Cech, & Hansen, 2004).  

Climate change will have direct effects on freshwater fishes and particularly salmonids. 

Salmonids have a Holarctic distribution and are restricted to cold-water habitats at high 

latitudes. Their geographic range and physiology make them more vulnerable to climate 

change than any other freshwater fish (Brunner, Douglas, Osinov, Wilson, & Bernatchez, 

2001). 

While some salmonids can migrate to other habitats, local populations can be geographically 

isolated and have unique life strategies and adaptations (Montgomery, Beamer, Pess, & 

Quinn, 1999). Salmonids are important in cultural, commercial and recreational sectors and 

also represent perfect models for evolutionary studies (Wedeking & Küng, 2010).  

Arctic charr in lake Thingvallavatn, Iceland is a textbook example of sympatric 

diversification and speciation (Coyne & Orr, 2004). This species has diverged into four 

different morphs (varieties) in the lake in the last 10000 years following the retreat of the ice 
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with distinct differences in their morphology, life history characteristics, habitat use and 

behaviour (Sandlund et al., 1992). 

Changes in temperature combined with decreased levels of dissolved oxygen can affect the 

metabolic rates in early embryonic stages of salmonids. For example, embryos of Chinook 

salmon (Oncorhynchus tshawytscha) reared in hypoxia and high temperatures have been 

shown to have reduced survival and growth during early ontogeny which can affect 

population densities in the long-term (Del Rio, Davis, Fangue, & Todgham, 2018). 

Changes in water flow and water temperature can also affect salmonid species. In the case 

of Atlantic salmon (Salmo salar) and brown trout (Salmo trutta), higher water temperatures 

and decreased water flow will lead to faster growth and lead to an increase in fish size in the 

early ontogenetic stages. However, age of maturity, longevity and fecundity will decrease 

which will affect the species survival and their return to the spawning grounds (Jonsson & 

Jonsson, 2009).  

 

Figure 1 Arctic charr redd structure. Dark coloured  

The structure is defined by dark coloured rocks marked with a red circle. 

 

The spawning grounds of salmonids are vulnerable areas to climate change due to the 

increase in floods, snow-melt and warming. The spawning grounds of salmonids are usually 

located in gravel areas of streams or shallow littoral zones of lakes. By clearing slit and 

vegetation the female creates a nest (or redd) where embryos and larvae will develop for the 

next one to several months depending on the species. Because of the volcanic lava the redds 

of most salmonids in general and Arctic charr in particular in Iceland are darker and easily 

distinguishable Figure 1. Stable conditions are important for the optimal growth and 

development of the embryos and larvae (Del Rio et al., 2018). To avoid the increase of 
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floods, Chinook salmon have shifted their spawning timing from early to late summer 

allowing embryos and alevins to develop during low flows in the winter (Tonina & Mckean, 

2010). In the case of grayling (Thymallus thymallus) in Switzerland, the spawning timing 

has shifted to 3-4 weeks earlier in the year (Wedeking & Küng, 2010).  

Anthropogenic stressors such as overfishing, or farming can have great effect on wild 

salmonid populations. Escapees from salmonid farms from marine aquaculture and their 

migration to rivers and streams where natural salmonid populations are spawning can have 

grave ecological impact. Competition for available spawning grounds, food and habitat, 

interbreeding with wild populations will lead to a decrease in survival and fitness of wild 

populations (Dempster et al., 2018; Sepúlveda, Arismendi, Soto, Jara, & Farias, 2013; 

Skilbrei, 2013).  

It is important to monitor salmonid populations density in general and in their spawning 

grounds in particular in order to evaluate the current situation of species at risk due to climate 

change and anthropogenic stressors, thus providing essential information for future 

management and conservation plans.  

Remote sensing can be defined as the use of satellite, aircrafts and drone imagery to obtain 

and process images from the land or ocean surface of Earth (Sabins, 1999).  

The first platforms for aerial observations were probably with air balloons in 1860s. After 

that, kites and rockets with simplified cameras were used for aerial photography. It was not 

until 1909 where manned airbornes started to be used for military purposes and in scientific 

studies (Colomina & Molina, 2014).  

The introduction of satellite images in 1972 with Landsat 1, was the most important leap for 

the field of remote sensing by providing for the first time, high-resolution and multispectral 

images from the Earth (Chuvieco, 2009). Nowadays, the conjunction of remote sensing, 

geographical information systems (GIS), global positioning systems (GPS)  and other data 

collection systems, provide a numerous amount of information used in scientific and 

monitoring research of the land surface (Chuvieco, 2009).  

Not only due to the increasing spectral and spatial resolution but also because of fast 

changing technological advances computer-assisted methods have become the standard in 

analysing remote sensing data. Classical methods of aerial photo interpretation are often only 

used for a first visual examination of remote sensing imagery, while semi-automated and 

automated methods of image analysis using software tools such as ENVI and ArcGIS 

provide enhanced capabilities for detecting patterns, objects and other characteristics in the 

data in a more sophisticated and more objective manner than the human eye (Campbell & 

Hall-Beyer, 1997; Colomina & Molina, 2014; Watts et al., 2012). 

The introduction of numeric-based, pattern recognition algorithms in classification methods 

has been developed in the last decades. Algorithm classifications such as pixel-based, 

knowledge-based, object-based, semi-automated and automated classification methods 

combined with an increase in data accessibility of satellite imagery widened the possibilities  

the use of remote sensing classification methods in scientific research (Phiri & Morgenroth, 

2017).  
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Remote sensing and geographic information systems from satellite images can provide data 

information for monitoring in research. At a small scale, open satellite images allow imagery 

to be used for mapping ecosystems. However, in small areas where a high spatial resolution 

is important to have an optimal resolution, satellite imagery can be expensive and time 

consuming. The availability of the imagery can take months and environmental barriers such 

as cloud cover or sun reflection can reduce the quality of the image for the study area 

(Kalacska et al., 2018). 

Unmanned Aircraft vehicles (UAV), also referred to as drones, were created in a military 

context in 1933. However, the use of UAV was extended since 2005 to wider civil and 

commercial uses (Colomina & Molina, 2014). 

The most popular UAVs are multirotor platforms which first appeared in the 1960s. Major 

improvements on multirotor started in the 1990s and continue today. This kind of UAV has 

the advantages of having a small size, being easy to operate, and has rechargeable batteries 

with durations of up to 25 min. Multirotor systems are mostly used in science studies for 

data collection where the study areas need low-altitude imagery, but are also available for 

civilian use. Some characteristics such as long flight duration, flight repeatability or reduced 

operational costs has increased their use in the last years (Watts et al., 2012). 

Drone characteristics including various sensors that aid data acquisition and offer a higher 

range of uses for scientific purposes. Electro-optical sensors or radars are used for military 

purposes because of their resolution’s characteristics. Diverse sensors combined with 

different spectrum levels such as RGB (Red Green Blue) or true colour, NDVI (Normalized 

Difference Vegetation Index) and LIDAR (Light Imaging Detection And Ranging) are used 

for monitoring studies such as for vegetation land-cover or wildfire affected areas. Thermal 

and hyperspectral depth sensors can be used for monitoring environmental and weather 

conditions (Lagkas, Argyriou, Bibi, & Sarigiannidis, 2018). Some of the drone’s 

characteristics can have a high cost due to very custom-built functions, such as thermal 

sensors and lidars, while others are cost effective, but can still provide a vast range of 

possibilities for scientific research. 

Uses of UAV systems in different scientific fields such as geology, geography or biology 

have recently emerged with positive results. Studies in wildlife monitoring ( Jiménez López, 

Mulero-Pázmány, Jiménez López, & Mulero-Pázmány, 2019; Linchant, Lisein, Semeki, 

Lejeune, & Vermeulen, 2015; Terauds et al., 2018) provide evidence of successfully 

complementation of UAV in wildlife fauna surveys.   

Examples from geology such as monitoring volcanoes or sediments with thermal and gas 

sensors in UAV systems (Bemis et al., 2014; Chesley, Leier, White, & Torres, 2017; Rüdiger 

et al., 2018) provide more information than true colour imagery such as carbon and sulfur 

dioxide emissions.  

The use of UAV can provide higher resolution images of small aquatic ecosystems compared 

to airborns and satellite images (Flynn & Chapra, 2014; Husson, Hagner, & Ecke, 2014; 

Kislik et al., 2018). Drones along with other remote sensing methods are providing a new 

tool to support freshwater fisheries conservation and management plans (Dauwalter, 

Fesenmyer, Bjork, Leasure, & Wenger, 2017a). Some studies combine satellite images with 

the use of UAV images. The combination of both remote sensing methods can offer an 

overview in rivers and lakes for visual surveys and fish counts (Collas, Iersel, Straatsma, & 
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Leuven, 2018; Muchiri & Kimathi, 2016; Tyler et al., 2018; Ventura, Bruno, Jona Lasinio, 

Belluscio, & Ardizzone, 2016). 

Compared to other remote sensing technologies such as satellite or airborne imagery, UAV 

systems offer a high-resolution low-cost data and provide faster information at a more local 

scale with the possibility to obtain multi-temporal analysis in short time intervals (Casella et 

al., 2016; Gonçalves & Henriques, 2015; Zongjian, 2008). 

Traditional monitoring methods help to estimate species population density. In the case of 

salmonids, the nests or redds, are easy to observe due to the disturbance of gravel by the 

females on the shallow areas of rivers and lakes. Methods, such as redds count using surveys 

on the ground, measuring of the redds and georeferencing them, help to estimate the number 

of female spawners in the area by year (Felts et al., 2018). These low-tech and simple 

methods for redd counting are labour intensive and are not suitable for large scale 

monitoring. Furthermore, the possibility of errors increases with unexperinced observers and 

obstacles in the environment (Felts et al., 2018). Thus, UAV technology offers more accurate 

and precise results than traditional field work methods (Linchant et al., 2015; Terauds et al., 

2018). 

Monitoring salmonid populations through the number and location of their redds in the 

spawning grounds using UAV systems in combination with traditional monitoring methods 

can increase the accuracy and provide the possibility for long-term monitoring of large areas 

(Ventura, Bonifazi, Gravina, & Sensing, 2018). The effect of climate change on salmonids 

populations and its impact on their spawning grounds demonstrates the need for monitoring 

them.  

The overall aim of this study is to develop and test the suitability of a low-cost remote 

sensing procedure for monitoring changes in salmonid spawning grounds within and 

between spawning seasons. If successful, such an application has the potential to aid future 

research and monitoring efforts with regards to identifying changes in redd density with 

reduced errors, less effort than currently needed when visually assessing the spawning 

grounds in the field and increased frequency of monitoring. The spawning grounds of Arctic 

charr (Salvelinus Alpinus) in two lakes in Iceland (Thingvallavatn and Ellidavatn) are used 

for developing the technique.  

More specifically the following objectives were identified:  

1. To test UAV systems for their suitability in environmental monitoring research; 

2. To investigate the capabilities of a low-cost UAV system in shallow water lakes in 

Iceland with a specific focus on spawning sites of freshwater fish; 

3. To create a database of classification results from remote sensing analyses of UAV-

derived images; 

4. To determine changes in UAV-derived image classifications; 

5. To test different software tools with regards to their suitability in utilising UAV-

derived images for such semi-automated classification methods. 
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2 Literature Review 

2.1 Salmonids characteristics 

Salmonids are fishes of the Salmonidae family. All species of this family occur naturally in 

the northen hemisphere inhabiting clear and cool to cold waters in summer seasons 

(Hutchings & Morris, 1985). Salmonids are ectotherm organisms, which means that their 

body temperature is affected by the surrounding water temperature. Due to this 

characteristic, the environmental temperature has an important influence in their distribution, 

physiology and behaviour (Narum, Campbell, Meyer, Miller, & Hardy, 2013).  

The Salmonid family contains three subfamilies and eleven genera with over 66 different 

species (Koop et al., 2008). The subfamily of Salmoninae contains seven genera 

(Brachymystax, Hucho, Oncorhynchus, Parahucho, Salmo and Savelinus and Salvethymus). 

The subfamily of Thymallinae includes only the Thymallus genus, while Coregoninae 

subfamily includes three separate genera, Coregonus, Prosopium and Stenodus (Crête-

Lafrenière, Weir, & Bernatchez, 2012). 

Only species belonging to the Salmoninae subfamily are found in Iceland. These are Atlantic 

salmon (Salmo salar), Arctic charr (Salvellinus alpinus) and brown trout ( Salmo trutta) (A. 

J. Jensen et al., 2012). 

Some members of the Salmoninae subfamily and more specificaly species of the Salmo, 

Salvelinus and Oncorhynchus genera are anadromous species, which means that the fish 

migrate from freshwater habitats such as streams or rivers to the sea and return to fresh water 

for spawning. However, other species from the same subfamily can complete their life cyle 

in streams or lakes and are called potamodromous or land-locked stocks (Stabell, 1992). 

Atlantic salmon spawn on gravel stream beds. Due to their ability to spawn repeatedly, 

Atlantic salmon can spawn between three to fourteen years of age (Klemetsen et al., 2003). 

The first stages or juvenile stages of the Atlantic salmon life occur in running waters such 

as rivers, where growth rate increase slowly. In this phase, Atlantic salmon can spend one to 

eight years. After feeding migratiton to the marine environment, the growth increase rapidly. 

Atlantic salmon can spend one to four years in marine environments before migrating back 

to their natal rivers for spawning (Chaput, 2012; Olafsson et al., 2016).  

Contrary to Atlantic salmon, brown trout can be found as landlocked populations in Iceland. 

Brown trout spawn on stone and gravel bottoms of lakes and streams during autum because 

of the lower water temperature during this time of the year. Females spawn in two redds one 

close to the other and do not protect the redd once the spawning is finished. Small individuals 

of brown trout feed close to the surface and the shoreline while larger individuals prefer 

deeper areas (Klemetsen et al., 2003). In Thingvallavatn, brown trout share the lake with  

Arctic charr but the two species differ in habitat and food preferences (Sandlund et al., 1992). 
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Arctic charr Salvelinues alpinus (L.) is the most northern of all freshwater fishes with a wide 

distribution range in the northern hemisphere. This salmonid species is the only species with 

circumpolar distribution in anadromous and freshwater forms and is found in inshore marine 

waters, rivers and lakes (Klemetsen et al., 2003). In Iceland, both anadromous Arctic charr 

and land-locked Arctic charr can be found.  

Life stages of salmonids require a different optimum temperature regime of the water with 

variances between species. The three different species have different temperature tolerance: 

Atlantic salmon has the highest tolerance, followed by brown trout and finally Arctic charr. 

