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ABSTRACT 

The majority of current eutrophication measurements are based on the traditional in-situ point 

sampling and laboratory analysis of the samples. This method, besides being time and 

financially more consuming than the remote sensing, also very often lacks a sufficient spatial 

and temporal resolution to adequately analyse and describe the eutrophication phenomena. 

This thesis focuses on the application of current and upcoming hyperspectral sensors with 

high spectral and spatial resolution for the monitoring of eutrophication indicators in coastal 

zones and inland waters, which due to their biological and optical complexity compared to the 

open seas presents a challenge for remote sensing. High and statistically significant empirical 

correlations were found between the hyperspectral data and in-situ measured chlorophyll a 

(Chl-a), total suspended solids (TSS) and turbidity values. The algorithms were developed for 

the retrieval of concentrations of water quality parameters in the River Sava from the acquired 

airborne (AISA Eagle sensor) and in the Kaštela Bay from the satellite-borne hyperspectral 

images (Hyperion sensor). The algorithms showed good determination coefficients, but in 

general overestimated the measured parameters. The best algorithm for Chl-a retrieval was 

based on the band ratios R498/R518 in the coastal zone and R745/R418 in the inland waters. 

High correlations were also found between field hyperspectral data and; total nitrate and 

phosphorous values in coastal zones; and total nitrogen and oxygen values in inland waters. 

This indicates existence of the optically visible constituents in water that serve as proxy for 

the established correlations. The possibility to use remote sensing of invasive Caulerpa 

species as a supplementary indicator of eutrophication was also examined. As a scientific 

contribution to this effort, the hyperspectral profiles of C. taxifolia and C. racemosa var. 

cylindracea from the Adriatic Sea were for the first time recorded and analysed. It was also 

shown that it is possible to discriminate between C. taxifolia, C. racemosa var. cylindracea 

and P. oceanica based on their hyperspectral profiles. 

 

Key words: eutrophication, remote sensing, hyperspectral, chlorophyll, total suspended 

solids, turbidity, Caulerpa taxifolia, Caulerpa racemosa 
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SAŽETAK 

S porastom broja stanovnika i industrijske proizvodnje, raste eutrofikacija priobalnog 

područja i kopnenih voda. Učinkovito praćenje kvalitete vode je postalo kritično za programe 

gospodarenja vodnim resursima. To je prepoznato i od strane Europske Unije koja je unutar 

Okvirne direktive o vodama i Okvirne direktive o pomorskoj strategiji propisala obaveze 

učestalog praćenja i procijene ekološkog statusa vodnih tijela. 

Većina trenutnih mjerenja eutrofikacije se temelji na tradicionalnom in-situ uzorkovanju i 

laboratorijskoj analizi uzoraka. Ova metoda, osim što je financijski i vremenski zahtjevnija od 

daljinske detekcije, često kao nedostatak ima nedovoljnu prostornu i vremensku rezoluciju 

kako bi se primjereno analizirao i opisao fenomen eutrofikacije. 

Fokus ove disertacije je na primjeni trenutno dostupnih i nadolazećih hiperspektralnih senzora 

s visokom spektralnom i prostornom rezolucijom za praćenje indikatora eutrofikacije u 

priobalnom području i u kopnenim vodama koje zbog svoje optičke složenosti u odnosu na 

otvoreno more predstavljaju izazov za daljinsku detekciju. 

Tijekom istraživanja rađena su laboratorijska mjerenja različitih parametara kvalitete vode u 

Kaštelanskom zaljevu i na rijeci Savi. Paralelno su u području istraživanja snimljeni 

spektralni podaci u stupcu vode te neposredno iznad vodene površine. Korištenjem AISA 

Eagle senzora montiranog na zrakoplov napravljena je zračna hiperspektralna snimka 

područja istraživanja na rijeci Savi, a iznad Kaštelanskog zaljeva je pribavljena 

hiperspektralna snimka sa satelita Hyperion (NASA). 

Visoke i statistički značajne empirijske korelacije su ustanovljene između normaliziranih 

hiperspektralnih podataka i in-situ izmjerenih vrijednosti klorofila a (Chl-a), ukupno 

suspendirane tvari (TSS) i turbiditeta. Na osnovu toga razvijeni su algoritmi za dobivanje 

koncentracija parametara kvalitete vode iz zračnih i satelitskih hiperspektralnih slika. 

Algoritmi su pokazali dobar koeficijent determinacije, ali su općenito precijenili laboratorijski 

izmjerene vrijednosti. Najboljim algoritmom za dobivanje vrijednosti Chl-a se pokazao 

algoritam dobiven na osnovu omjera valnih pojaseva R498/R518 u priobalnom području te 

R745/R418 u kopnenoj vodi 

Visoke korelacije su također ustanovljene između hiperspektralnih podataka te ukupnog 

dušika i ukupnog fosfora u priobalnom području, odnosno ukupnog dušika i kisika u rijeci 

Savi. To ukazuje na postojanje optički vidljivih tvari u vodi preko kojih se posredno očitava 

ova korelacija. 
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Također je proučena mogućnost primjene daljinske detekcije invazivnih vrsta kaulerpe kao 

suplementarnog indikatora eutrofikacije. Kao znanstveni doprinos po prvi puta je snimljen i 

analiziran hiperspektralni profil vrsta C. taxifolia i C. racemosa var. cylindracea u 

Jadranskom moru. Također je ustanovljeno da je na osnovu njihovih hiperspektralnih profila 

moguće statistički razlučiti između vrsta C. taxifolia, C. racemosa var. cylindracea i P. 

oceanica. 

Ključne riječi: eutrofikacija, daljinska detekcija, hiperspektralno, klorofil, ukupno 

suspendirane tvari, turbiditet, Caulerpa taxifolia, Caulerpa racemosa 
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1 INTRODUCTION 

1.1 Problem setting 

As water quality perturbations related to escalating human population growth and industry 

pressures continue to grow leading to increase in eutrophication of coastal and inland waters 

(Board et al. 2000; Selman et al. 2008), effective water quality monitoring has become 

critical for water resource management programs. Recent surveys have shown that more than 

75% of the assessed United States of America (USA) coastal areas and about 65% of 

Europe’s Atlantic coastal area show symptoms of eutrophication (Selman et al. 2008). 

The lack of proper monitoring and its high costs presents some of the major difficulties for 

successful environmental management in order to reduce anthropogenic environmental 

pressures (Carpenter et al. 1998) and foster sustainable development.  

European Union recognized the importance of monitoring in water management and, both, 

Water Framework Directive (WFD) adopted in October 2000 (European Commission 2000) 

and more recent Marine Strategy Framework Directive (MSFD) adopted in June 2008 

(Directive 2008) prescribe a need of frequent monitoring to assess the ecological status of 

water bodies. 

In the case of terrestrial measurements of water quality, environmental managers deal with 

point measurements, the frequency of which is very low and it is often insufficient for many 

analyses (Jarsjö et al. 2008; Destouni et al. 2008). 