Embryos have the lowest tolerance of all the life stages, specially of  0 to 8ºC for Arctic 

charr where spawn in shallow areas (Elliott & Elliott, 2010).  

2.2 Climate change effects on salmonid 

physiology and embryonic development 

There are numerous scientific articles that have monitored changes in the physiology of 

freshwater fishes as well as in their behaviour. Roessig et al.,(2004) summarse various 

articles on changes in different fish populations related to warming. The effects of warming 

on different fish populations were described per geographical region. For examples in the 

case of temperate regions, that is the most common in the case of fish population, a prediction 

of changes in size, decreased population or distribution shifts towards the sub-arctic were 

dmade. In the case of polar regions, alteration of bioenergetics, changes in transport of larvae 

or shifts in spawning times were predicted (Roessig et al., 2004). 

In salmonids, temperature and water quality are essential for successful embryonic 

development (Morita, 2019). In the case of early embryonic stages, an optimal temperature 

of the water is needed for successful development and growth. The results of a study made 

with marble trout (Salmo marmoratus) show a relation between an increase of oxygen 

consumption and the increase of temperature in four developmental stages of the salmonid. 

Eyed embryonic stages show a stress response while the same increase of temperature did 

not stress the metabolism of larvae or juveniles of 1 and 3 months. This increase of stress 

response during early embryonic stages indicates that conclude that these stages are more 

sensititve to temperature increase than later juvenile stages (Simčič, Jesenšek, & Brancelj, 

2015). 

The combination of warm tempertures and sediment load also shows a negative effect in the 

case of Arctic charr (Salvelinues alpinus L.) embryos. These effects are quite large for 

example lower survival,  decrease in body size and an increase in incubation time (Mari, 

Garaud, Evanno, & Lasne, 2016) 

Some studies also have started to monitor changes in migration timing in North America and 

Asia. A study made in North America showed a decrease in migration time resulting in loss 

of late spawning brood lines. This changes in time, can reduce the number of embryos and 

alevins in the first stages and lead to a population decrease in the long-term (Morita, 2019) 

Limitation oxygen concentrations in freshwaters is another effect of warming. Limited 

oxygen concentrations can force salmonids to resort to anaerobic activity to survive(Fenkes, 

Shiels, Fitzpatrick, & Nudds, 2016). During migration up to the river, high swiming speeds 
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can lead to increased use of energy reserves. The increased use of energy produces leads to 

poor body condition and in turn can affect the reproductive success during the spawning 

(Fenkes et al., 2016). The decreased levels of oxygen also affects the metabolic rates in early 

embryonic stages of salmonids, reducing their survival and growth (Del Rio et al., 2018).  

Additionally, the increase of temperature can affect the sperm quality of the male salmonid 

fish by decreasing sperm velocity and longetivity (Fenkes et al., 2016).   

2.3 Anthropogenic stressors on salmonids 

One of the anthropogenic stressors with more impact on natural salmonid populations is 

salmon aquaculture. Fish farming industries have some negative effects such as diseases and 

escapees from ocean cages to rivers and streams that can lead to genetic and ecological 

effects on wild populations (Barrett, Swearer, & Dempster, 2018). Furthermore, escaped 

farmed fish has a low recapture success after 24 hours of their release, and broadly 

ineffective success in marine habitats (Dempster et al., 2018).  

In Iceland, the aquaculture industry appeared with the first attempt to raise Atlantic salmon 

in sea cages in 1972. However, it was not until 1980s when the production increased 

considerably with the introduction of new infrastructures such as land-based farms and sea 

cages to smolt production for the purpose of shipping live fish overseas. At the end of 2008, 

Iceland had 43 licensed fish farms including both sea- and land- based farms (Paisley et al., 

2010). After an economic crisis during 2008/2010 salmonids production for exports was 

reduced to 300 tonnes in 2008 due to the high value of exchange currency. However, a rapid 

expansion appeared over the last few years with 11.000 tonnes of salmon production and an 

expected increase of production to 70.000 tonnes in the coming years. Nowadays, the most 

common farmed fish in Iceland are Atlantic salmon in sea-cages, Arctic charr and rainbow 

trout (Oncorhynchus mykiss) in land-cages  (Young et al., 2019).  

The implementation of this industry in Iceland and the rapid expansion of salmonids 

production during the last few years resulted in an increase of environmental impacts on wild 

salmonid populations (Gudjonsson & Scarnecchia, 2009).  

In the 1960s, the first ocean ranching project was conducted in the west side of Iceland 

(Gudjonsson & Scarnecchia, 2009). Ocean ranching method has the intent of harvesting the 

reared salmon on their return to the release site due to the fidelity of salmonids to spawn in 

the same release site (Dittman et al., 2010). Additionally, this method was expanded around 

the island and conducted by private companies releasing six million smolts annually until 

late 1990s. However, this method had low return rates and in 1997 a report based on tag 

recoveries counted over 13.000 ranched salmon strayed into western rivers such as Leirvogsá 

and Ellidáar rivers. In Ellidáar river, which finishes in Ellidavatn lake almost 20% of the 

total wild adult population size were strayed salmon from sea ranching method (Gudjonsson 

& Scarnecchia, 2009). In 2013, a study found wild-farmed hybrids in Ellidáar rivers during 

the following years of the strayed salmon period, with a change on the genetic composition 

of the wild populations (Gudmundsson et al., 2013). 

Escapes from sea-cages using smolts from Norway with different genetic structure than wild 

Icelandic salmon was another of the problems found in Iceland during the 1990s 

(Gudmundsson et al., 2013). Escaped farmed Atlantic salmon differ from wild Atlantic 
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salmon in external morphology, size, biochemical markers and genetic structure. The 

survival and distribution of escaped farmed salmon from the ocean to rivers and streams 

depends on the life stage and season at release. If the salmon a smolts during late summer or 

autumn, has an increase in distribution. However, if the release was made in pre-adults stage, 

the distribution is lower, affecting the survival  (Thorstad et al., 2008).  If the release was 

made during the first life stages of the farmed salmon, wild salmon survival can be reduced 

due to competition and interbreeding (Sundt-Hansen, Huisman, Skoglund, & Hindar, 2015).  

The interbreeding happens when successful spawning occurs between escaped farmed and 

wild salmons, where commonly an escaped farmed female breeds with a wild male (Thorstad 

et al., 2008). Additionally, escaped female salmon has a later spawning period than wild 

salmon and can interfere in the wild salmon breeding by digging up embryos produced by 

wild salmon parents. This behaviour appears due to the small size of the wild female and the 

location of the redds in shallower areas (O. Jensen, Dempster, Thorstad, Uglem, & Fredheim, 

2010). 

With the expansion of escaped farmed salmon, diseases related to aquaculture also expand 

into the wild. Various diseases such as salmon lice (Lepeophtheirus salmonis) parasite, 

Parvicapsula pseudobranchicola pathogen, Renibacterium salmoninarum (Rs-Ag) antigens 

or piscine orthoreovirus (PRV) virus appear in escaped farmed salmonids, with the 

possibility to infect wild salmonids increasing their mortality (Kibenge et al., 2019; 

Kristmundsson, Árnason, Gudmundsdóttir, & Antonsson, 2016; Myksvoll et al., 2018). 

For example, the parasitic salmon lice (Lepeophtheirus salmonis) released from salmonid 

farms, can trigger various physiological effects and can lead to increased mortality of wild 

salmonid fish. Water currents can transport the parasite several kilometres from the fish farm 

and in higher numbers during summertime when the temperatures are higher (Myksvoll et 

al., 2018). Another disease can appear in eggs of infected fish such as the piscine orthorevirus 

(PRV) virus and can spread globaly due to fish eggs export industry. Heart and skeletal 

inflammations are some of the symptoms that PRV can produce in farmed Atlantic salmon 

and transfer to wild salmon populations. In this case study by (Kibenge et al., 2019), the 

virus was reported from an aquaculture farm in Iceland and found at 100% prevalence of the 

virus in all escaped Atlantic salmon caught in the USA during the study. 

Overfishing is another stressor that can affect the life history characteristics of fish 

populations such for example the abundance and the biomass of smaller and younger fish 

(Yamamoto, Yoshiyama, Kajiwara, Nakatani, & Matsuishi, 2018; Yoneda & Wright, 2004). 

The decrease in size affects the reproductive potential and can lead to a decrease in growth 

rate, which in turn will make fish populations more vulnerable to environmental fluctuations 

(Enberg, Jørgensen, Dunlop, Heino, & Dieckmann, 2009). The change in the life history 

traits of some fish population can lead to a four time increase in mortality (Grift, Rijnsdorp, 

Barot, Heino, & Dieckmann, 2003). 

2.4 Monitoring salmonids 

One method to monitor salmonids population is by mark and recapture. However, this 

method has some issues due to error estimations between redd counts and population 

estimates of different size- classes of the salmonids (Al-Chokhachy, Budy, & Schaller, 

2005). The redd can be visually observed by the dark area in the shallow parts of lakes and 
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rivers. A redd is the number of nests spawned by one female where the eggs are incubated 

and hidden between the gravel and stones for one to several months (Klemetsen et al., 2003). 

Another method for monitoring spawning stocks is by wading. Although, redds situated in 

deep water or small redds with less than one-meter size are not possible to be counted. Also, 

this method is more suitable for small streams or short sections of rivers (Syrjänen, Sivonen, 

& Sivonen, 2015).  

A better sampling design can minimize the error rates, but some disadvantages appear with 

this method. Redd counting errors can vary depending on the experience and the training of 

the individual observer. Furthermore, misidentification due to habitat variation and redd 

characteristics can affect the final count. The definition of redd size or water depth and 

visibility from the shallow areas are obstacles that have to be keept in mind in a monitoring 

program (Gallagher, Hahn, & Johnson, 2007). 

In Iceland, fish tagging mehods have been used for monitoring various aspects of fish 

populations such as geographical distribution, growth or mortality. Before 1994 the 

traditional tags with letters and numbers were used for identifying individuals. However, 

since 1995 electronic tags provide more environmental data such as temperature or depth 

(Marine fresh water institute, n.d.).  

2.5 Remote sensing 

Electromagnetic radiation is the main physical principle involved in remote sensing. It 

describes the interaction between matter and electromagnetic energy. Electromagnetic 

energy can be modelled by waves that travel transversally at the speed of light. The total 

range of wavelengths is called the electromagnetic spectrum (Figure 2). The visible 

wavelengths are the spectrum of visible light detected by the human eye. and contains the 

three color segments that reflect on an object that are red, green and blue. The three color 

are found on the range between 0.38- 0.76µm and intermediate colors are formed when an 

object reflects two or more of the three main colors. The infrared spectrum has longer 

wavelengths than the visible spectrum and it extedends from 0.72 to 15µm. This broad range 

encompasses radiation with different properties, from near infrared and mid-infrared that are 

close to the visible spectrum.  With the help of remote sensing techniques these properties 

can be utilised with filters that detect the respective spectrum into the far infrared ranges that 

consist of heat or thermal energy from the Earth’s surface (Campbell, 2002).  
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Figure 2 The electromagnetic spectrum 

(National Aeronautics and Space Administration, 2010). 

 

The remote sensor is the device that detects the electromagnetic spectrum, quantifies it and 

records it in analogue or digital form. The spectral resolution characterises the ability and 

the degree at which a sensor obtains wavelengths intervals. Hyperspectral sensors can 

generate images composed of broad spectral regions with often very narrow bands while 

multispectral sensors can obtain electromagnetic energy from different spectral regions with 

wider band ranges (Campbell, 2002).  

The basic entity of digital images are pixels. Each pixel has a digital number (DN) that 

corresponds to the average radiance or brightness measured electrically from the ground area 

with respect to the specific sensor. The array of DN, stored in row and columns represents 

an image. Each band or channel is composed for an image and depending on the sensor, data 

are recorded in a specific number of bands (Figure 3). 

 

Figure 3 Digital image composed of pixels. 

The array of DN for each band stored in row-column arrangement represents an image file. 
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The combination of three bands using the RGB (Red, Green and Blue) system produces a 

colour image known from conventional photographs. The use of the RGB images are 

referred to as a “true colour image” which corresponds to the pixel entities of a computer 

screen. In contrast, other sensors such as multi- or hyperspectral, or also thermal ones – both 

airborne and satellite based – can be visualised on screen using the RGB channels to display 

other entities of the spectrum, such as thermal or infrared (Fonseca et al., 2011). 

One other important feature to consider is the spatial resolution of the spectral images that 

determines the capabilities of the sensor to record a certain areal extent where each pixel 

covers and represents a specific area (Figure 4). The spatial resolution of the sensor is 

determined by the height of the sensor from the Earth surface (Sh) and the detector’s 

instantaneous field of view (IFOV). The IFOV size is determined by the instrument’s optical 

system and the size of the detector element (Harris, 2013). With this instrument, the ground 

diameter from the pixels used can be obtained.  

 

Figure 4 Pixel diameter for a detector with instantaneous field of view (IFOV).  

Taken from (Harris, 2013). 

 

Remote sensors such a satellite platform make the extraction of the spectral wavelengths in 

digital form at a large spatial extent possible. This spatial resolution provides multi-temporal 

data series of the Earth’s surface. The use of satellite data can be cost intensive, especially 

for higher quality data, while other data is freely accessible. However, there are 

disadvantages of these methods such as low spatial resolution limitating the accuracy in 

small study areas. Another disadvantage can be the orbit period which limits the availability 

of images in a specific time period (Xue & Su, 2017).  

Airbornes and more recently UAV platform solve the disadvantages of satellite images. One 

milestone was the lanch of the the airborne with visible infrared sensors (AVIRIS) in 1983 

(Vane et al., 1993). AVIRIS was operated by NASA to acquired images from North America 

and Europe. The capabilities of airbone sensors extended the scope of remote sensing and 

the range of spectral bands. With the possibibility to obtain images with a higher spatial 

resolution that are operated at lower altitudes compared to satellite images, airborne sensors 
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represent an optimal solution for data acquisition in large areas and for specific time periods 

(Campbell, 2002). 