To avoid this problem variety of satellite remote sensing tools are being currently used for 

monitoring water quality parameters of large water surfaces at oceans. These water quality 

parameters can be quantified using remote sensing techniques allowing management plans to 

be formulated to reduce movement of substances from watersheds to water bodies thus 

reducing the effects of the pollutant on water quality. 

Satellite sensors such as Landsat Thematic Mapper (TM), Coastal Zone Color Scanner 

(CZCS), Sea-viewing Wide Field-of-view Sensor (SeaWiFS), Moderate Resolution Imaging 

Spectro-radiometer (MODIS) and Medium Resolution Imaging Spectrometer (MERIS) have 

been successfully utilized in many aspects of oceanography, such as primary production 

estimation (Mittenzwey 1992; D'Ortenzio et al. 2002; Volpe et al. 2007; Gitelson et al. 2008; 

Gons et al. 2008), suspended particulate matter (SPM) dynamics (Koponen 2006) algal bloom 
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detection (Randolph et al. 2008; Pan et al. 2010; Matthews et al. 2010), benthic vegetation 

mapping (Armstrong 1993; Mumby et al. 1997; LittLer et al. 2008) and physical 

oceanography (Giardino et al. 2001; Kratzer et al. 2003; Kratzer et al. 2008).  

However, the Adriatic Sea coastal zones and inland waters due to their biological and optical 

complexity compared to the open seas presents a challenge for remote sensing. (i) The levels 

of phytoplankton concentrations in the coastal zones and inland waters are typically higher by 

the orders of magnitude in comparison to ocean waters (Richardson and LeDrew 2006). 

Based on this parameter, the widely used algorithms for estimating ocean chlorophyll might 

not be the most appropriate for evaluating coastal aquatic zones (Morović and Precali 2004; 

Ouillon and Petrenko 2005) and inland waters. (ii) The other problem is that currently widely 

used satellites offer low spatial resolution that is very often not sufficient for use in inland 

water and coastal zone monitoring, especially in the case of very diversified eastern coast line 

of the Adriatic sea with many larger to smaller offshore islands (Castellari et al. 2006). 

The recent advances in remote sensing and geographic information have led the way for the 

development of multispectral and hyperspectral sensors with high spatial resolutions mounted 

on air-borne and satellite-borne platforms, such as Hyperion on board the EO-1 satellite, 

CHRIS on board the PROBA satellite and recently launched multispectral instrument on 

board the WorldView2 satellite. Hyperspectral remote sensing, also known as imaging 

spectroscopy, is a relatively new technology that is currently being investigated by 

researchers and scientists with regard to the water quality monitoring. There is a number of 

new satellites carrying multispectral and hyperspectral instruments that are planned to be 

launched in the near future, such as a Sentinel-2 from European Space Agency which is due 

to be launched in 2015. High spectral and spatial resolution allows for improved 

discrimination of water quality parameters and development of a better understanding of 

light/water/substance interactions (Kutser 2004; Udy et al. 2005; Ruiz-Verdú and 

Domínguez-Gómez 2005; Santini et al. 2009).  

As the author is aware; there are no currently available studies in Croatia providing the 

methodology and tools for water-quality monitoring tuned to specific local conditions in order 

to make use of the available multispectral and hyperspectral sensors with high spatial 

resolutions mounted on either air-borne or satellite-borne platforms.  
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1.2 Research objective 

The research is aimed towards proposing more feasible methods for monitoring 

eutrophication indicators in the coastal areas and inland waters using hyperspectral remotely 

sensed data. Since Croatia is the youngest EU member state, special attention will be given to 

the possible application within the scope of WFD and MSFD monitoring requirements. 

The majority of current eutrophication measurements is based on the traditional in-situ point 

sampling and laboratory analysis of the samples. This method, besides being time and 

financially more consuming than the remote sensing, also very often lacks a sufficient spatial 

and temporal resolution to adequately analyse and describe the eutrophication phenomena 

(Jarsjö et al. 2008). However; the in-situ sampling provides more precise measurements of the 

quantities of the eutrophication indicators than the remote sensing method, but this gap is 

narrowing with the recent instrumental and research advancements in the remote sensing 

field.  

Even that it still lacks the precision of the traditional methods in quantifying the 

concentrations of the eutrophication indicators, the remote sensing provides excellent 

complementary technique with the unmatching possibility to monitor the large areas with a 

sufficient spatial resolution to notice any on-going phenomena and indicate the areas of 

interest that can be further examined. 

There has been long established link between the anthropogenic pollution (Ollivier 1929) and 

spread of invasive Caulerpa species. The latest research further reinforces the correlation 

between nutrient enrichment and invasion of Caulerpa species in the Mediterranean Sea 

(Gennaro and Piazzi 2011). In this research the possibility to use remote sensing of Caulerpa 

as a supplementary indicator of eutrophication is also examined. As a contribution to this 

effort, the spectral profiles of Caulerpa taxifolia and Caulerpa racemosa var. cylindracea 

from the Adriatic Sea are analysed. Since the Caulerpa species often grow in patches inside 

Posidonia oceanica meadows, the possibility to spectrally discriminate between Caulerpas 

and Posidonia oceanica species was examined. 

1.3 Research questions 

Can application of currently available sensors provide reliable method for monitoring the 

environmental status of optically complex coastal and inland waters? 
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To what degree is possible to correlate optically visible constituents in water to the indicators 

of eutrophication processes? 

Is it possible to satisfactorily apply water quality retrieval algorithms on airborne and 

satellite-borne data? 

Is it possible to use invasive subaquatic species as an indicator of eutrophication? 

Is it possible to optically discriminate between invasive Caulerpa species and Posidonia 

oceanica in the Adriatic Sea? 

Is it possible to satisfactorily apply over the Adriatic Sea different already developed 

algorithms for the extraction of water quality parameters? 

How can remote sensing be integrated in assessment of eutrophication status of coastal and 

inland waters? 

What are the major challenges in assessing eutrophication using remote sensing? 

1.4 Hypothesis 

1. There is a significant correlation between the reflectance obtained by the field 

hyperspectral radiometer and concentrations of chlorophyll a (Chl-a) measured in-situ. 

2. Algorithm for the extraction of Chl-a concentrations from the values of hyperspectral 

reflectance is feasible to apply on the hyperspectral satellite and airborne images in order to 

prepare water quality maps in the coastal zones and inland waters. 

3. Concentration of Chl-a can be used as an indicator of eutrophication  

4. It is possible to optically discriminate invasive Caulerpa species and Posidonia oceanica 

1.5 Scientific Contribution 

An empirical algorithm is developed for the extraction of Chl-a concentrations from the value 

of hyperspectral reflectance obtained using field spectroradiometer and in-situ measurements 

of Chl-a concentrations in the Adriatic coastal zones. In the process different wavelength 

combinations were tested for the correlation with Chl-a. The possibility was tested to produce 

maps of concentrations of this pigment in the coastal zones from hyperspectral satellite 

images, which were expected to be widely used for coastal zone monitoring in the future.  

The possibility to produce maps of concentrations of different optically visible water quality 

constituents was tested in the river Sava by using airborne hyperspectral sensors. Spectral 



5 

bands or different ratios of spectral bands that correlate well with different water quality 

parameters were determined. 

The possibility to use remote sensing of Caulerpa as a supplementary indicator of 

eutrophication is also examined. As a scientific contribution to this effort, the spectral profiles 

of C. taxifolia and C. racemosa var. cylindracea from the Adriatic Sea are analysed. As well, 

the possibility to discriminate between invasive Caulerpa species and P. oceanica based on 

their hyperspectral profile was tested. 

As an overall contribution to the discipline of environmental management, the opportunities 

and challenges of integrating hyperspectral remotely sensed data in the process of 

eutrophication risk assessment were examined. 

1.6 Structure of the thesis 

The Chapters in this thesis follow this logical order: 

1. Introduction – Why is this research important, what questions it wants to answer and 

what are the hypothesis to test? (Chapters 1 and 2) 

2. Background analysis – What is the theoretical background of research hypothesis 

and what are the current advancements in this area? (Chapters 3 and 4) 

3. Materials and methods – How the research hypothesis will be tested? (Chapter 5) 

4. Results and discussion – What are the obtained results and in what degree they 

answer the research questions? (Chapters 6 and 7) 

5. Conclusion – What conclusions where reached by this research? (Chapter 8) 

Chapter 1 presents the basic information on the research and thesis structure. 

Chapter 2 describes the importance of monitoring eutrophication process and different 

indicators that can be used for that purpose. It further describes traditional and remote sensing 

methods for water monitoring, explaining particularities of open ocean waters, coastal zones 

and inland waters. It discusses the specifics of the Croatian coastal zones and inland waters 

and why they present challenge for monitoring. Finally, it presents the possibility to also use 

invasive Caulerpa species as complementary indicators of nutrient enrichment and 

eutrophication. 

Chapter 3 provides a theoretical background for using remote sensing in measuring water 

quality parameters and using these parameters as eutrophication indicators. 
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Chapter 4 provides a review of the current research advancements in remote sensing of water 

and invasive subaquatic species; from better instrument properties to more efficient 

processing and classification techniques. 

Chapter 5 presents materials and methods used to test the research hypothesis.  

In Chapters 6 and 7 research results are presented and discussed in the context of integrating 

hyperspectral remote sensing in eutrophication risk assessment. 

Chapter 8 synthesizes the final thesis conclusion. 
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2 EUTROPHICATION 

2.1 Eutrophication processes and its consequences  

Eutrophication has been a much-discussed topic in the scientific and general literature over 

the last 30 to 40 years. The term comes from two Greek words – eu (meaning “well”) and 

trope (meaning “nourishment”). It can be defined as the process of changing the nutritional 

status of a given water body by increasing the nutrient resources. (Jørgensen and Richardson 

1996) 

Most commonly this refers to input of mineral nutrients, phosphorous and nitrogen, but it can 

be any other nutrient that provides nourishment to living organisms in water.  Nixon proposes 

that eutrophication can be defined as “an increase in the rate of supply of organic carbon to an 

ecosystem” (Nixon 1995).  

In most fresh waters, phosphorous availability is accepted to be the limiting factor for plant 

growth. In marine systems it is generally established that nitrogen concentration presents limit 

for primary production (Jørgensen and Richardson 1996).  

Water bodies can be classified in dependence to the level of their productivity (synthesis of 

organic compounds) as, in increasing order, oligotrophic, mezotrophic, eutrophic and  

hypereutrophic. 

Most water systems will respond to eutrophication by increasing biomass production of plant 

material. This organic material will increase the food availability to fish and benthic species 

resulting in their biomass increase. This is an “enrichment phase” as named by Gray (Gray 

1992) in his general scheme of eutrophication effects (Figure 1). This effect has been 

qualified as “positive”, and there had even been suggestions to increase fish biomass by 

eutrophication (Jørgensen and Richardson 1996). Some authors have argued that the 

anthropogenic eutrophication might have been liable for the increase in the fisheries yield in 

the recent century (Tatara 1991). Increase of fisheries in the Adriatic Sea in the 1980s has also 

been attributed to eutrophication (Marasović et al. 1988). 

Abundance of food will result in a shift of species composition, either due to the new balance 

in the food web or invasion of new competitive species. The secondary effect of increasing 

biomass of phytoplankton will be limited light penetration in the water column, which will 

have effect on the distribution of the benthic plants. Another secondary effect that can be 
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observed is rapid growth of single phytoplankton species (“algal bloom”), which can 

sometimes be toxic. 

Perhaps the most serious effect of eutrophication is “hypoxia” – low oxygen concentration. It 

is caused by the microbiological decay of the organic matter that has been delivered to the 

bottom of the water column via sedimentation process. The microbial decay process 

consumes oxygen causing a dropdown of its concentration in the surrounding waters. In the 

extreme cases it can lead to the occurrence of  anoxia, zero oxygen concentration, in the 

bottom waters. 

Since biological systems are dependent on oxygen, even a small decline in its concentration 

level will lead to behavioural changes in organisms. Most of the animals will try to flee the 

area of hypoxia and the less tolerant or mobile species will begin to die. If bottom waters 

become anoxic, this will cause a death of most organisms.   

 

 

Figure 1 General scheme of eutrophication effects (Gray 1992) 
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2.2 Sources of eutrophication  

Eutrophication can occur as a natural process or as a result of anthropogenic activities.  

Naturally, for example, it occurs through the process of “upwelling” in regions where due to 

the local hydrographic conditions nutrients are transported from nutrient-rich and light limited 

deep waters to nutrient-poor shallower photic region of the water column.  

Main anthropogenic sources of nitrogen and phosphorous enrichment of water can be 

classified as point sources (e.g. untreated wastewater), which are localized and more easily 

monitored and controlled, and as nonpoint sources (e.g. agricultural runoff), which are diffuse 

and much more difficult to monitor and regulate. This has been clearly recognized by the 

European Union, which addressed this problem through the Nitrates Directive (91/676/EEC) 

and Urban Waste Water Directive (91/271/EEC). 

 

Table 1 Common anthropogenic nutrient sources 

Point sources Non-point sources 

Wastewater effluent (municipal and 

industrial) 

Runoff and leachate from waste disposal 

sites 

Runoff and infiltration from animal 

feedlots 

Runoff from mines, oil fields, and 

unsewered industrial sites 

Runoff from agriculture (including return 

flows from irrigated agriculture)  

Runoff from pastures and rangelands 

Urban runoff from unsewered areas 

Septic tank leakage and runoff from 

failed septic systems 

 

2.3 Coastal and inland waters 

The coastal and inland waters can be differentiated in accordance to their optical properties 

and geographic scope. 