Improvements in the computer software and hardware also contributed to the development 

of detecting patterns, objects and other characteristics of the images in more efficiently and 

in a more complex manner than through the mere interpretation by the human eye (Campbell, 

2002).The introduction of algorithms with a numeric-based pattern recognition changed the 

land cover classification method as it was known. Pixel-based classification approaches were 

the first methods of automated land cover classififaction. Pixel-based classification is the 

process of identifying and assigning classes to each individual pixel by analysing and 

categorising their spectral reflectance. Other methods such as object-oriented classifications 

were developed in the late 1990s. Object-oriented classification methods are performed by 

defining a group of image pixels into homogeneous image objects and classifying these 

through texture, shape or scale. Following, these objects are then assigned specific classes 

using training objects and segmentation algorithms (Phiri & Morgenroth, 2017). 

In the past few years, some studies started using UAV imagery for monitoring wildlife and 

land-use changes by using object-oriented image (OBIA) classification methods with 

optimal results in small scale applications (Chabot, Craik, & Bird, 2015; Laliberte & Rango, 

2009; Ventura et al., 2018, 2016; Whitehead & Hugenholtz, 2014). However, several studies 

showed that in large scales and with heterogeneous objects, object-based classification is 

less accurate due to an increase of segmentation errors when image objects cover more than 

one class (Blaschke, 2010; Hussain, Chen, Cheng, Wei, & Stanley, 2013; Liu & Xia, 2010; 

Walter, 2004).  

Many studies use satellite images to study freshwater ecosystems such as algae blooms, river 

flows, freshwater fisheries or aquatic vegetation, often with successful results (Ahmed et al., 

2009; Dauwalter, Fesenmyer, Bjork, Leasure, & Wenger, 2017b; Duan, Cao, Shen, Liu, & 

Xiao, 2019; Khaki & Awange, 2019; Kuhn et al., 2019).  

Airbornes sensors have been used extensively to analyse freshwater ecosystems. Some 

sensors such as LIDAR has many applications in lakes and rivers ecology and fisheries, 

where extened areas need to be monitored (Fichot et al., 2016; Rey, Walvoord, Minsley, 

Rover, & Singha, 2019; Roddewig et al., 2018; Roddewig, Pust, Churnside, & Shaw, 2017; 

Villa et al., 2017). This sensor produces good results for environmental monitoring purposes, 

but does so at at an expensive cost due to the requirement of pilots and aircrafts, and a more 

specialised sensor. Limitations such as the use at relatively low-altitudes reduce the possible 

applicabilities for example covering larger extent areas (Xue & Su, 2017).  

Remote sensing satellite images have been used to identify spawning areas. The use of 

thermal images for the location of spawning grounds of fishes was also applied successfully 

by using satellite images of sea surface temperatures and obtain patterns of water masses 

where the fishes spawn. However, data for such surveys remains quite expensive, satellite 

data is often not available instantly and the monitoring studies are based on identification of 

spawn areas in rivers with limited information about population density. Spatial resolution 

of satellite can also be a limiting factor (Green-Ruiz & Hinojosa-Corona, 1997; Torgersen, 

Price, Li, & McIntosh, 1999; Wirth et al., 2012).  

The analysis of spatial components of spawning areas using satellite images supported by 

complementing GIS methods are also implemented such in the case study of Tanner & Lynn 
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(2008) who observed the locations of spawning habitats of salmonidae in Alaska’s rivers. 

However, they encountered limitations due to the spatial resolution which eventually led to 

the conclusion that this data is more suitable to observe oceanographic structures but not 

redds counts or an applicability for change detection (Tanner & Lynn, 2008).  

All these studies were conducted using satellite images and airbornes to study freshwater 

systems such as aquatic vegetation, river flows, algae blooms or coastal changes. These 

methods are generally used at small scales where spatial and temporal resolution can not 

compete with UAV systems. However, high operating costs and time-consuming surveys 

reduce the possibilities for regular data acquisition (Manfreda et al., 2018).  

 

2.6 UAV 

The increased demand for civil and commercial UAV in recent years resulted in the 

availability of a wide range of UAVs at varying price levels. The range of UAV costs are 

generallt reated to their specific performance attributes. Such characteristics or attributes are 

important in order to obtain optimal results for scientific analysis such as stable positioning, 

flight time and camera resolution (Greenwood, Lynch, & Zekkos, 2019).  

UAV systems can be divided into three types: (1) fixed-wing, (2) rotorcraft and (3) vertical 

takeoff and landing (VTOL) vehicles (Figure 5). While fixed-wing UAV are similar to 

traditional aircrafts, rotorcraft UAV use one or multiple rotating propellers attached to arms 

to fly. Quadrotor platforms are the most popular of all rotorcraft UAV vehicles with some 

advantages compared to other rotocraft vehicles, such as stability and flexible mobility with 

the possibility to hold their position. This type of UAV vehicles is generally uses for small 

scale areas with difficult accessibility where precision is fundamental. The combination of 

fixed-wing and rotorcraft designs is defined as VTOL UAV and has the advantage of being 

able to take off the ground vertically and fly horizontally with the fixed wings. However, 

currently there are few models available commercially and the technology is still under 

development (Greenwood et al., 2019). 
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Figure 5 Types of UAV systems. 

(Greenwood et al., 2019) 

 

One of the central characteristics of UAV systems is the incorporation of cameras for civil 

and commercial uses. The camera provides possibilities for imaging applications in 

environmental monitoring, such as digital mapping of areas or the identification of specific 

spatial features. The most common camera unit in UAV are low-cost RBG sensor cameras 

that provide a high image resolution and can also include additional features such as 3D 

images or possibilities for vegetation monitoring (Kislik et al., 2018). 

However, with the fast evolution of UAVs other types of sensors start to be more available 

and affordable. Near-infrared (NIR), hyperspectral imaging and thermal imaging are 

becoming more common and applicable in data collection and in UAV-based remote sensing 

applications. Thermal imaging sensors provide the acquisition of surface temperatures of 

objects on Earth. This sensor requires radiometric calibration and other characteristics which 

are needed to reduce sensor errors. These types of sensors are more complex to operate and 

increase the costs of the UAVs (Manfreda et al., 2018). LIDAR sensing techniques are 

generally used for environmental mapping such as forestry especially for classifying and 

quantifying structural parameters. However, this sensor is demanding in terms of data 

processing and costs (Greenwood et al., 2019). Despite the wide range of different sensors 

that can be applicable in scientific studies, the traditional RGB sensor provides sufficient 

resolution and spectral variation to have the potential to identify and classify the redds of 

salmonids in a low-cost approach. 

Most of the studies on UAV applications in freshwater systems are currently used to capture 

aerial photos and interpretat these through visual examination. Examples include the 

determination of geographical locations of aquatic vegetation in lakes and rivers (Husson et 

al., 2014), river flow systems (Zhao et al., 2017) or tracking aquatic vertebrates (Raoult et 

al., 2018). A widely used application is research on algal blooms (Kislik et al., 2018). 
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Few studies use automated or semi-automated classification techniques in combination with 

UAV images. One study with pixel-based analysis and spectral classification of freshwater 

systems was conducted by Flynn and Chapra (2014). In the study, a US$1500 UAV with 

RGB images was used to classify the aquatic vegetation in a shallow river with adaptive 

cosine estimator (ACE) and spectral angle mapper (SAM) techniques. The results showed 

accuracies of 90% and 92% respectively, indicating the promising possibilities of UAV 

images to conduct multi-temporal measurements of algae or aquatic vegetation for 

monitoring purposes (Flynn & Chapra, 2014). Since the time of their study in 2014, prices 

of UAV have decreased considerably. In 2019 a drone similar to this used by Flynn and 

Chapra could be purchased for a significantly lower price and even with higher image 

resolution and a stable camera system. 

Another study relevant to this thesis was conducted by Ventura et al (2016). The aim of their 

work study was to identify and map the coastal fish seabed nursey grounds using a low-cost 

drone in shallow areas. In the study, different semi-automatic classification methods using 

the RGB images from the drone were tested and implemented. A maximum likelihood 

classificatiojn using ArcGis resulted in a high accuracy of the classification results. One 

finding was that the maximum likelihood method based on a pixel-based detection is an 

appropriate way to analyse the seabed cover for detecting nursey grounds (Ventura et al., 

2016). However, the characteristics of the spawning grounds of salmonids are different than 

the features obtained in this study due to their heterogeneous shape and similarities with 

other classes such as the rocks located around the nest. No comparable works were found 

for monitoring spawning redds of salmonids using UAV images. 

The comparison of the costs of the satellite-, aircraft- and UAV-platforms made by Matese 

et al. (2015) showed that UAV are the most cost-effective solution to use at small scale areas 

with less than 20ha extent (Matese et al., 2015). This advantage of UAV platforms combined 

with other characteristics such as low-altitute flights, stability on the flights and high 

resolution presents an ideal option to use for monitoring salmonid spawning redds with 

spectral classification methods. 

2.7 Overview case study area 

The case study areas of this research are located in the sub-Arctic region in the south of 

Iceland. Iceland is located in the North Atlantic area surrounded by the warm Irminger ocean 

currents and East Greenland and East Iceland cold ocean currents (Hanna & Box, 2004; 

Jóhannesson, Aðalgeirsdóttir, Björnsson, & Crochet, 2007). 

Air temperatures in Iceland are relatively mild, with low seasonal variations and high winds 

during winter time. The precipitation is variable and depends on the cyclonic activity. 

Precipitation patterns reflect the seasonal cycle of the sea level pressure (Jóhannesson et al., 

2007). Wind speeds are described as maritime winds with ranges between 5m/s to 25m/s 

(Ólafsson, Furger, & Brummer, 2007). These events occurred due to the influence of the sea 

surface temperature of the ocean around the island (Jóhannesson et al., 2007). 

Some variations in temperature, precipitations, and melting of glaciers are already recorded 

with possible short-term negative impacts in the Icelandic flora, fauna and their ecosystems. 

In the last 20 years, Langjökull has been melting in a high rate compared with previous years 

due to the increase of around 1.4ºC of summer temperature in relation to the 1980s (Pálsson 
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et al., 2012). Due to the inevitable melting of the glaciers, runoff and flood are predicted to 

increase by 25% in the next century (Jóhannesson et al., 2007). 

Icelandic lakes are already being altered considerably due to the effects of climate change. 

Additionally, anthropogenic stress factors such as pollution or land-use change can increase 

climatic effects. Hydropower development, introduction of invasive species or the increase 

of consumption and population were some of the stressors that affect negatively to Myvatn 

lake in the north of Iceland (Gardarsson & Einarsson, 2001).  

2.7.1 Thingvallavatn 

The sub-arctic lake Thingvallavatn is located in the southwest coast of Iceland with 83 km2 

of surface area, and a maximum depth of 114m is the largest and deepest lake in Iceland. 

The lake is a result of the recession of the Langjökull glacier ice cap after it has moved in 

the southwesterly direction of the island (Adalsteinsson, Jónasson, & Rist, 1992). 

Geological activities such a glacial erosion, tectonic frictions, and volcanic flows have 

modified the lake into its present shape and created four lava flows that are connected with 

the lake (Jónasson & Jonasson, 1992). The sediments of the deepest parts of the lake are 

from glacial sediments with redistribution due to earthquakes and natural erosion. In shallow 

waters, the bottom of the lake is covered by rocks substrate with lava substrate in the northern 

and the western shores. This substrate creates porous lava stones with crevices and spaces 

that are a perfect habitat for benthivorous fishes(Sandlund et al., 1992) 

The lake is likely to be 90% made from groundwater springs, mainly from the northern shore 

with a large share originating from the of Langjökull ice cap.  

Cold springs are located in the northern and eastern shores of the lake due to groundwater 

inflows infiltrated through the porosity of basalt rocks. The temperature of the groundwater 

is between  2.8-3.5ºC (Adalsteinsson et al., 1992). Due to the inland location, the mean air 

temperature of the lake is low compared with lakes in other low areas in Iceland, with a mean 

of 12.5ºC until 1980. Due to its topographic situation, precipitation is low compared to the 

surrounding areas, and winds from the north with occur with higher frequency and lower 

wind force (Einarsson, 1992). 

One of the indicators of climate change in Thingvallavatn is the reduction of the lake’s ice 

cover. The year 2003 was the first time since the 1920s that the lake was not covered with 

ice due to the warm climate. This phenomenon can affect the temperature in the lake during 

the darkest time and result in changes in the aquatic flora and fauna (Sveinbjörnsson, 2009). 

Additionally, a number of anthropogenic stressors affected the lake over the last decades. 

Since 1990 Reykjavík Energy uses the Hengill geothermal resource to produce hot water 

and later for the generation of electricity in Nesjavellir Power Plant. The warm wastewater 

from the powe plant is pumping into shallow drill holes using the porousity of the basaltic 

rock to reduce the temperature of the wastewater until the lake. Further effects are chemicals 

such as arsenic and aluminum that were found in the lake. The construction of the Nesjavellir 

power plant led to an increase of 8ºC at shoreline springs due to the massive amounts of 

warm waste fluid injections into the groundwater (Wetang’ula & Snorrason, 2003). The 

release of toxic chemicals and the heat in industrial effluents can affect the aquatic plants 
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and animals where adaptation to fast high-temperature tolerance is impossible(Palma et al., 

2010).  

An increasing number of summer houses with more than 600 cabins and increasing tourism 

in the area also produce stressors to the environment. In the last years, there is a considerable 

increase of tourism in Iceland with predictions of continuing increases expected in the 

forthcoming years. More than 2 million guests where expected in 2017 with 70% of all 

visiting tourists going to Thingvellir National Park with no adequate infrastructure for this 

number of visitors(Gil-Alana & Huijbens, 2018). 

Guðmundsson (2014) analysed water from the lake shoreline. In this study fecal bacteria 

from the lake such as E.coli and Enterococci sp were found, raising questions of the sewage 

waste plan for the area and how increased tourism leads to further pollution of the lake. 

Scuba diving also affects the environment with litter waste and erosion on the shoreline. 

Almost 16.000 tourists dived in the Silfra area in 2013-2014 (Guðmundsson, 2014). 

Thingvellir National Park has an important cultural, historical and ecological value. It is one 

of the most diverse ecosystems in Iceland with a large diversity in invertebrates, vegetation 

and fish species (Jónasson & Jonasson, 1992). Thingvallavatn provides habitats to three 

different fish species such as: the Brown trout (Salmo trutta), threespine stickleback 

(Gasterosteus aculeatus) and Arctic charr (Salvelinus alpinus).  

Thingvallavatn is the only ecosystem in the world with four different morphs of Arctic charr 

that are well-studied in their morphology, behaviour, life history characteristics and habitat 

use (Jónasson & Jonasson, 1992). A benthic morphotype including large benthivorous (LB) 

and small benthivorous (SB-) charr and a pelagic morphotype including planktivorous (PL) 

and piscivorous (PI-) charr with different habitat uses, diet or time and place of spawning 

(Sandlund et al., 1992, 1987). In this research, the large benthivorous (LB-) charr spawning 

grounds were used for a case study of monitoring of salmonids population.  