The classification of natural waters in Case 1 and Case 2 waters in accordance to their optical 

complexity was first introduced by Morel and Prieeur in 1977 (Morel and Prieur 1977) and it 

was frequently used for bio-optical modelling purposes in the remote sensing research. In 

accordance to the definition, Case 1 waters optical properties are determined primarily by 
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phytoplankton and their co-varied detrital matter while Case 2 waters optical properties are, in 

addition to phytoplankton, significantly influenced by other constituents such as inorganic 

particles, coloured dissolved organic matter and possibly suspended organic matter of 

terrestrial origin.  

Case 1 waters are typically mid-ocean waters, while Case 2 waters are typically coastal and 

inland waters. The major objection to such classification is that there is no clear distinction 

line between Case 1 and 2 waters and that it over simplifies their optical properties. Due to 

this, a part of the scientific community is calling to abandon such classification (Mobley et al. 

2004).  However, to be consistent with recent optical modelling and remote sensing research, 

the “Case 1 and 2” terminology will be sometimes used in this thesis to describe water types. 

The definitions used in this thesis for coastal and inland waters in accordance to their 

geographic scope are adjusted from the definitions used by WFD. 

Coastal zones include “transitional waters” and “coastal areas” as defined by WFD. 

‘Transitional waters’ are defined by the WFD as bodies of surface waters, which are 

substantially influenced by freshwater flows. ’Coastal waters’ means surface waters on the 

landward side of a line, every point of which is at a distance of one nautical mile on the 

seaward side from the nearest point of the baseline from which the breadth of territorial 

waters is measured, extending where appropriate up to the outer limit of transitional waters. 

Inland waters mean all standing or flowing water on the surface of the land, apart from the 

groundwater.  In this thesis the groundwater will not be concerned since it cannot be surveyed 

with hyper-spectral cameras above ground. 

The fundamental ecosystem response to eutrophication is similar between coastal zones and 

inland waters, but there are differences that prevent us from simply applying knowledge of 

one system to the other.  

The nitrogen and phosphorous are main limiting growth nutrients in coastal and inland 

waters. The optimal ratio between molar concentrations of N and P for phytoplankton growth 

is 16:1 and it is know as the Redfield ratio. Thus the ratio of dissolved inorganic nitrogen and 

phosphorus, DIN:DIP is an indicative number for potential nutrient limitations. Coastal 

waters are primarily nitrogen-limited while phosphorous is the main limiting factor in the 

inland waters. However: there are coastal areas which due to the anthropogenic loadings have 

higher N:P ratio and P represents a limiting factor; such as Northern Adriatic (Cozzi et al. 
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2002; Spillman et al. 2007), Black Sea (Shtereva et al. 1999), some Danish coastal area 

(Jørgensen and Richardson 1996), Dutch coastal waters (de Jonge et al. 2002). 

Strong empirical relationships between phytoplankton biomass (Chl-a) and nutrient 

concentrations in the water column have been found in marine waters (Ketchum 1969; 

Meeuwig et al. 1997), rivers and lakes (Chl-a-TP) (Søballe and Kimmel 1987; Van 

Nieuwenhuyse and Jones 1996). 

The differences in hydrodynamic properties and water exchange rates in the coastal zones, 

lakes and rivers, influence the dynamics of the eutrophication processes. Lakes are 

characterized by the slow water exchange, measurable in- and out flows and mostly uniform 

conditions. This makes them easier for developing numerical models of eutrophication than 

rivers and coastal zones.  

The coastal zones poses the greatest challenge for quantifying and qualifying eutrophication. 

They are both under influence of anthropogenic fluxes from land based source pollution and 

of the climatic variation cycles of the deep sea. 

2.4 Eutrophication assessment 

In order to evaluate whether or not levels of eutrophication can be considered as "acceptable", 

it is necessary to have defined quality criteria for the conditions desired in the environment 

for which acceptable limits are being discussed. Such quality objectives must be established 

politically. 

In 2000 the Water Framework Directive (2000/60/EC) introduced – amongst other 

requirements – a comprehensive ecological status assessment of all surface waters, based on a 

number of biological, hydromorphological, chemical and physico-chemical quality elements 

(cf. Annex V 1.1 and V 1.2). The WFD provides a basis for a clear and detailed assessment of 

eutrophication, and provides the potential for a more consistent and integrated approach to 

managing nutrient inputs to water taking fully into account the requirements of previous EU 

legislation. 

In addition to these directives, the EU Marine Strategy Framework Directive (2008/56/EC) 

aims at achieving or maintaining 'good environmental status' including the minimisation of 

eutrophication in Member States' marine waters. Member States are required to develop their 

marine strategies and identify measures based upon the initial assessment and their 
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determination of 'good environmental status' for their water within a harmonised 

methodological framework. 

While these directives define a qualitative framework for the assessment of eutrophication 

and include it as a parameter that defines the quality of water bodies, it is left to the Member 

countries to develop specific indicators and limit values for delineating between 

environmental status of water bodies (e.g. “bad”, “poor”, “good”, “moderate”, “high”). The 

special effort is taken in the intercalibration process between member states to make the 

monitoring results comparable. 

The EEA defines that “an indicator is a measure, generally quantitative, that can be used to 

illustrate and communicate complex phenomena simply, including trends and progress over 

time”. 

As Karydis notes (Karydis 2009) good indicator for eutrophication assessment can basically 

provide information on: (a) to detect trends that cannot be easily observed from the raw data 

(b) to be used as an early warning system in decision making when management practices are 

applied and (c) to assess the degree of severity or remediation in areas with established 

problems of eutrophication. 

Nutrient concentrations are commonly used as indicators for eutrophication in the coastal 

zones and inland waters. There is a problem with such approach because nutrients 

concentrations as a state variable do not measure well a dynamic process of eutrophication; 

changing in the rate of flux of nutrients in the environment. The effects of eutrophication are 

present only if nutrients are incorporated into new organic material and if this happens 

quickly enough, there is a possibility that this process will not be reflected in the nutrient 

concentrations in water column. 

To overcome the problem many monitoring programmes as a measure of eutrophication use 

phytoplankton biomass, expressed through Chl-a concentrations as a more easily measurable 

proxy.  

TSS and turbidity values are beside Chl-a often used to characterize general water quality and 

as an indicator of trophic state (Vollenweider et al. 1998; Mssanzya 2010). 

Chl-a, TSS and turbidity concentrations are also a state variable and do not tell us much about 

the net increase in the production of organic material within the system. Ideally monitoring 

programmes should be designed to measure changes in production over time in order to 

monitor the processes of eutrophication.   
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Such time-series monitoring is expensive and logistically complicated and this is where 

monitoring programmes encompassing remote sensing techniques show to be less logistically 

demanding and more cost effective. 