Polymorphic systems such as the Arctic charr in Thingvallavatn are important for studying 

phenotypic divergence and speciation and are valuable systems for studying current and 

future effects of climate change (Franklin, Skúlason, Morrissey, & Ferguson, 2018). The 

spawning grounds of these salmonids systems also provide important information as 

indicators for environmental changes in the first stages of a new species population (Muñoz-

Mas et al., 2018).  

Skúlason et al., (1989) observed the relation between the timing of first feeding, survival and 

growth rate. The seasonal timing of the spawning nests is important for the further summer 

survival of the early optogenetic stages. The four charr morphs spawn in shallow waters but 

vary in timing. LB-charr spawn in early July when the temperature in the shallow area is 

around 10ºC, whereas the other three morphs spawn in September-October (Sandlund et al., 

1988).  

The most studied spawning area is located in Ólafsdráttur which is located in the northeast 

of the lake, where also the lake’s main cold-water springs are located. Ólafsdráttur was used 

as a case study area due to the extended information of the LB charr spawning areas and 

their spawning time during summer.  
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2.7.2 Ellidavatn 

Lake Ellidavatn is situated in the vicinity of the urban area of the city of Reykjavík, the 

capital city of Iceland. In the last years, an expansion of the city led to new residential areas 

being built closer to the lake’s nature reserve, Heiðmörk. Therefore, there is an increasing 

human impact affecting the nearby lakes and rivers. Sewage waste water from the residential 

area around the lake are released directly into the ocean, but street and drain water flows into 

the rivers and often end up in the lake (Guðmundsdóttir, 2012)  

Examples where Arctic charr can be affected by temperature changes are found in the first 

stages of the life fish. Egg quality is affected by the increase of the temperature when Arctic 

charr female stay above 5ºC over several weeks. While the Brown trout can have a 

considerable higher thermal optimum for growth of adult fish, Arctic charr is more sensitive 

to temperature changes (Malquist et al., 2009). The study found diet changes in stomach 

content during nocturnal feeding of the charr in spring and autumn, probably by avoiding 

depredators and the increase of temperature during the day (Björnsson, 2001). 

Anthropogenic stressors such as water pollution, increase of diseases or overfishing already 

affect the ecosystems of Ellidavatn. Some studies observed these stressors in the behaviour 

and physiology of salmonids in the lake. Faecal pollution is one of the anthropogenic factors 

that can affect Ellidavatn ecosystem. The increase of huma sewage bacteria probably due to 

broken or wrong sewag connections from summer houses around the lake to the ocean can 

produce a toxic and low quality water (Guðmundsdóttir, 2012) .  

The report for the first time in Iceland of kidney disease in salmonids caused by myxozoan 

parasite Tetracapsuloides bryosalmonae in Ellidavatn is another effect of increased 

temperatures in the lake. Arctic charr in Ellidavatn develop the disease in lower temperatures 

than other salmonid species, showing a high sensitivity of this fish salmonid to 

environmental changes such as an increasing temperature (Kristmundsson, Antonsson, & 

Árnason, 2010). Overfishing is another anthropogenic stress factor that leads to a decline in 

the population and has to be reduced as a conservation plan for the specie (Malmquist, 

Antonsson, Ingvason, Ingimarsson, & Árnason, 2009). 
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3 Material and methods 

Monitoring changes that occur in Arctic charr populations over the course of time is essential 

to understand the population dynamics and to subsequently create strategies for species 

conservation. One method to monitor salmonids is by observing their activities at their 

spawning grounds during the spawning season, and more specifically at the development of 

their redds. A redd is the number of nests spawned by one female where the eggs are 

incubated and hidden between the gravel and stones for one to several months (Klemetsen 

et al., 2003). Due to the movement of the gravel, a redd area can be identified by the dark-

coloured irregular gravel structure close to the edge of the lake (Figure 6). 

The study is based upon the assumption that Arctic charr spawning redd structures in shallow 

water areas can be distinguished by their visible reflection. Therefore, a range of methods 

that translate a true colour aerial image through a reflectance analysis is tested with the aim 

of creating a suitable method for the classification of Arctic charr redds. 

The two study areas for data acquisition in this research were Ólafsdráttur located on the 

northern part of lake Thingvallavatn and Helluvatn which is connected to lake Ellidavatn 

(Figure 6). Both study areas represent spawning redds with entirely different environments 

and characteristics of their topography, such as shoreline bathymetry and water vegetation 

(Figure 7). While in the first study area there is a variance on the deep-water level, in 

Ellidavatn the deep-water level presents a more homogeneous ground level. Water 

vegetation is another characteristic that represents the difference between study areas. In the 

aerial images taken at Ellidavatn, water vegetation emerges at the same ground level than 

the spawning redds, making their distinction more challenging. 
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Figure 6 Location of the study areas. 

The main study area in the northern part of lake Thingvallavatn marked with a red circle (right) and the study 

area in Helluvatn lake connected with lake Ellidavatn mark with a red circle (left). 
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Figure 7 UAV-derived overview of the study areas. 

Thingvallavatn is shown above, Ellidavan below. Variations in environment and topography conditions are 

visible from the aerial images taken with the drone. 

 

Data collection for the selected areas with Arctic charr redds in Thingvallavatn and 

Ellidavatn was undertaken using an unmanned aerial vehicle (UAV). The subsequent 

analysis of the data included a first visual examination followed by pixel-based image 

classification analysis. 

Object-oriented classification approaches were discarded due to the specific character of 

redds with their heterogeneous and small sizes without more regular shapes that could be 

suitable for training objects. Similarities on the texture of redds (clean gravel) and gravel 

around redds is another obstacle to further analysis with an object-based approach. 

Consequently, and due to a lack of existing studies related to monitoring salmonids redds 

using aerial images and the heterogeneity and small size of the redds, the object-oriented 

approach was not suitable in the study areas of this research. 

Additionally, it has to be taken into consideration that one aim of this study is the 

development of a basic protocol that can be easily applied for use in biological fieldwork as 

a long-term monitoring tool without the need for a remote sensing expert. Therefore, a pixel-

based examination was the ideal approach for this analysis.  

Such a pixel-based method of digital image classification uses the allocation of pixels to 

specific classes to be able to identify the location, size and time period of Arctic charr redds 

located in these aerial images. The challenges of this methodology lie in the heterogeneous 

structure of the redds and similar reflectance with water vegetation and deep water that can 



24 

interfere in the classification of the features. Each class symbolises a group of pixels with a 

reasonably homogeneous reflectance.  

3.1 Data acquistion 

To be able to monitor both study areas, a large-scale classification mapping of the spawning 

redds was carried out. A low-cost DJI Mavic Pro drone (Figure 8) equipped with a true 

colour camera and a remote controller to command the drone (Table 1) were used to obtain 

the remote sensing imagery. The controller was operated with the DJI GO 4 application 

developed by the drone’s manufacturer on a smartphone Galaxy 7 with Android 6.0. The 

drone includes a geographic positioning system (GPS) sensor, an automated flight model 

that helps to locate objects along the flight track. 

 

Figure 8 UAV used in the study with the remote controller used by smartphone. 

(Photo by: B. Hennig, 2018). 

 

Table 1  Basic technical specifications of the true colour camera and battery carried by DJI Mavic PRO drone. 

 

DJI MAVIC PRO drone, camera and battery characteristics 

Sensor 

 

Sensor size 

Lens model  

 

Focal length 

Pixel pitch 

Image size 

Battery capacity 

Battery type 

Voltage 

Overall flight time 

1/2.3” (CMOS) 

effective pixels:12.35 M (Total pixels:12.71M) 

6.3mm x 4.7mm 

FOV 78.8° 26 mm (35 mm format equivalent) f/2.2 

Distortion < 1.5% Focus from 0.5m to ∞ 

3.6mm  

1.57µm 

4000 x 3000 

3830mAH 

LiPo 3S 

11.4 V 

21minutez 
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The flights were manually controlled by an experienced drone pilot, with the cooperation of 

an expert biologist on the field to ensure coverage of the target area. The flight direction was 

taken following the shallow shoreline (0-10m) where the spawning redds were more 

concentrated due to the cold-water inflow provided by the porous lava stones (Sandlund et 

al., 1992). 

The flight path was iteratively taken over the same areal extent at 10m, 50m, and 100m with 

the intention of capturing different resolution images for comparison. One photomosaic 

composite image was taken over the target area on a 100m scale with 75% overlap between 

consecutive images to provide an overview of the entire study area.  

Aerial surveys were completed on July 27th, 2018, between 17:00 and 19:00 hrs in 

Ólafsdráttur (Thingvallavatn) and October 31st, 2018 between 12:00 and 12:30 in Helluvatn 

(Ellidavatn). The survey timing was chosen with consideration of the charr spawning season 

and with regards to as optimal weather conditions as possible for utilising a UAV during the 

spawning season. 

Fair weather with a few clouds and 18:26 hours of sunlight were recorded in Thingvallavatn 

on that day. To avoid the sun’s reflection on the water surface, the aerial surveys were taken 

before sunrise/sunset time. Winds with a force 2m/s and SSE direction were recorded during 

the fieldwork (Nrk, n.d.) giving the optimal condition to avoid ripples in the water surface 

caused by wind.  

In case of Ellidavatn, weather conditions were not recorded on that day. Information from 

wind and temperature could be obtained from historical information from the closest weather 

station. 1ºC temperature with winds at 3m/s from an E direction were recorded at 12:00 am 

(Reykjavík, Iceland History. n.d.). Some wind ripples in the water surface can be observed 

in the recorded imagery. Also, low contrast of the imagery due to the time of the data 

collection and similarities between environmental features was not possible to avoid. 

The UAV mission on Thingvallavatn needed a certificate of authorization from the 

Thingvellir Committee due to environmental policy protection of the national park. 

Originally up to six aerial surveys were planned during the spawning season to obtain all 

stages of the development process of the charr spawning redds at the beginning of June to 

the end of the spawning period at the end of October. However, only 2 flights, recording the 

peak and the end of spawning season, could be undertaken due to the adverse weather in the 

summer of 2018. 

During the aerial surveys, three full batteries were used providing autonomy for one full 

hour, narrowing the aerial time but obtaining sufficient coverage of the study area for testing 

and comparing the classification algorithms. 

3.2 Data processing 

ENVI 5.1 software was used for processing and classification analysis. The selection of 

ENVI as a main data processing software for this study was due to the capabilities of the 

program as one of the leading software products in this field that allowed analyses that best 

suited the characteristics of the study areas outlined above. ENVI was designed for digital 
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image analysis in nature with remote sensing application. The programme is, nowadays, one 

of the most used tools for remote sensing applications because it provides a wide range of 

well-established pixel-based image classification algorithms with the possibility to export 

the results for further comparison of the classification into other geographic information 

systems.  

For data processing, only images with the least sunlight reflection and wind ripples were 

selected in order to focus on establishing the most suitable procedure without having to 

address other difficulties in the images caused by external factors. Therefore, images with 

the least contrast of the redds were discarded from the further analysis. Afterwards, a 

collection of training data was created using a manual visual examination of the sample 

images as ground truth classes. These ground truth classes are then used in the supervised 

classification algorithms.  

A flowchart that outlines the workflow of the study is shown in Figure 9. 

 

Figure 9 Workflow of the study 

 

3.2.1 Training data collection 

The following calculations have been done on manually selected areas of the images using 

a visual image analysis based on the fieldwork observations during the aerial campaigns. 

Defining ground truth data for the further classification approach is the first step in the image 

analysis procedure. Training data or so-called Regions of Interest (ROIs) in ENVI were used 

to select a sufficient number of samples in each spectral endmember that related to a thematic 

class. The number of pixels, the size of the samples, the number of training areas and 

uniformity of the areas were taken into consideration during this process as it described in 

(Campbell & Hall-Beyer, 1997). Here it is argued that a good selection of the training data 

is important to obtain good classification accuracies. 
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To establish reliable ground truth information for each endmember, specialists in Arctic 

charr and field observations from the study area helped to identify the spawning grounds on 

the aerial images of both study areas. Six different endmembers were identified in the 50m 

and 100m images (Figure 10). The spectral signatures of the endmembers were used to create 

final feature classes.  

 

Figure 10 Chart of 6 endmembers obtained with the ROI tool. 

Each color represents one endmember in relation with data value by pixels. 

 

Image processing started with spectral and spatial examination of data from the regions of 

interest already mapped. This step will aid a better understanding of the data characteristics 

of the different categories of ROI classes and obtain the best identification of the pixels that 

accurately represent spectral variation between them. 

One way to observe the spectral information is by assessing the reflectance of the ROI 

classes to visualise their spectral separability of the manually selected endmembers (Figure 

11). As can be seen at two examples of the ROI’s spectral separability, the classes have a 

short dispersion between them and in the case of the 100m ROIs, an overlap of data between 

endmembers can be observed. This case can occur when the different endmembers are very 

similar in reflectance, making the differentiation of classes during the further analysis more 

challenging. 

 

Figure 11 Spectral searability of ROIs at 50m and 100m. 

On the right, the spectral separability at 50m with short dispersion. On the left, spectral separability at 10m 

with overlap endmembers. 
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Another way to visualise the ROI pixels is by using the so-called n-dimensional visualizer 

in ENVI. This tool helps to identify the endmembers and their separability in a 

multidimensional scatterplot. The pixels or group of pixels of the endmembers appear on the 

edges of the scatterplot using different band combinations. With the possibility of rotating 

the image it is easy to observe overlapping or good separability between endmembers which 

helps during the interpretation of the results and can also support the refinement of the ROI 

training data. 

It is also possible to visualise the spectral separability of the pixels (Table 2). The results are 

between 0 and 2, where 2 is the highest separability between endmembers and 0 when the 

endmembers match existing class. In this case, all the endmembers are between 1 and 2, 

which indicated good separability and will be helpful for the subsequent image classification. 

Table 2  Spectral compute separability in Thingvallavatn study area.  

The results of the pair separation are between 0 and 2. The highest number shows the highest separability 

between endmembers and 0 when the endmembers match an existing class. 