2.5 Invasive species as indicators of eutrophication 

Invasive species have been recognized for some time as an important element of global 

change and a major driver of ecosystem modification (Vitousek et al. 1997).  

Changes in the availability of seawater nutrients may directly influence the spread of invasive 

species, either by increasing their growth rate or reproductive ability, or decreasing habitat 

resistance to invasion by modifying the ecosystem structure (Piola and Johnston 2008; 

Gennaro and Piazzi 2014).  

The existence of a correlation between domestic pollution and the spread of algae belonging 

to the genus Caulerpa is well documented. Ollivier (1929) at the beginning of the 20th century 

suspected that the increasing anthropogenic pollution facilitated the spread of Caulerpa 

prolifera in the French Riviera.  

Eutrophication is considered to enhance the spread of invasive Caulerpa species such as C. 

taxifolia, C. racemosa in the Mediterranean Sea, C. brachypus f. parvifolia in Florida and C. 

ollivierii Dostál in the Bahamas (Chisholm et al. 1997; Lapointe et al. 2005; Lapointe and 

Bedford 2010). 

The studies in the Mediterranean sea have shown that seabeds impacted by urban wastewaters 

can enhance the competitiveness of C. taxifolia when it is in contact with native seagrasses 

(Ceccherelli and Cinelli 1997; Chisholm et al. 1997).  

It is also observed that there is a greater incidence of C. racemosa occurrence in marine areas 

under high levels of human pressure, suggesting that C. racemosa can take advantage of 

habitat degradation (Klein et al. 2005; Bulleri et al. 2010; Bulleri et al. 2011). 

Results of the recent study showed that the spread of C. racemosa is greater under nutrient-

enriched regimes indicating that it could be favoured by an increase of eutrophication of the 

coastal water of the Mediterranean Sea (Gennaro and Piazzi 2014).  

The spread of C. racemosa was used as one of the parameters in developing a new biotic 

index for ecological status assessment of Italian coastal waters (ESCA, Ecological Status of 

Coralligenous Assemblages) (Cecchi et al. 2014). This index was suggested to be used for 
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determining five ecological status classes as in accordance with the Water Framework 

Directive. 

Therefore, the preservation of good water quality status has an important role in containing 

both C. racemosa and C. taxifolia and other introduced seaweeds.  

In the Croatian Adriatic Sea C. taxifolia was first discovered in 1994 while the first discovery 

of C. racemosa var. cylindracea in Croatia was in 2000 (Žuljević et al. 2003). Since then C. 

taxifolia has been recorded at three locations and C. racemosa var. cylindracea at 43 

locations (Žuljević et al. n.d.).  Caulerpa in the Adriatic Sea competes for the available 

habitat with Posidonia oceanica, successfully replacing it and altering the ecosystem 

structure.  
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3 THEORETICAL BACKGROUND 

3.1 Basics of remote sensing 

The term “remote sensing” was coined by Evelyn Pruitt of the US Office of Naval Research 

in the 1950s. In its broadest sense, it stands for the collection of information about an object 

without making physical contact with it.  

Modern conception of remote sensing came with the invention of photography in the first half 

of 19th century, which allowed for the first time in history to record an image permanently and 

objectively. The next step forward was airborne photography that developed soon after the 

invention of the airplane at the beginning of the 20th century and was extensively used in 

military purposes during the First World War. However, the wide interest in using the remote 

sensing for Earth observation started with the launch of first spacecrafts that took images of 

Earth from outer space. The launch of  NASA satellite Landsat-1 in July 1972 marked the 

beginning of the new era in spaceborne remote sensing and since then a number and diversity 

of spaceborne and airborne remote sensing systems has grown dramatically (Rees and Rees 

2012). 

The definition used in this thesis for the hyperspectral remote sensing is observation 

(imaging) of the Earth’s surface viewed from above the ground using information that is 

carried by electromagnetic radiation across the electromagnetic spectrum (Figure 2). The 

“above ground” commonly refers to satellite- and airborne observations, but it may include 

also observations from handheld and vessel-mounted devices. 
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Figure 2 Electromagnetic spectrum (Source: Philip Ronan) 

Much as the human eye sees visible light in three frequency bands (red, green, and blue), 

hyperspectral remote sensing divides the spectrum into many more bands and some of these 

bands might extend beyond the visible. 

Depending on the number and placement of these bands, spectral imaging sensors are usually 

divided as multispectral or hyperspectral.  

Multispectral sensors produce spectral images in many discrete bands, but do not cover 

continuous spectral range. On the other hand, hyperspectral sensors produce spectral images 

over a continuous spectral range in narrow spectral bands. 

Normally hyperpectral sensors have more than 100 bands; however, a sensor with only 20 

bands can also be hyperspectral when it covers the range from 500 to 700 nm with 20 bands 

each 10 nm wide. While a sensor with 20 discrete bands, covering the wide spectral range 

would be considered multispectral. 

The application of remote sensing is based on analysing information impressed on 

electromagnetic radiation that is being reflected from the observed object and captured by the 

lens of an instrument. Objects emit, absorb and reflect light of certain wavelengths depending 

on their physical characteristics. This combination of emitted, absorbed and reflected 

electromagnetic radiation presents a spectral signature of an object and can be used for its 

unique identification. 

Remote-sensing instruments can be also classified based on their spectral, spatial, radiometric 

and temporal resolution. 
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Spatial resolution refers to the size of a pixel that is captured in the image and it is usually 

measured in meters. It shows what is the size of the smallest object that can be differentiated 

in the image. 

For the application in the coastal zones and inland waters it is important that the observed 

water area is larger than the minimal pixel size captured by the remote sensing instrument. To 

assure that the pixel contains only water without any signal from the surrounding land and 

vegetation – the pixel size should be at least three to four times smaller than the observed 

water area. Hence; if a pixel resolution is 10 m, the minimal water area should be at least 30 x 

30 meters to assure that there is at least one pure water pixel.  

Consequently, for imaging small water bodies such as small or medium width river systems, 

high spatial resolution imagery (with pixel sizes of 2 to 10 m) may be the only option. 

Spectral resolution represents wavelength width of the different frequency bands recorded and 

it is usually related to the total number of bands captured.  

Radiometric resolution represents number of different intensities of radiation the sensor is 

able to distinguish. It is expressed in bits and it usually ranges from 8 to 14 bits. 

Temporal resolution is a frequency between taking an image over same area usually by 

satellite or airplanes and it is relevant in observing phenomenon that spread in time. 