 

Classes Pair separation 

spawning redds vs underwater rocks  

spawning redds vs deep water  

vegetation vs surface rocks  

vegetation vs underwater rocks 

coast vs surface rocks  

surface rocks vs deep water 

spawning redds vs vegetation 

vegetation vs coast 

vegetation vs deep water 

underwater rocks vs coast  

spawning redds vs surface rocks 

spawning redds vs coast 

deep water vs surface rocks 

deep water vs coast  

 - 0.99436439  

 - 1.05290298 

 - 1.08094684  

 - 1.42520024  

 - 1.54566840  

 - 1.66798905  

 - 1.67937860  

 - 1.82185212  

 - 1.85493539  

 - 1.86896078  

 - 1.90236784 

 - 1.90948140  

 - 1.98061099  

 - 1.99673196 

 

3.2.2 Remote sensing classification algorithms 

Two main classification approaches are used in ENVI, supervised and unsupervised 

classifications. Supervised classification approaches use ground truth data or training data 

to define the number of classes for the analysis. Unsupervised classification approaches do 

not require training data due to the algorithm's automatic classification. In this case, a 

supervised classification is needed due to the heterogeneous and complex ecology of the 

study area. 

The supervised classification is one of the methods used to classify pixels. The process used 

in this method is to classify pixels of unknown identity with the pixels already assigned to 
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the different classes (training data or ground truth data). Training data selection is, due to 

the importance of further process, the key step of the supervised classification.  

There are advantages of a supervised classification compared with an unsupervised 

classification. Supervised classification analyses of specific areas that were previously 

selected as known features with the training data. This ensures a good classification result 

using the classes of interest.  

In contrast, unsupervised classification analyses do not use training data for the process, 

which can result in unpredictable results of the classes and their qualities to obtain the 

classes, such as the size or number of samples as explained above.  

Another advantage of supervised classification is the possibility to analyse the accuracy of 

the training data and to determine how correct the classification results are. However, several 

disadvantages have to be taken into account. The assignment of training data by pixels is 

made by an analyst. An incorrect definition of the classes may not match the unknown pixels 

of the image, leading to a lower accuracy caused by human error. Also, inexperienced users 

can lead to more time-consuming efforts that can affect the project progress as much as field 

campaigns that such studies aim to support (Campbell, 2002; Enderle & Academy, 2005; 

Kamavisdar, Saluja, & Agrawal, 2013). Supervised classifications are performed running a 

variety of algorithms. The choice of the algorithm depends on the purpose, characteristics 

and training data of the image.  

The following algorithms were performed in this study to obtain the best possible results:  

Adaptive Coherence Estimator (ACE)  

The Adaptive Coherence Estimator classification method can be selected from the ENVI 

supervised classification toolbox. This method can be used with some endmember classes 

and does not require the information of all endmembers. The ACE has a Constant False 

Alarm Rate (CFAR) that can be defined by a threshold. The pixels are classified to a 

particular endmember class when the pixel level crosses a particular threshold level to 

maintain the false alarm rate that was selected by the analyst. If pixels are classified as 

unknown, the disturbance level can be changed, presenting this algorithm. The results of 

ACE are presented in a grayscale map with the selected endmember classes.(Harris 

Geospatial Solutions, 2009a; Lekha & Kumar, 2018).  

Binary Encoding 

This algorithm was developed, with few others, to obtain better results on hyperspectral data 

images. However, spectral algorithms can be used in multispectral data as well.  

The Binary Encoding method creates 0s and 1s as pixel information from the endmember 

spectra. To create a codified image, analyses of the pixels are located below or above the 

mean spectra from the endmember classes. The pixels that match the endmember classes can 

be specified in the parameters of the tool but in some cases, pixels can be classified as 

unknown if they do not meet these criteria (Mazer, Martin, M Lee, & Salomon, 1987). 
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Constrained Energy Minimization (CEM) 

The Constrained Energy Minimization classification can run with only the information of 

the target spectra needed for the classification. The CEM algorithm uses a filter called finite 

impulse response (FIR) to separate the selected target spectra from the other non-relevant 

information. Some parameters such as the matrix of the unknown background pixels can be 

changed from correlation to covariance as well as the background threshold.  

The results are shown in a grayscale image classification, for representation of all the 

selected endmembers (Harris Geospatial Solutions, 2009b) 

Mahalanobis Distance Classification  

The Mahalanobis Distance classification method is a statistic analysis that classifies the 

pixels to the closest endmember class. This method uses a direction-sensitive distance that 

assumes that all classes variances are the same. By using a threshold, the analyst can specify 

the maximum distance error and the maximum standard deviation from the mean of the 

classes. Some unknown pixels can appear by the result of the threshold (Richards, 1999). 

Maximum Likelihood Classification 

The Maximum Likelihood classifier is another supervised algorithm that assigns the pixels 

to the class which has the highest probability of being a match. The principles that it follows 

is not only the distance of the centre of the training data class but also the shape, size, and 

variability of the classes. Maximum likelihood has parameters such as threshold distance 

that can be modified by the analyst by defining a maximum probability value. Small distance 

to the call will define values with a higher probability while a larger distance from the centre 

of the class will give a lower probability with more probabilities of unknown pixels but more 

accurate results (Figure 12). This classification method assumes that each class is normally 

or Gaussian distributed (Tempfli et al., 2009). 
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Figure 12 Maximum likelihood classification principles. 

Variances in the decision boundaries depend on the threshold distance. Upper right without threshold distance 

and lower right with threshold distances Taken fromTempfli, Kerle, Huurneman & Janssen (2009) 

 

Minimum Distance Classification 

Minimum Distance uses the mean training data collection as a centre for each class. With 

Euclidean distances, each unknown pixel to the closest mean training data of a class is 

calculated. Some limitations of this classification are that it does not take into consideration 

the variability of the classes. Some classes are small and dense, and others can be large but 

dispersed. This parameter of the algorithm produces errors in the pixels classification when 

it is assigned to a large distance class but with the mean centre close to that pixel (Richards, 

1999; Tempfli et al., 2009). 

Neural Net Classification 

The Neural Net classification is a supervised algorithm that uses input and output data to 

find the relationship between them by the repetition of associations during the linkages or 

layers (Figure 13). There are three types of layers, input, hidden and output layers and the 

hidden layers can be modified by the analyst. The weight and interactions can be modified 

to obtain the required output from the network algorithm (Lekha & Kumar, 2018; Research 

systems, 2004; Richards, 1999; Rumelhart & McClelland., 1987) 
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Figure 13 Neural net classification process. 

Input and output data with 3 layers. Taken from (Canty, 2009) 

 

Orthogonal Subspace Projection Classification  

The Orthogonal Subspace Projection classification is a useful algorithm when the target 

signatures are different from the others. The algorithm first creates an orthogonal subspace 

projector to create a response of the target signature for further comparison to the data. If 

this match, the pixel is classified as the selected target signature. One of the problems of this 

algorithm is if the spectral angle between target signatures and the others is small. In that 

case, the results of the classification can be poor due to an extreme attenuation of the target 

signature. The results appear in a grayscale image represented the endmember classes (Harris 

Geospatial Solutions, 2019). 

Parallelepiped Classification 

The parallelepiped classification uses a n-dimensional in the spatial image data from the 

decision boundaries. These decision boundaries are made by a simple decision rule, if the 

pixel value lies above the low threshold and below the high threshold for all n bands, 3 in 

this case, the pixel is classified as being that class. A difficulty with this classification is the 

unknown pixels, that can be increased if the pixels are located in areas that do not fall within 

any of the classes assigned (Richards, 1999) 

Spectral Angle Mapper Classification 

The Spectral Angle Mapper (SAM) is another spectral classification method. The algorithm 

is based on the spatial distribution of the pixels based on the reference spectra using an n-

dimensional angle. The algorithm uses two pixels as vectors in a dimensionality space equal 

to the number of bands, 3 in this case, and calculates the angle between the spectra. The 

smaller the angle is, the closer the match to the reference spectra class is in a pixel (Kruse et 

al., 1993; Research systems, 2004) 

 



33 

Spectral Information Divergence Classification 

The Spectral Information Divergence (SID) is a spectral classification method where the 

pixels that match with endmember classes are already selected. To be able to classify the 

pixels, the SID method uses a separability measure where the smaller the divergence, the 

more likely the pixels are similar. However, if the measurement is higher than the maximum 

divergence threshold selected by the analyst, the pixels will not be classified (Du, Chang, & 

Ren, 2004) 

Support Vector Machine Classification 

The Support Vector Machine (SVM) method is another supervised classification based on 

statistical learning theory where the pixels are assigned to endmember classes by a decision 

surface. This surface, or optimal hyperplane, can increase the separability between classes 

creating a suitable classification (Chang & Lin, 2011; Hsu, Chang, & Lin, 2003; Wu & Lin, 

2004) 

After testing all the algorithms with the case study imagery, the highest accuracy 

classification was used in the further proceedings of this research. These were the maximum 

likelihood classification and neural net classification, which were subsequently chosen for 

post-classification and a more detailed discussion of the results. 

Before continuing with the post-classification of the best classification methods, a mask of 

the underwater depth was applied in Thingvallavatn study area. The main reason was to 

avoid false results of spawning redds due to the low endmember class separability between 

spawning redds and the deep-water class. After applying the mask, both classification 

methods were run again with the same settings used previously.  

In the case of neural net classification, some specific parameters were necessary to be set. A 

threshold of 0.9 was selected to obtain the optimal accuracy of the results. Only one hidden 

layer was selected discarding the preliminary idea of three layers as recommended by 

(Campbell, 2002) due to unsatisfactory results of their recommended approach. After several 

numbers of training iterations were tested, an increase in accuracy with 1.000 iterations was 

chosen for its optimal results. The training rate was 0.2 for the adjustment of the weight 

while the training momentum was 0.9 to eliminate oscillation from the training rate.  

In the maximum likelihood classification settings, no threshold was used to not create 

unclassified pixels caused by a high distance to the endmember. Multiple values were not 

suitable to be used in this case study. 

 

3.2.3 Post-classification 

Post-classification methods were performed in order to improve the accuracy by correcting 

isolated or misclassified pixels known as “salt and pepper effect”. These isolated pixels 

affect the final accuracy percentage and how the classes appears in the classification image 

(Hsu et al., 2003).  
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The first step was to filter the classified output by removing spurious pixels or noise with a 

majority-minority analysis. By taking the kernel size and the centre pixel into account, the 

tool replaces those false pixels of the majority of the pixels within the kernel values. The 

centre pixel weight was set to 3 as the weight of the analysis.  

In addition, the classified output was generalised by reclassifying small isolated unknown 

pixels to the nearest class using the sieve classes tool. This tool removes isolated pixels using 

grouped pixels of the same class (Harris Geospatial solutions, 2019). The pixel connectivity 

parameter is to select the number of neighbouring pixels to look at. Here 4x4 pixels with a 

minimum size of 2 were chosen to take the specific nature of the images into account. Some 

unclassified pixels will still remain when these pixels are removed from a class because they 

do not fit in this minimum size threshold.  
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4 Results 

To be able to obtain a suitable pixel-based classification map of the Arctic charr redds from 

the true colour aerial images taken in Thingvallavatn and Ellidavatn study area, all 

supervised classification algorithms from ENVI were tested in order to create a ranking of 

the overall accuracy of the algorithms. Furthermore, the applicability of this method in a 

different area with distinctively different environmental conditions was tested to positively 

confirm a correlation of the findings. By also analysing the aerial imagery in a different 

classification software, the results could be compared with the results from ENVI and 

therefore helped to assess the quality of the analysis using different technological solutions. 

Aerial images were taken at an altitude of 10m, 50m, and 100m in Thingvallavatn. After 

these three different altitudes were tested for the endmember collection and utilising the 

various algorithms, 10m and 100m imagery needed to be discarded due to an insufficient 

number of classes in the first case and due to reflectance and low accuracy results in the 

100m aerial imagery (Figure 14) The 50m altitude data was chosen for the classification 

method after a visual examination, as these images provided the optimal contrast and lowest 

environmental reflectance as an ideal basis for the further analysis. 

 

Figure 14  Example of the classification in 100m discarded due to reflection. 

On the right image, marked with a black circle, we can observe the classification error due to the reflection. 

 

The results of the analysis are presented by describing the endmembers classes and the 

overall accuracy of all the algorithms in the case of the main study area. The image 

classification results of the Thingvallavatn area are investigated through an error matrix of 

the two highest ranking algorithms with regards to their overall accuracy. A summary of 

post-classification improvements of the highest-ranking algorithms is then presented. 
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Following the results in Thingvallavatn, the applicability of the method is tested for the 

Ellidavatn area. In addition, a comparison of the method using different software packages 

is done by assessing their specific classification outcomes. The results are summarised by 

quantifying the total area of the spawning redds in both study areas. Finally, the 

environmental conditions during the time of data acquisition and topographic conditions that 

could influence the results of the classification analysis are described. 

4.1 Image classification in Thingvallavatn study 

area 

The results of Thingvallavatn study area are presented in the following section. All the 

results obtained in the analysis of the classification methods are described in this section.  

4.1.1 Endmember classes description 

The result of the six endmember classes from the neural net and the maximum likelihood 

classification in the Thingvallavatn study area is described below. A resulting map is 

presented for each class in both classification methods with a background image of the area.  

Class 1: 

Class 1 is a dominant cover class in the shallower areas, close to the shore at the north of the 

image and the south centre of the image (Figure 15) and covering all of the area. This class 

can be described as a number of irregular small groups of pixels connected by a few pixels 

spread around them. The true colour image of this class shows low reflectance by a dark 

colour. 

 

Figure 15 Endmember Class 1 mapped on the Thingvallavatn image.  

Class 1 results of maximum likelihood classification (left) and in neural net classification (right). 
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Class 2: 

Class 2 is a dominant feature in the image (Figure 16). Found to be adjacent to class 1, it is 

distributed covering the pixels around class 1 to complete the shallow area. Only class 1 

shares space with class 2 in this area. The major difference between those two classes is the 

lack of an irregular group of pixels in class 2. The true colour image shows a lighter colour 

than class 1, which is easy to identify.  

 

Figure 16 Endmember Class 2 mapped on the Thingvallavatn image. 

Class 2 results of maximum likelihood classification (left) and in neural net classification (right). 

 

Class 3: 

The class is easy to recognize in the true colour image as a green coloured area located on 

the land area with few pixels close to the shallow edge (Figure 16). This class covers the 

entire the eastern part of the image in one group of pixels.  
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Figure 17 Endmember Class 3 mapped on the Thingvallavatn image. 

Class 3 results of maximum likelihood classification (left) and in neural net classification (right). 