3.2 Remote sensing of water quality 

The visible region of the electromagnetic spectrum (approximately 400-700 nm) and very 

near infrared region (approximately 700 - 1200 nm) is the most important for the remote 

sensing of water quality. The water attenuation of infrared part of the electromagnetic 

spectrum is so high that this region is useful only for observing phenomena that occur on the 

surface. Water signal captured by a sensor of a remote sensing instrument above ground and 

converted to an electrical signal includes effects introduced by five different radiation 

components (Figure 3). 
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Figure 3 The radiance components recorded at the air- or space-borne sensor. (1) Upwelling 

radiation from the water column, (2) Radiation reflected from the bottom, (3) Radiation 

reflected from the air-water interface, (4) Radiation scattered by the atmosphere, (4) Radiation 

reflected from the adjacent land and scattered into the sensor 

 

The first radiation component consists of interaction between water constituents and solar 

light and carries information on water quality. Solar light travels through the atmosphere and 

through the air-water interface in the water. The water molecules and other substances 

suspended or dissolved in water scatter and absorb the radiation. The back-scattered portion 

of the radiation travels again through the air-water interface and atmosphere until it reaches 

the sensor. All these interactions affect the spectral characteristics and intensity of the 

radiation and influence the water quality estimation. 

The other four components that will be briefly discussed later do not carry any information on 

the water quality and can be regarded as noise.  

The fundamental concept in describing how much electromagnetic radiation is travelling in 

different directions is the radiance L. 

Radiance is the measure of the quantity of radiation that passes through or is emitted from a 

surface and falls within a given solid angle in a specified direction. It is expressed in the SI 

units as W m-2 sr-1.  
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The spectral radiance is expressed as W m-2 sr-1 Hz-1 or as  W m-2 sr-1 nm-1 depending weather 

the spectrum is a function of frequency or wavelength. 

The radiance that is recorded by the sensor above water (Ld) can be expressed as: 

 

Ld = Tatm (Lw + Ls + Lb )+ La + Ll        

 

where 

Tm – portion of the radiance that is transmitted through the atmosphere (transmittance) 

Lw – radiance component from the water volume just below the surface (z = +0) 

Ls – radiance component of the water surface (z = +0) 

Lb – radiance component from the bottom  

La – radiance component from the atmosphere 

Ll – radiance component from the adjacent objects close to the target  

 

Each radiance component is a function of the measurement geometry and wavelength and can 

be expressed as L(θi, θr, ϕ, λ), where θi and θr  are zenith angles of incident and reflected 

radiation (Figure 4),  ϕ is the azimuth angle between them (Figure 5) and  λ  is the 

wavelength. 
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Figure 4 Reflection and refraction at a plane boundary between two media 

 

 

Figure 5 Azimuth angle of incidental radiation 

 

If electromagnetic radiation reaches a surface from a range of directions, the total power 

incident on unit area of the surface is called the irradiance E(λ) and is obtained by integrating 

the radiance over all directions of half a sphere. Its SI unit is W m2. 
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The portion of irradiance propagating downwards is called “downwelling” irradiance Ed(λ) 

and upwards is “upwelling” irradiance Eu(λ). 

Irradiance reflectance R(λ) is defined as a ratio of upwelling and downwelling irradiance: 

R(λ) = Eu(λ)
Ed (λ)

 

Since a remote sensing instrument only measures radiance from a specific angle of view it is 

more convenient to use ratio of upwelling radiance reflected back into sensor and 

downwelling irradiance: 

RRS (λ) =
Lu(λ)
Ed (λ)

 

where: 

Lu - radiance component including the contribution of radiance components of water volume, 

water surface and bottom (Lu  = Lw + Ls + Lb). 

3.2.1 Atmosphere 

Depending on the attitude of the sensor above ground, effects of the atmosphere may be 

negligible (e.g. field sensors) or might have a substantial impact on the quality of images in 

case of the satellite-borne sensors. 

The atmospheric effects include physical processes of scattering and absorption. 

Scattering is the redirection of electromagnetic energy caused by aerosols or gas molecules 

present in the atmosphere. Effectively a portion of the radiation is directed back towards 

space and other one is directed towards the surface.  

Absorption occurs when the atmosphere prevents or strongly attenuates transmission of 

radiation. Three gases are responsible for most of the absorption; O3, CO2, and H2O. The 

energy acquired by absorption is subsequently reradiated at longer wavelengths. 

Below the overcast sky there is essentially no direct sunlight so all light comes from 

scattering, however even in the clear sky the scattering effect is observable.  

 

One of the goals of the image processing is minimisation of the atmospheric effects. 
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The computer models used for this task require some knowledge of the types and amounts of 

aerosols and gases present in the atmosphere as input parameters. These have to be measured 

or estimated somehow before the correction coefficients can be computed (Koponen 2006). 

3.2.2 Air-water interface 

There are two major effects that happen on the air-water interface: refraction and sun glint. 

Refraction is the bending of light rays at the contact area between two media that transmit 

light. The direction angles of the radiation change as defined by Snell’s Law, which causes 

changes in the radiance going through the surface. This has to be accounted in the analytical 

modelling, but it has no practical implications on the signal processing conducted in this 

research. 

The other effect is sun glint, which is specular reflection of sun light from the water surface 

and it is generally undesirable in the assessment of the water quality.  In the images taken by 

the field spectrometer it was avoided by placing the fore optics of the instrument under a 

slight deflection from the 90° angle above the water and with the sunlight coming from 

behind. 

3.2.3 Bottom effect 

Bottom effect is the contribution of the sediments and sub-aquatic vegetation to the optical 

signal leaving water in shallow and transparent waters. The Adriatic Sea is generally very 

transparent and the bottom effect has to be accounted for in the areas near the coast for the 

extraction of the pure water quality signal. However; application of the remote sensing could 

be also to delineate sub-aquatic vegetation based on the radiation component from the bottom. 

In that case, goal of the signal processing could be to remove other influences and obtain the 

clearest possible signal from the bottom. 

3.2.4 Adjacency effect 

In remotely sensed images water appears much darker than the adjacent land area. Some of 

the photons reflected by the bright areas are scattered into the sensor by the atmosphere 

making the water pixels appear brighter than they are actually. This effect is accounted for in 

a way to remove from the further analysis the data located near the adjacent land or to 

perform a brightness correction to compensate for this effect. 
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3.3 Inherent optical properties of water 

Inherent optical properties (IOP) are properties of the medium and do not depend on the 

ambient light field, meaning that IOPs can be equally measured in the laboratory or in situ in 

the water body.  

IOPs of water are defined by its absorption and scattering properties, which are dependent on 

the composition, morphology, and concentration of the particulate and dissolved substances. 

Composition refers to what materials make up the particle or dissolved substance, particularly 

to the index of refraction of that material relative to the surrounding water. Morphology refers 

to the sizes and shapes of particles and concentration specifies the number of particles in a 

given volume of water. 

The absorption coefficient a(λ) ,is the fundamental IOP that describes how a medium absorbs 

light. The scattering coefficient b(λ) and volume scattering function (which describes the 

angular distribution of scattered flux) likewise describes how the medium scatters light.  

Another IOP is the beam attenuation coefficient that can be expressed as: 

c = a + b 

The beam attenuation coefficient thus represents the total loss of light due to absorption and 

scattering combined. 