 

Class 4:  

Class 4 is described as a very defined and smooth polygon class (Figure 17). The class is 

located where the water level is deeper and with two larger polygons being the dominant 

feature in the image. The true colour image shows deep dark area with few ripples caused 

by wind on the water surface.  
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Figure 18 Endmember Class 4 mapped on the Thingvallavatn image. 

Class 4 results of maximum likelihood classification (left) and in neural net classification (right). 

 

Class 5:  

A little group of pixels defines this class located in the north of the image adjacent to class 

3 (Figure 19). It is located spread over the shoreline of the coast. It is very heterogeneous 

and has few pixels per group that do not cover a large area.  
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Figure 19 Endmember Class 5 mapped on the Thingvallavatn image.  

Class 5 results of maximum likelihood classification (left) and in neural net classification (right). 

 

Class 6:  

Class 6 occurs, as class 5, over the shoreline of the coast and in some parts over the shallow 

water (Figure 20). The true colour image appears in a light and high reflectance from the 

sunlight which is easy to locate in the image.  
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Figure 20 Endmember Class 6 mapped on the Thingvallavatn image. 

Class 6 results of maximum likelihood classification (left) and in neural net classification (right). 

 

From the neural net classification results, class 6 was not adequately classified and does not 

show any results in this endmember map or unclassified class.  

4.1.2 Accuracy assessment 

The accuracy of the classification methods is reported in an error matrix table which 

summarises the accuracy assessment as information from the training data collection 

compared with the image classification method. The combination of both data gives an 

overall accuracy of the classification as well as the individual features that were selected for 

the analysis. Overall accuracy is the percentage of correctly classified pixels of all the classes 

defined with the ROI tool. Producer’s accuracy (PA) can be defined as the probability of 

each class that was classified correctly. User’s accuracy (UA) is the probability that the 

classification map actually represents the ground truth data. The Kappa coefficient is used 

to evaluate the classification accuracy. The range of results in the Kappa coefficient ranges 

from 0 to 1, where 1 is a classification accuracy without any errors and 0 refers to none of 

the class being well classified (Congalton & Green, 2008) . 

The results of the first analysis are presented as a summary table of overall accuracy 

assessments of all the classification methods that were tested in ENVI using the supervised 

classification tool (Table 3). The ground truth data made with the training data collection of 

the spawning redds also appears in the table. The main class of interest for this research is 

that of the spawning redds. The accuracy of that class representing these areas is the primary 

percentage to take into account for an evaluation of the success of this study, even where a 

higher overall accuracy could be obtained.  
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Table 3 Results of accuracy assessment in all the classification methods for Thingvallavatn area.  

Producer’s Accuracy (PA) and User’s Accuracy (UA) of spawning redds by classification method. 

 

Method redds 

class 

PA 

(%) 

 

UA 

(%) 

 

PA 

(pixels) 

 

UA 

(pixels) 

Overall 

 

accuracy 

(%) 

Kappa 

coefficient 

  
      

 
  

Binary encoding 82.88 10.23 1810/2184 1810/17690 34.18 0.16 

Mahalanobis 

classification 

62.18 30.61 1358/2184 1358/4436 76.19 0.67 

Maximum 

likelihood 

74.73 60.15 1632/2184 1632/2713 87.59 0.82 

Minimum distance 63.74 21.57 1392/2184 1392/6452 55.55 0.44 

Neural net 

classification 

48.90 68.55 1068/2184 1068/1558 82.97 0.75 

Parallelepiped 

classification 

52.61 30.79 1149/2184 1149/3732 38.78 0.28 

Spectral angle 

mapper 

44.96 37.17 982/2184 982/2642 76.68 0.68 

Spectral 

information 

divergence 

21.20 15.47 463/2184 463/2993 49.51 0.30 

 
            

 

All the 12 supervised classification methods were run using ENVI 5.1. Only 8 of the 

classification maps were able to obtain accuracy assessments due to software errors that 

resulted in these assessments not having been successful in this version of the software. 
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Support vector machine, Orthogonal subspace, Constrained energy minimization and 

Adaptive coherence classification did not perform succesfully.  

Ranking the methods using their overall accuracy, the maximum likelihood classification 

has the highest result with 87.59% of the pixels well classified. Looking more specifically 

at the producer’s accuracy, a high level of accuracy with 74% is presented. 60.15% accuracy 

for user’s accuracy can be regarded as a reasonable percentage for the redds classification.  

The second-highest ranking overall accuracy is that of the neural net classification method 

with 83%. Even though this classification has high overall results of the pixels classification, 

the results of the main target spawning redds class are quite low. With 49% producer’s 

accuracy and 68% of user’s accuracy, this method has a higher error during the classification 

of the pixels compared with maximum likelihood approach.  

Once highest-ranking classification methods were identified, with a considerable difference 

to the other classification algorithms, a mask of the deep-water class and post-classification 

improvements were applied as explained above. 

4.1.3 Post-classification adjustments 

Table 4 Error matrix of the maximum likelihood classification in pixels. 

Class Spawning 

redds 

Vegetation Underwater 

rocks 

Deep 

water 

Coast Surface 

rocks  

Total 

pixels  

Unclassified 0 8 2 0 2 0 12 

Spawning 

redds 

1664 172 430 0 43 0 2309 

Vegetation 0 12657 275 0 3 20 12955 

Underwater 

rocks 

265 203 2993 0 37 302 3800 

Deepwater 255 0 92 9326 0 0 9673 

Coast 0 23 0 0 823 105 951 

Surface 

rocks 

0 473 31 0 0 762 1266 

TOTAL 2184 13536 3823 9326 908 1189 30966 
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The results of the error matrix of the maximum likelihood classification (Table 4) and the 

neural net classification (Table 5) were adjusted using the application of a mask for post-

classification improvement. The tables show the classified data from the classification 

algorithm and the reference data selected in the training data collection.  

 
Table 5  Error matrix of the neural net classification in pixels. 

Class Spawning 

redds 

Vegetation Underwater 

rocks 

Deep 

water 

Coast Surface 

rocks  

Total 

pixels  

Unclassified 0 3 0 0 2 0 5 

Spawning 

redds 

1580 13 395 0 88 0 2076 

Vegetation 0 13380 313 0 7 652 14352 

Underwater 

rocks 

202 124 3023 0 56 504 3909 

Deepwater 402 2 92 9326 0 0 9822 

Coast 0 14 0 0 755 33 802 

Surface 

rocks 

0 0 0 0 0 0 0 

TOTAL 2184 13536 3823 9326 908 1189 30966 

 

Problems during the classification as mentioned in the previous accuracy assessment section 

can be verified with these data. In all the classes, misclassified-pixels were assigned to other 

classes. For example, none of the rocks on the surface were well classified in the neural net 

classification. In the sample image, a total of 1189 pixels of rocks on the surface were 

classified as vegetation (652), underwater rocks (504) or as a coast pixels (33). This is due 

to high threshold restrictions and iterations on the parameters used in the algorithm and the 

post- classification method.  

A summary table (Table 6) of the adjustments made with the application of the mask and the 

post-classification method is presented. The table describing the producer’s accuracy (PA) 

and user's accuracy (UA) by class and overall accuracy shows how the classes results were 

improved. 
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Table 6 Results of accuracy assessment of the two-classification algorithm in Thingvallavatn.  

Producer’s Accuracy (PA) and User’s Accuracy (UA) by class and overall accuracy before and after applied 

the mask and post-classification improvements. 

 

Classes Maximum likelihood Neural net classification 

  Before mask  

and post-

classification 

improvements 

After mask 

 and post-

classification 

improvements 

Before mask  

and post-

classification 

improvements 

After mask  

and post-

classification 

improvements 

  PA 

(%) 

UA 

(%) 

PA 

(%) 

UA 

(%) 

PA 

(%) 

UA 

(%) 

PA 

(%) 

UA (%) 

Spawning 

redds 

74.73 60.15 76.19 72.07 48.90 68.55 72.34 76.11 

Vegetation 90.70 97.17 93.51 97.70 96.98 82.34 98.85 93.23 

Underwater 

rocks 

70.97 74.41 78.29 78.76 69.34 76.20 79.07 77.33 

Deepwater 95.76 94.08 100 96.41 98.58 88.26 100 94.95 

Coast 89.65 85.53 90.64 86.54 80.95 86.57 83.15 94.14 

Surface  

rocks 

63.84 50.03 64.09 60.19 1.38 52.24 0 0 

Overall 

accuracy  

(%) 

87.59   91.15   82.97   90.62   

Kappa 

coefficient 

0.82   0.87   0.75   0.86   

 

The post-classification resulted in a changing accuracy from 87.59% to 91.15% in the case 

of maximum likelihood and in the case of neural net classification in an improvement of 

over 8% from 82.97% to 90.62% for the overall accuracy. Even though both classification 

algorithms have very similar results, the maximum likelihood classification had fewer errors 

during the classification (see also Figure 32 and Figure 33 in the appendix) of the features 

and there were no misclassified pixels in the case of the rocks on the surface. 
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4.2 Image classification in Ellidavatn 

The main purpose of this section is to compare the results obtained in Thingvallavatn with 

another study area in different environmental and topographic conditions and observe 

whether the algorithms produce comparable results.  

A summary of Ellidavatn results is presented in the following section. First, the endmember 

classes used in the classification are described. Following, the accuracy assessment results 

of the best classification algorithms, maximum likelihood, and neural net classification, are 

described.  

4.2.1 Endmember classes 

The result of the 6 endmember classes from neural net classification and maximum 

likelihood classification in Ellidavatn study area is described below. A resulting map is 

presented for each class in both classification methods with a background image of the area.  

Class 1:  

Class 1 appears in the shallow water part of the aerial image distributed in irregular groups 

of pixels in the centre which some are connected between them (Figure 21). Around these 

groups of pixels, few pixels spread around them without following any particular shape or 

size. Additionally, few irregular pixels are located in the land area. A clear similar spectral 

signal with the surroundings can be defined with a dark colour in the true colour image. 

 

Figure 21 Endmember Class 1 mapped on Ellidavatn image. 

Class 1 results of maximum likelihood classification (left) and in neural net classification (right). 
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A reasonable difference between classification methods can be observed in this class. In 

Neural net classification, the class is classified only as a few pixels in the shallow part of the 

water in the same area as Maximum Likelihood class.  

 

Class 2:  

Class 2 is a dominant feature in the image (Figure 22). This class can be seen adjacent to 

class 1 and class 4, sharing the water covered area. In addition, the major difference to classes 

1 and 4 is that class 2 has a lighter colour in the true colour image.  

 

Figure 22 Endmember Class 2 mapped on Ellidavatn image. 

Class 2 results of maximum likelihood classification (left) and in neural net classification (right). 

 

In the maximum likelihood classification this class covers parts of the water area that are not 

included in class 1 as well as some patches mostly in the bottom right corner of the image. 

In the neural net classification results however, the class distribution covers almost the 

entirety of the water covered area apart from the same patches mostly in the bottom right 

part of the image.  

 

Class 3:  

This class is a dominant cover class in the land area of the image (Figure 23). Class 3 has a 

high density where groups of pixels are connected to each other. 
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Figure 23 Endmember Class 3 mapped on Ellidavatn image. 

Class 3 results of maximum likelihood classification (left) and in neural net classification (right). 

 

The class is easy to recognize in the true colour aerial image due to a characteristic light 

coloured. 

As well as in the case of class 2, in class 3 there are high similarities of the results in both 

classification methods.  

 

Class 4:  

Class 4 is a dominant feature in the edges of the water areas in the image (Figure 24). The 

class is distributed sharing the water area with class 1 and 5 in an irregular and high-density 

group of pixels. 
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Figure 24 Endmember Class 4 mapped on Ellidavatn image. 

Class 4 results of maximum likelihood classification (left) and in neural net classification (right). 

 

The true colour image shows a similar colour reflectance with class 1 and is easy to identify. 

Differences in both images are found in the density and location of the class.  

Some pixels are located in a small shaded part of the land area.  

 

Class 5:  

Class 5 is located around the land area of the image (Figure 25). The main group of pixels is 

located in the northwest edge of the image with an irregular shape but in a high density easy 

to detect. The rest of the pixels are distributed on land, spread not larger than a few pixels 

together. 
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Figure 25 Endmember Class 5 mapped on Ellidavatn image. 

Class 5 results of maximum likelihood classification (left) and in neural net classification (right). 

 

Similarities of the results in both classification analysis can be described with a few 

variances in the south part of the image. The class can be recognized well in the true colour 

image as clear light-coloured areas.  

 

Class 6:  

This class is very heterogeneous and does not cover a large area. Figure 26 shows the 

distribution of Class 6 on the aerial image. Found in the land area, it has a main group of 

pixels in the edge of the image that follows a square shape. The class can be recognized by 

the grey colour on the true colour image. 
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Figure 26 Endmember Class 6 mapped on Ellidavatn image. 

Class 6 results of maximum likelihood classification (left) and in neural net classification (right). 

 

4.2.2 Post-classification adjustments 

The results of the highest-ranking classification methods before and after post- classification 

improvements are shown in Table 7. In the case of the Ellidavatn study area, these results 

are reasonable for an overall accuracy with 74% and 80% in maximum likelihood and neural 

net classification, respectively. An improvement of over 2% in both classifications due to 

post-classification methods was made, without influencing the percentage of unclassified 

pixels that was around 0.20% and 0.16%, respectively. 
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Table 7 Results of accuracy assessment of the two classification algorithms in Ellidavatn. 

 Producer’s Accuracy (PA) and User's Accuracy (UA) by class and overall accuracy before and after post-

classification improvements. 

Classes Maximum likelihood Neural net classification 

  Before post-

classification 

improvements 

After post-

classification 

improvements 

Before post-

classification 

improvements 

After post- 

Classification 

 improvements 

  PA 

(%) 

UA 

(%) 

PA 

(%) 

UA 

(%) 

      PA 

     (%) 

          UA 

          (%) 

PA 

(%) 

UA  

(%) 

Ice 81.27 82.58 82.97 83.60 87.87 87.33 88.50 87.67 

Vegetation 88.01 84.11 88.53 84.19 97.31 81.65 97.89 82.39 

Aquatic 

vegetation 

90.79 70.94 93.39 73.22 82.83 73.23 85.99 75.66 

Underwater 

rocks 

62.65 92.25 65.28 94.75 94.14 78.95 96.63 79.43 

Human 

structure 

47.81 57.36 47.17 60.75 42.17 94.05 41.85 95.29 

Redds 65.87 34.33 71.81 37.59 13.26 53.04 9.62 62.68 

Overall 

accuracy  

(%) 

71.28   73.63   78.98   80.24   

Kappa  

coeff 

0.63   0.66   0.71   0.72   

 

However, a deeper analysis of the redds class results shows a low percentage of correct 

pixels classification in this class. Only 9.62% of the producer’s accuracy was well classified 

after post-classification improvements in neural net classification and 71.81% in the case of 

maximum likelihood. These low results are caused by the low separability of reflectance 

between classes, and more precisely by the aquatic vegetation that emerges close to the 

redds.  