For example, both the absorption and scattering coefficients of pure water are less that 0.01 

m-1 at 440 nm. However, in turbid coastal waters with high concentrations of phytoplankton, 

suspended inorganic matter, and dissolved organic matter, the absorption and scattering 

coefficients can be orders of magnitude larger.  

The absorption coefficient of water at a given wavelength is equal to the sum of the individual 

absorption coefficient of all the optically significant constituents: 

atotal (λ) = aw (λ)+ aph (λ)+ acdom (λ)+ as (λ)  

where: 

aw  - absorption coefficient of pure water 

aph  - absorption coefficient of phytoplankton 

acdom  - absorption coefficient of coloured dissolved organic matter 

as  - absorption coefficient of suspended inorganic matter 
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Scattering in water is caused by the interaction of light and water constituents, mainly; water, 

phytoplankton and suspended inorganic matter. Backscattering is more specifically, only a 

part of light that is scattered in backward direction and it leaves back the water: 

btot (λ) = bw (λ)+Cphbph (λ)+Cbbs (λ)  

where subscripts w, ph and s stand for water, phytoplankton and suspended inorganic matter 

respectively and C stands for the concentration. 

3.4 Optically measurable water constituents 

Optically active components in water affect the spectral signature and intensity of reflected 

radiation. Reflectance of water is depended on the type and concentration of these 

components. If we know the optical properties of the optically active components we can 

identify them and estimate their concentration from the remotely sensed data, which is the 

ultimate goal of the water quality remote sensing. 

In surface waters that do not have significant input of materials from land, the optically active 

constituents are water, phytoplankton, non-living organic particles, and their derived 

dissolved substances. Inorganic particles resuspended from sediments or brought to water 

from land runoffs are present in shallow coastal areas and inland waters. 

3.4.1 Pure water 

Pure water consists of water molecules. Inherent optical properties of water are well known 

and considered a constant. (For reference see spectral signatures of pure water determined by 

Smith and Baker (Smith and Baker 1981)  and updated by Pope and Fry (Pope and Fry 1997). 

3.4.2 Phytoplankton 

Phytoplankton is probably the most important optically significant water constituent and 

primary producer in the surface waters, which is fundamental for the aquatic food-web. It is 

taxonomically diverse group that consist of more than 10 000 species and taxa (Wright et al. 

1997).  

Phytoplankton contains a large group of pigments, among which Chl-a is the most important 

as the dominant pigment in solar light absorption. Chl-a is universally present in eukaryotic 

algae and the Cyanophyceae (cyanobacteria or “blue-green algae”) (Rowan, 1989). This is a 
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reason why Chl-a is commonly measured in water quality remote sensing monitoring 

programs for coastal and inland waters. 

Extracted Chl-a has two dominant peaks in absorption spectra at around  430 nm (blue) 

and 665 nm (red), whereas for the measurements in vivo there is an observed 5-10 nm 

wavelength shift (Babin et al. 2003). The exact magnitude, position and the width of the 

absorption region also depends on the cell species and its physiological state (Falkowski and 

Raven 2013). Chl-a exhibits natural fluorescence with a peak at 685 nm that can be also used 

for remote sensing (Neville and Gower 1977). 

Scattering coefficient by phytoplankton is relatively low compared to the other particles 

present in water (Vaillancourt et al. 2004) and thus it is often neglected in water radiance 

models.  

3.4.3 Coloured dissolved organic matter 

Coloured dissolved organic matter (CDOM) consists of aliphatic and aromatic polymers that 

are result of the degradation of phytoplankton or terrestrial plant matter that ended up in 

surface water. Other names used for CDOM include chromatic dissolved organic matter, 

yellow substance, gelbstoff, humus. 

It is one of the major light absorbing constituents in turbid coastal and inland waters with the 

strongest absorption in the ultra-violet and blue region that exponentially diminishes to near 

zero in the red region (Kirk 1994). Therefore, non-turbid waters appear blue.  

In the upper layers of water it can enhance the productivity of phytoplankton by blocking the 

harmful UV radiation, but at the same time it restricts the growth of phytoplankton at the 

lower levels by blocking the penetration of light (Stedmon et al. 2000). 

The scattering properties of CDOM can be ignored in remote sensing since the substance are 

assumed to be fully dissolved in water and thus does not cause scattering. 

CDOM is often used as a surrogate for dissolved organic carbon (DOC) (Bukata 2005). 

3.4.4 Suspended inorganic matter 

Suspended inorganic matter (SM) consists of non-chlorophyllous matter (e.g. sand, clay) that 

usually originates from resuspended sediments, as runoff material from land or it is brought 

by air movements from the atmosphere (e.g. dust). 
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It often creates the greatest discrepancies in the optical signal of waters that are influenced by 

high material load from land. These discrepancies are due to the high geologic diversity of 

runoff material. As the type of material varies from one location to the other, so does the 

absorption and scattering coefficient.  

For this reason, in order to determine contribution of SM to the optical signal of water, it is 

necessary to know its optical properties at the investigated location. It also may be possible to 

use optical characteristics of SM from different watersheds with similar geologic origins 

(Bukata 2005). 

Total suspended solids is frequently measured instead of measuring separately organic and 

inorganic matter. 

3.4.5 Other optically measurable water quality parameters 

There are other water quality parameters that can be observed by remote sensing; although 

they do not have inherent optical characteristics, but are rather measure of the combined 

effect of the presented optically significant substances. 

Secchi disk   

The Secchi disk depth is a measure of water transparency. It is a circular white disk (about 20-

30 cm in diameter) that is lowered in water until it disappears from view of the observer. The 

depth of disappearance is a visual measure of the transparency of the water. Transparency 

measurements depend on the lightning conditions, but essentially on decrease of contrast 

between the disk and the surrounding water. What makes these measurements less subjective 

is a remarkable property of human eye to distinguish the contrast. Due to the simplicity of 

measurement, it has been often used and there are long time series of data available.  

Transparency is inversely related to the concentrations of other optically active constituents 

(E.g. if the concentrations of Chl-a, CDOM and TSS is low than Secchi disk depth is high and 

inversely). Secchi disk is often used as a certain rule of thumb measurement to determine the 

depth of euphotic zone in water (Preisendorfer 1986). 

Turbidity 

In general terms, turbidity is a reduction in water transparency because of the presence of 

suspended matter absorbing or scattering of light. Same as Secchi disk measurements it is 

related to the concentrations of other optically active constituents. Turbidity is expressed in 

nephelometric turbidity units (NTU) against an artificial standard.   
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4 REVIEW OF CURRENT RESEARCH ADVANCEMENTS  

This chapter presents the recent research in extraction of information on water quality and 

invasive subaquatic vegetation from remotely sensed data of the coastal and inland waters.   

For the water quality the main focus will be put on the empirical and semi-empirical 

algorithms developed from the concurrent water quality data measured in the laboratory and 

remotely sensed data obtained just above the water surface with the field spectrometer - as 

this approach is similar to the one conducted in this thesis. The emphasize will be on 

identifying the optimal wavelength bands to be used for the retrieval of Chl-a, TSS and 

turbidity. After that, the application of remote sensing will be reviewed for the water quality 

monitoring at the satellite scale.  