4.3 Software comparison 

To compare the accuracy of the software used, the Thingvallavatn images are used with the 

same number of endmember classes in ArcGIS 10.4.1. ArcGIS is one of the commonly used 

software tools for remote sensing methods because it integrates the general workflow for 

Geographic Information Systems (GIS) and the more specialised tasks of image processing. 

The software provides, just as ENVI, a pixel-based image classification. The software offers 

different classification methods, and in this study, the maximum likelihood classification is 
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used since it was shown to be the algorithm with the highest overall accuracy obtained in 

ENVI.  

To be able to compare both software packages from the same aerial image in the same 

conditions, the same shapefile is applied as a mask that was used in ENVI. The training data 

collection or ground truth were manually selected on the image due to technical difficulties 

in applying the ground truth information from ENVI.  

Figure 27 shows the classification results of a maximum likelihood classification using 

ArcGIS, where all classes are shown in one image. 

 

Figure 27  Maximum likelihood classification results from ArcGIS software 
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After running the classification algorithm with the same parameters than in the ENVI 

analysis, an error matrix of the accuracy results was created manually. The error matrix of 

the maximum likelihood classification (Table 8) shows that the classification has an overall 

accuracy of 61.36% which could be rated as a relatively low result compared to the ENVI 

results. However, looking more specifically at the target class, a high level of accuracy is 

presented in the redds class with 90.38% at the producer’s and 85.97% at user’s accuracy. It 

has to be taken in consideration that no post-classification methods to improve misclassified 

pixels were used in ArcGIS due to time constraints so that a reduction of the salt-and-pepper 

effect was not addressed.  

 
Table 8  Error matrix of maximum likelihood classification of Arcgis software. 
 

Class 

1 

Class 

2 

Class 

3 

Class 4 Class 5  Class 6  Total  UA 

(%) 

Redds 141 15 0 0 0 0 156 90.38 

rocks  14 67 3 23 42 2 151 44.37 

Coast  0 0 3 0 0 0 3 100 

Surface 

rocks 

0 0 0 0 0 0 0 0 

Vegetation 0 3 20 16 20 4 63 31.75 

Deepwater  9 1 0 0 1 12 23 52.17 

Total  164 86 26 39 63 18 396 53.11 

PA (%) 85.97 77.90 11.53 0 31.75 66.67 45.63 61.36 

         

 

Analysing the results of the accuracy, some problems of the method can be replicated such 

as a misclassification of pixels assigned to other classes and in the case of surface rocks class 

the complete misclassification in all the pixels. 

4.4 Environmental conditions 

Some environmental conditions observed in both study areas could influence the results of 

the classification. Conditions such as water column turbidity, surface effects or atmospheric 

effects produce a decrease in the contrast between classes reducing the quality of the final 

classification. A summary of the environmental conditions during the data acquisition in 

both study areas is presented in Table 9.  
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Table 9  Summary of environmental and topography conditions in Thingvallavatn and Ellidavatn. 

Site Date and 

time  

Contrast Topography Reflectance  

similarities  

Light 

Thingvallavatn July 

18.30  

high heterogeneous low high 

Ellidavatn October 

12.00 

low  homogeneous high low 

 

The environmental conditions experienced in Thingvallavatn were considered optimal. 

Weather conditions were optimal with very low wind speed and no clouds. Water clarity was 

good in all levels of the aerial images, making an optimal contrast of the redds and the 

environment. No surface effects on the water such as ripples or clouds reflectance were 

observed at 50m level. The topography of the area is variable on the underwater depth with 

a range of 0m to over 15m in the deepest area of the image. No aquatic vegetation appears 

in this section of the lake. Furthermore, a diversity of land vegetation covers nearly all the 

land in the northern site of the aerial images. 

In the case of Ellidavatn, the environmental conditions are different than in the other case 

study area. The UAV images were taken at the end of the spawning grounds season, at the 

end of October. Weather conditions were optimal with low cloud cover and low wind as the 

previous study area. However, the water clarity was low, making less contrast of the redds 

and the environment. Aquatic vegetation with very similar spectral results was the main 

challenge of this area. A few surface effects on the water were found due to wind conditions 

but no sunlight reflection was found presumably since the time when the images were taken 

was different than in the other case study area and consequently the sun angle did not 

interfere.  
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5 Discussion 

The analysis of UAV-derived imagery in selected case study areas of lake Thingvallavatn 

and Ellidavatn showed a successful application of pixel-based classification methods that 

were able to identify central spectral patterns of ecological and topographic features. To be 

able to interpret the different classes defined by their spectral reflectance, a first description 

of their pattern created by the classification was outlined in the results section. Using 

supervised classification techniques such as maximum likelihood and neural net 

classification, six different classes were collected and described for each case study area. In 

the description of the classes, similarities and variances in the results between the two 

algorithms could be found with these differences being minor in the case of Thingvallavatn 

and more pronounced in the case of Ellidavatn. This was especially the case for the class 

representing the redd areas which are the most important for this study. 

Results of post-classification adjustments show an increase in accuracy of the classification, 

which demonstrates the benefits of post-classification techniques. A comparison with 

classification using ArcGIS as a tool was conducted to test the replicability of the method in 

different software environments which demonstrated a general transferability of the 

techniques though differences remain in the outcomes. Environmental conditions were 

characterised by differences in topography and weather conditions during the data 

acquisition that might have affected the spectral reflectance of the features and therefore 

have an impact on the final classification results.  

The discussion of the results is presented in the next section. Using a visual assessment and 

the results from the accuracy assessment the endmember classes will be assigned to their 

corresponding features and their post-classification adjustments will be examined. Then the 

comparison of the two software tools and the effects of environmental conditions will be 

discussed. 

Finally, the outcomes of both study areas are compared in order to understand the differences 

and commonalities of the outcomes and make a broader assessment of the general 

applicability of the methods applied in this research. The conclusion summarises the findings 

and outlines a solution for the possible implementation of the technique tested in this study 

for supporting biological fieldwork and establishing monitoring procedures.  

5.1 Image classification in Thingvallavatn study 

area 

The assignment and discussion of the classes selected in Thingvallavatn study area are 

presented in this section. The classes appear in order of their description made previously.  

5.1.1 Assignment of the endmember classes 

The comparison of the classification results and the true colour image map shows that each 

endmember represents unique features in the image with specific reflectance characteristics 

in both study areas.  
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Class 1: Spawning redds 

This class represents the spawning redds structure and the main target class of this study.  

From the visualization of the classification map, it can be observed that classified redds 

correspond adequately to the observed redds in the true colour image (Figure 28). This group 

of pixels makes the structure of the redds with connections between them. However, some 

of the pixels in the edge of the image are classified as spawning redds while visual 

examination suggests that these are shadows and dark reflections on the edges of an image 

due to a focus effect of the camera. Some variations in pixels between methods can be 

detected but with only minor differences.  

 

Figure 28 Redds shape from the field in Thingvallavatn. 

(Photo by: B. Hennig, 2018). 

 

Class 2: Rocks  

From the spectral separability of the ROI classes it could already be shown that spawning 

redds and underwater rocks are very similar in reflectance and have a similar 

geomorphology. Some errors in accuracy can appear due to this similarity. Further 

examination of this class in the n-dimensional visualiser shows an overlap of this class with 

the spawning redds class. Therefore, the classification results of this class can provide 

indications of the accuracy of the method used in the analysis.  

 

Class 3: Vegetation  

Class 3 represents a feature characterised by a green colour reflection in the image (Figure 

29). Covering nearly all the land area of the image, this class has a good spectral separation 

from other classes making it less likely to have false positives in the results. However, few 

pixels located in water area are classified as vegetation, probably due to similar reflectance 

with algae vegetation distributed close to the shoreline and used in the training data 

collection.  
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Figure 29 Type of vegetation located in Thingvallavatn 

(Photo by: B. Hennig, 2018). 

 

In the case of neural net classification, rocks on the surface are part of this class, but in the 

maximum likelihood method, the accuracy of the method is more accurate.  

 

Class 4: Deep water 

This class was covered by a mask to minimize the false positive results of the spawning 

redds in deep water levels and less error classification due to the similar dark colour 

reflectance of the deep water with the main target class. The smooth and precise shape helped 

to better identify this class. Due to the application of the mask, the accuracy results of this 

specific class are altered and do not represent a typical classification result.  

 In the neural net classification image, a few extra pixels outside the polygon shape can be 

observed which are caused by the classification method but which are not relevant and do 

not affect the accuracy of the method. 

 

Class 5: Coast  

Few pixels are classified as a coast or shoreline rocks in both methods. The difference in a 

colour related to vegetation class or rocks underwater helps in the allocation of this class.  
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Class 6: Surface rocks 

Rocks on the surface can be distinguished from the shoreline rocks and underwater rocks in 

the maximum likelihood classification image. However, in the case of the neural net 

classification, the lack of pixels as rocks on the surface shows that this method is not able to 

distinguish these features and therefore remains empty. In the neural net classification, 

surface rocks are classified as class 3 instead.  

Nevertheless, this class represents another feature of secondary interest to this study and the 

misclassified-pixels of surface rocks does not affect the main target class. 

 

The assignment of spectral reflectance to features as observed in the field sometimes 

identified several spectral classes in the same features. In this case, it could be possible to 

combine at least class 6 with class 5 for simplifying the process of the image analysis, even 

though the reflectance characteristics are not the same. Having spectrally unique classes 

separated can increase the accuracy in other classes, while the final assignment of classes 

could then simply merge the classes into one single feature. In the case of the maximum 

likelihood classification and neural net classification, this combination does not affect the 

results but due to the absence of an error classification with the main target, this step was 

unnecessary to make. At the same time, the more features recorded in classification the better 

the results of the classification. A minimum number of 5 to 10 training areas is generally 

needed to ensure that all spectral classes are presented if there is a certain diversity of features 

represented in an image (Campbell, 2002). 

The interpretation of the features also showed that additional information from the field in 

relation to the different classes can help to get a clearer view of the study area and increase 

the precision of the ground truth collection. This effort is needed when adjusting the method 

to a specific case study area, while the process can be simplified in future iterations of the 

UAV survey. 

 

5.1.2 Top ranking classification methods with post-classification 

improvements 

The statistics results of the classification algorithms show the importance of the accuracy 

assessment to be able to allow for an appropriate interpretation of the results. Some 

classification errors could be visually detected in cases with similar spectral reflectance such 

as shadow areas with redds or vegetation. However, the results can be rated as effective 

methods achieving overall accuracies of 91.15% an 90.62% in the Thingvallavatn area. 

Additionally, the maximum likelihood classification had the highest accuracies in the redds 

areas’ producer’s accuracy with 76.19 %.  

The complex and heterogeneous nature of the ecological features in the natural environment 

affects the classification results. The selection of homogeneous features of the same feature 

during the training data collection is important but at the same time, it is impossible to obtain 

the same spectral responses of an ecological feature in nature. Due to this issue, some 

misclassifications can be found.  
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In both classification methods, the unclassified pixels class represents 0.15% and 0.16% 

which can be regarded as very reasonable for a suitable classification method. This 

percentage could be prevented with a clump post-classification improvement where the 

unknown isolated pixel is classified in relation to the closest class.  

5.2 Image classification in Ellidavatn study area 

The assignment and discussion of the classes selected in Ellidavatn study area are presented 

in this section. The classes appear in order of their description made previously.  

5.2.1 Assignment of the endmember classes 

Class 1: Spawning redds 

The main feature of interest in this study appears represented in this class. In maximum 

likelihood map, few aquatic vegetation areas classified as a redd can be seen. This error 

could be made due to similarities in spectral reflection as explained before. Maximum 

likelihood algorithm is formulated to classify pixels in the closest class. In this case, no 

distance threshold was selected for the Maximum likelihood classification, decreasing the 

separability between classes. 

In the neural net classification, weight threshold used in the parameters can affect the 

classification of the redds and may lead to misclassification of redds pixels as underwater 

rocks or vegetation. This threshold needs to be adjusted accordingly and was set to 0.9 in 

this case study to avoid misclassification. 

Class 2: Rocks 

Class 2 is described as underwater rocks located adjacent to class 1. This class has the highest 

misclassification from redd class in neural net images due to similarities in their reflectance.  

Class 3: Vegetation 

Class 3 represents a feature characterised by the green colour spectral reflectance and the 

location on the image. This class has a high-class accuracy in both classification methods 

with 88.53% and 97.89%. A good separability with other classes decreases the number of 

misclassified pixels in this class. 

Class 4: Aquatic vegetation  

One of the most similar spectral reflectance with redds class is class 4.  

Both classification methods have similar results in this class with a lower number in the 

neural net image. The aquatic vegetation appears in the edges of the water area with a low 

contrast creating a similar colour spectrum as the shadow areas of the underwater rocks or 

the redds. Some pixels that should correspond to the redd class were misclassified as aquatic 

vegetation, explaining the low percentage (10%) of the redd class in Ellidavatn.  
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Class 5: Ice 

Class 5 is assigned to ice and snow features. The characteristic light colour visible from the 

true colour image and the time of the year where the aerial image was taken, assigned this 

class as an ice and snow. Both classification images have a high accuracy in this class and 

few variances in misclassification pixels with class 6 were observed.  

Class 6: Human structures 

This class represents human features in the land area with a very characteristic spectral 

reflectance. Few differences between classification images are found, apart from a few pixels 

classified as class 6 from vegetation and shadow areas.  

5.2.2 Highest ranking classification methods with post-

classification improvements 

The accuracy assessment from the error matrix results shows a correlation in the ranking 

classification methods with the maximum likelihood and the neural net classification having 

the highest accuracy results. While the post-classification improvements showed an overall 

accuracy of 73.63% and 80.24%, redd class improved to 71.81% in producer’s accuracy of 

maximum likelihood but decreased to 9.62% in the already low accuracy of the neural net 

classification (see also Figure 34 and Figure 35 in the appendix). This decline in accuracy 

can be explained by the selection of some parameters of the post-classification tools such as 

a high size of isolated pixels.  

5.3 Software comparison 

The results as shown on the error matrix in the maximum likelihood algorithm in a different 

software reflect an important variation of the results. This could have been caused by 

changes during the manual ground truth data allocation. Other reasons for the differences 

could lie in a different approach of applying the algorithm in different software 

environments.  

Taking the main objective of establishing a remote sensing protocol to be used by in 

biological research into account, ArcGIS could provide a more suitable software 

environment as this is more commonly used as a mapping environment in this discipline. 

However, this study shows that the stages of during the classification process are time-

consuming such as the manual creation of error matrix or more limited algorithms. The 

results were also not fully comparable to those of the ENVI analysis with its high accuracies. 

For these reasons, ENVI is regarded as more suitable for pixel-based classification analysis 

even if it requires a slightly higher degree of specialisation when utilising it for the remote 

sensing procedures. 
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5.4 Environmental conditions 

The results show that visual interpretation and statistical accuracy of the classification maps 

depends largely on the environmental and topographic conditions at the time of data 

acquisition. Additionally, some of these conditions can be selected to be optimal for good 

classification result.  

Some misclassification of the pixels could appear due to similarities in spectral reflectance 

between classes. These similarities appear when environmental conditions are not optimal, 

such us low contrast or sunlight reflection on the imagery.  

5.5 Study areas comparison 

After the description and the assignment of the endmember classes and after analysing the 

overall accuracy, results were compared between the two study areas, lakes Thingvallavatn 

and Ellidavatn. The top-ranking maximum likelihood and neural net classifications showed 

some similarities for the common classes (spawning redds, rocks and vegetation) in spectral 

reflectance, but also some small differences in their accuracy were found.  

In the case of the main target area of Class 1 (spawning redds), the results from 

Thingvallavatn after post-classification improvements show an optimal classification 

method for this spectral reflectance with over 72% of producer’s accuracy in both 

algorithms. However, when analysing neural net error matrix (Table 6), a misclassification 

of some pixels was observed. Redds were mostly classified as rocks or vegetation thus 

reducing the accuracy of the class.  

When analysing Class 1 (spawning redds) in Ellidavatn, a similar accuracy was found by the 

maximum likelihood algorithm with 72% of producer’s accuracy. However, the neural net 

classification algorithm did not perform as well as in the case of Thingvallavatn resulting in 

a low percentage of classified pixels with only 10% producer’s accuracy in this class. 

Misclassification in other classes such as rocks and aquatic vegetation with similar spectral 

reflectance is the reason for this low classification percentage. Thus, maximum likelihood 

presents a more suitable method to be used for the classification of redd classes when 

studying areas with different topography and different environmental conditions during data 

acquisition. 

Class 2 were assigned as rocks on the water area for both study areas. Accuracy results for 

this specific class reach over 78% of producer’s accuracy after post-classification 

improvements using the maximum likelihood algorithm in Thingvallavatn and over 65% 

producer’s accuracy in Ellidavatn. In the case of Thingvallavatn these results would be 

considered satisfactory while in the case of Ellidavatn the results will be considered less 

satisfactory.  

In the neural net classification accuracies appear superior with this class reaching over 79% 

after post-classification improvements in Thingvallavatn and over 97% in Ellidavatn. 

However, a visual examination of the results shows that these high accuracies are probably 

achieved only because of a considerable overestimation of the underwater rock covered areas 

beyond their real extent.  
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The class showing vegetation over land appears in both study areas with different 

characteristics and spectral reflectance, but initially suggests an optimal accuracy in its 

classification. In the case of Thingvallavatn, vegetation has a producer’s accuracy of 94% in 

the maximum likelihood and 98% in the neural net classification. In the case of Ellidavatn 

the results reach up to 88% PA for maximum likelihood and 98% of neural net. However, in 

the case of Thingvallavatn the problem of overestimating appears since some smaller parts 

in the water area are also identified as this class (Figure 13) which is not the case in 

Ellidavatn (Figure 19). 

The overall accuracies of the classifications in both case study areas result in generally 

satisfactory outcomes. In the maximum likelihood classification overall accuracy in 

Thingvallavatn reaches 91%, with the redd areas having a producer’s accuracy of 76%. In 

Ellidavatn overall accuracy with maximum likelihood reaches 74%, with PA at 72% for the 

redd areas. Compared to that, the performance of the neural net classification is generally 

lower. In Thingvallavatn overall accuracy is at 91%, with PA of the redds areas being at 

72%. In Ellidavatn these are at 80% for the overall accuracy and 10% for the PA of the redd 

areas. For this type of study, it therefore appears that the maximum likelihood algorithm 

performs better than the neural net approach regardless of the specific differences of the two 

study areas. 

These results provide the opportunity to create a procedure to follow in different 

environmental conditions by replication of the methods used in this study (Figure 30). The 

protocol could aid specialists in salmonids to monitor the populations with UAV imagery 

and obtain optimal results by following these procedures without specialised knowledge in 

remote sensing.  

 

Figure 30 Workflow for a UAV remote sensing study in shallow freshwater systems 

 

The main aspects that were identified in this study as being important to be taken into 

consideration for optimal results are: 

Environmental conditions at the time of data acquisition, especially good weather conditions 

are essential to prevent or reduce issues such as the misclassification of pixels in some 
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classes. A good contrast with little or no reflection is a central aspect that needs to be taken 

in consideration.  

When selecting a UAV, some essential characteristics such as a resolution of at least 4k and 

a stable 90-degree angle camera are needed to be able to obtain a suitable image quality. 

An elevation of approximately 50m was shown to be the ideal flight altitude for this case 

study with an optimal variation in spectral reflectance available for further training data 

collection during the remote sensing analysis while not containing too much detail. Highest 

spatial resolution does not always result in the most accurate results during the analysis. The 

altitude must be decided from case to case depending on the target features and their specific 

characteristics. 

Regarding the use of the most suitable remote sensing classification algorithm, the maximum 

likelihood and the neural net classification methods should be executed with post-

classification tools for an improvement of the overall accuracy. In this study, the maximum 

likelihood has consistently proven to be the most successful, while the neural net 

classification also generally delivered acceptable results even if it underperformed in the 

most important classes for this specific study (redd areas). 

 

5.6 Summary 

According to the current change predictions already described in this study, fresh water 

systems and more in specific, arctic and sub-arctic freshwater fisheries will warm more 

rapidly than the global average and will be more sensitive to environmental changes. The 

increase of temperature will create hydraulic shifts in freshwater river systems, changing 

flows in the case of non-landlocked populations with possibilities of adaptation.  

However, salmonids are ectothermic species with relation of environment temperature and 

their life cycle status. The environmental conditions in the first stages of the embryos are 

important for the correct growth of the population.  

 This study demonstrates that combining remote sensing and UAV systems will allow 

researchers to monitor salmon spawning grounds that may be most vulnerable stages of the 

salmonids life cycle due to their location in shallow areas of lakes. 

This monitoring method could provide researches a tool to combined in their fieldwork in 

cases with inaccessible environments such as lakes or rivers. Furthermore, UAV 

technologies provides high resolution images with a low-cost investment with the possibility 

to obtain the images in short time and repeat data information if needed.  

Data collection of the redd class area can be supported using these methods to help further 

research into identifying variations between years. The redds area data give information on 

female salmonids density and by monitoring these at regular intervals it can become possible 

to detect changes in the population density on salmonids without having to undertake regular 

cost-intensive fieldwork on the ground (Figure 31). The classified aerial images can be used 

as a filter to monitor selected the areas with changes and further verification on the field 
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work. With this method, time and effort that needs to be spent on fieldwork on the ground 

can be saved and be focused on certain areas where the remote sensing analysis has detected 

significant changes. 

 

Figure 31 Use of remote sensing in fieldwork. 
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6 Conclusions and outlook 

This study aimed at testing the suitability of low-cost UAV systems and remote sensing 

methods for monitoring changes in salmonid population density in shallow freshwater areas. 

This has become an important issue because the effects of climate change and in specific 

global warming result in an increase of temperature in the arctic and sub-arctic twice as fast 

as in the rest of the planet (Sand, Berntsen, & Salzen, 2016). Due to their vulnerability to 

environmental changes freshwater fish are particularly affected by these trends and the 

related increase of temperatures in these ecosystems. Species such as salmonids are among 

the most vulnerable in freshwater ecosystems such as lakes, rivers, streams or wetlands 

(Wedeking & Küng, 2010). Increasing temperatures lead to environmental changes such as 

dissolved oxygen levels, an increase of toxicity of pollutants or migration of invasive 

organisms which affects the life cycle and development of salmonids. At the early stages of 

development, stable conditions at the spawning grounds are essential. 

This study investigated how spawning grounds can be monitored to be able to observe 

changes in the redds and consequently identify changes in population density. The approach 

taken in this research was different from traditional methods which are often labour intensive 

or problematic because of difficult access of study areas (Gallagher et al., 2007; Syrjänen et 

al., 2015). It took advantage of the fast-changing technological advances in remote sensing 

where the availability of UAV systems with high resolution at moderate costs has increased 

during the last years (Flynn & Chapra, 2014). In addition, computer technologies for semi-

automated classification techniques provide the possibility for more objective results than 

those achieved in the field through manual assessment and with the possibility of automating 

this process for changes detection applications.   

This study used the example of Arctic charr spawning grounds in lake Thingvallavatn 

located in the South West part of Iceland to develop a semi-automated classification method 

for identifying these areas using UAV imagery. A second site at Ellidavatn was included for 

a comparison of the results with different topographic and environmental conditions.  

True colour remote sensing images were taken at the study sites which were then 

subsequently analysed for their suitability. In the case of this study, images taken at an 

altitude of 50m proved to be ideal for further processing with the remote sensing tools. 

Different topographic and environmental conditions that were recorded during the data 

acquisition were taken into consideration during the analysis to better understand their 

impact on the classification results.  

Following data collection, a suitable approach for analysing the UAV images was developed 

using the ENVI software. Here a pixel-based classification approach was identified as 

suitable, which then involved the selection of suitable endmembers through their unique 

spectral signature. Several supervised classification algorithms were tested for their 

outcomes with a specific focus on their performance in classifying the spawning ground 

sites. 

The final classification showed that there are some limitations in the classification 

algorithms which do not always make a clear separation of all classes possible. Nevertheless, 

a classification of the main target class in this study was shown to be generally possible. The 

different algorithms were then ranked by their quality of outcomes using the values of overall 
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accuracy and accuracy in the redds class. The maximum likelihood and neural net 

classification approaches were the highest-ranking classification algorithms. Further post-

classification improvements could be achieved by reducing the so-called salt-and-pepper 

effect and a mask of the deep-water areas. was performed.  

A comparison of the techniques using the highest-ranking methods in both case study areas 

demonstrated the general applicability of the technique with similar results. The study 

showed that the overall accuracy of the classification using the maximum likelihood 

approach results is highest in different environment conditions and was therefore the best 

performing in this context. 

The outcomes demonstrate the method developed in this study is suitable for establishing an 

operational workflow for monitoring small scale salmonids population density in shallow 

areas using the procedures developed in this study. 

6.1 Outlook 

Despite some technical issues the method has a potential for future use in supporting 

fieldwork that aims at monitoring changes in salmonids populations in different 

environmental conditions.  

The problems that were identified, such as isolated unknown pixels during the post-

classification process affect the results only to a small extent. This issue may also be further 

addressed by implementing a Clump post-classification technique that was not tested due to 

time constraints. This technique could replace the isolated unclassified pixels and classified 

them into the class located around the pixel.  

Another issue was the falsely assigned high accuracies found some classes in both study 

areas. To reduce an overestimation of areas, it is advisable to aim for optimal weather 

conditions during the data acquisition where the highest possible contrast between different 

features can be achieved.  

Possible spectral similarities between a main target feature and a secondary feature can be 

problematic. The procedure of masking out some areas which was used in this study could 

be further advanced by taking additional spatial information, such as bathymetric data into 

account during the analysis. 

When a monitoring system is established, change detection maps from the redd locations 

can be produced and specific areas of changes identified that are then suitable for targeted 

fieldwork campaigns. The combination of this method and the verification of these changes 

on the field work can reduce the cost-intensive fieldwork focusing the work on certain areas.  

While in this study it was not possible to establish a time-series of UAV campaigns due to 

weather conditions, future studies should aim at using several flights in one season in order 

to observe whether long-term changes in spawning are happening.  

The inclusion of georeferenced ground truth data may also be taken into consideration in 

future studies as a more objective basis for the classification procedure. The use of GPS 

coordinates as ground control points (GCP) will also help in developing future change 
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detection procedures using Geographic Information Systems. GPS coordinates can also be 

used in a fieldwork verification of the current active redds by expert divers. The divers can 

monitor the study area to locate the active redds by GPS. This future study could develop a 

more objective basis of the classification results. The use of GPS also has the advantage of 

developing a flight plan that can be easily replicated in each UAV field survey. 

The Introduction of salmon farms can lead to wild salmonid population declines. UAV 

systems can aid in monitoring these habitats by using visual recognition of farmed 

salmonids. The recapture or eradication of farmed salmonids from the natural habitats will 

prevent their inbreeding with wild salmonid populations and the competition for 

environmental resources.  

Finally, expanding the classification procedure to other freshwater ecosystems such as 

streams or rivers could give a better perspective of the replicability of the method. Similar 

results are expected, however some other environmental conditions such a ripples or turbid 

water need to be taken into consideration.  

Salmonids such as brown trout share ecological habitat with Arctic charr in Thingvallavatn 

are also an important specie to be monitored. The implementation of classification 

procedures in this case could aid to future brown trout monitoring density population and 

their behaviour with Arctic charr spawning grounds.  

UAV technology provides a low-cost, fast, automated and accurate system to create high 

resolution redds map impossible to create with conventional platforms such as satellite or 

airborne imagery. The use of low-cost RGB imagery in combination with computer pixel- 

based image processing techniques can aid to monitor this sensitive first stages of the fish in 

a long-term for changes detection. Understand the current situation of this species in risk due 

to climate change and provide relevant information for long-term monitoring is important to 

create a management and conservation plan of salmonids population to prevent their 

population decline. 
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7 Appendix  

 

Figure 32 Overall maximum likelihood classification results in Thingvallavatn. 
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Figure 33 Overall neural network classification in Thingvallavatn. 
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Figure 34 Overall maximum likelihood classification results in Ellidavatn. 
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Figure 35 Overall neural network classification results in Ellidavatn. 