The recent research in remote sensing of invasive subaquatic vegetation will be presented, 

including some of the reasons why mapping of subaquatic vegetation species still does not 

reach the desired potential.  

At last, this review will cover the application of the remote sensing products in the assessment 

of eutrophication status of water bodies with an emphasis on monitoring requirements 

prescribed by the EU regulation.  

4.1 Algorithms for water quality 

The table below (Table 2) presents an overview of algorithms for extracting water quality 

parameters from remotely sensed data in inland and coastal waters.  

The period of the last ten years (2005-2014) will be considered as a current research in the 

review. However; some earlier significant discoveries will be also presented.  

4.1.1 Chlorophyll a 

Schalles in 2006 in the publication “Remote sensing of aquatic coastal ecosystem processes: 

science and management applications” (Richardson and LeDrew 2006) makes a comparison 

of retrieval algorithms for chlorophyll a in Case 1 and Case 2 waters. The assessed retrieval 

algorithms are based on linear, exponential and logarithmic relations of remote sensing 

reflectance values and concentration of Chl-a. The coefficient of determination R2 ranged 

from 0.80 to 0.96.  
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A more current overview of the empirical algorithms developed until 2010 for the retrieval of 

different water quality parameters in inland and near-coastal transitional waters was made by 

Matthews (2011). He analysed variety of parameters from spaceborne, airborne and in situ 

remote sensors in inland and transitional waters, including Chl-a, TSS, Secchi disk depth 

(SD), turbidity, absorption by coloured dissolved organic matter (CDOM) and other 

parameters, for example, Phycocyanin. Coefficient of determination, for the retrieval 

algorithms developed for the field hyperspectral sensors, varied for Chl-a from 0.50 to 0.99, 

for TSS from 0.79 to 0.86, for turbidity from 0.57 to 0.88, for CDOM from 0.9 to 0.99.  

Mathews suggested (2011), based on the extensive overview of empirical algorithms, that for 

Chl-a retrieval in low concentration (<30 mg m-3) the algorithms based on 560 nm 

wavelength or FLH algorithms are used, while for higher concentrations (>30 mg m-3) he 

suggested R700/R670 ratio or three-band model R750(1/R670–1/R710) or RLH or SUM 

algorithms. 

The fluorescence line height (FLH) algorithm measures the height of the fluorescence peak at 

685 nm between two points on both sided of the peak. In high-biomass water. the 

backscattering peak near 700 nm overwhelms the fluorescence peak and makes its 

measurement difficult if not impossible.   

In the high biomass waters, the ratio of reflectance at about 700 nm to that near 670 nm has 

been widely used for estimating Chl-a concentration (R2 > 0.8) for a variety of waters, 

including rivers, lakes, estuaries and in the laboratory.  As it was shown many studies 

(Brezonik et al. 2005; Jiao et al. 2006; Duan et al. 2007) used this ratio to retrieve Chl-a 

concentrations with R2 values range from 0.75 to 0.99. 

Reflectance line height (RLH) or scattered line height algorithm (Yacobi et al. 2011) is also 

well suited for high biomass waters (R2 from 0.85 to 0.96). The RLH algorithm (Gower et al. 

1999) is modified from FLH algorithm:  

 

RLH$ = $L2$ − $L1$ −$$ (*+$,$*-$)$∗$(01$,$0-$)(0+$,0-) $        

 

where Li is the radiance in band i and λi is the centre wavelength of band i. Band i = 2 is 

centred on the reflectance peak close to 700 nm, whereas bands i = 1, 3 on either side 

determine the baseline (670 nm and 850 nm). 
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The SUM algorithm is a variation on RLH, which uses the sum of the area under the 

reflectance peak using a baseline between 670 nm and 730 nm or 850 nm (Gitelson et al. 

1994; Schalles et al. 1998). The SUM algorithm coefficient of determination was >0.84 for 

turbid productive waters (Schalles et al. 1998). 

Chen et al. (2011) used a three-band model to assess Chl-a concentrations in turbid waters of 

the Pearl River estuary in China. They have collected concurrent reflectance measurements 

above water using hyperspectral instrument and in-situ water samples that were analysed in 

the laboratory. The three-band model was spectrally calibrated by iterative and least-square 

linear regression methods to select the optimal spectral bands for the most accurate Chl-a 

estimation. They found that the best bands to be used in the three-band model are R684, R690 

and R718. Strong linear relationships (R2 = 0.81) was established between measured Chl-a 

and the levels obtained from the calibrated three-band model. The developed algorithm was 

used to assess the Chl-a concentrations from the satellite image acquired with the 

hyperspectral sensor Hyperion on board the Earth Observation 1 (EO1) satellite. A good 

coefficient of determination (R2 = 0.64) was exhibited between predicted and observed Chl-a 

values. 

Le et al. (2010) used hyperspectral data above the water surface and concurrent water quality 

measurements collected in China rivers and reservoirs to develop 3 and 4 reflectance 

wavelength band algorithms for the prediction of Chl-a values. They have classified study 

sites in three classes in accordance to the spectral shapes. The spectral shapes among classes 

depended primarily on the concentrations of TSS and Chl-a. For each of the classes they 

found optimal wavelength bands for the determination of Chl-a. R2 for three band algorithm 

depending on the water class ranged from 0.71 to 0.98 and for the four band ranged from 0.79 

to 0.99. 

Kišević et al. (2010) used concurrent hyperspectral and water quality measurement data to 

develop band ratio algorithms for the prediction of Chl-a values in the Kaštela bay in the 

Adriatic Sea. They have tested all the possible band ratios and concluded that the band ratio 

R498/R518 shows the best linear relationship with the measured Chl-a values (R2=0.69). 

4.1.2 TSS 

For the retrieval of TSS in less turbid waters (< 66 g m-3), Matthews (2011) notes that a 

difference ratio algorithm is highly accurate. The algorithm in the form (R560 – R520)/(R560 

+ R520) takes advantage of the phytoplankton absorption minimum near 560 nm, which 
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makes the reflectance there sensitive to changes in TSS, while the reflectance at 520 nm is 

relatively insensitive to changes in TSS. Thus, the difference ratio acts to normalize the signal 

at 560 nm for scattering by TSS. In the more turbid waters, the increased scattering from TSS 

in NIR is exploited.   

Doxaran et al. (2002) observed a high correlation between the ratio of 850 nm and 550 nm 

reflectance and TSS measured at the highly turbid surface waters of the Gironde estuary in 

France. Petus et al. (Petus et al. 2010) developed an algorithm using a polynomial regression 

model based on the single band reflectance at 550 nm (R2 > 0.9) for the south Bay of Biscay 

in France. 

Zhang et al. (2007) developed a bio-optical model for the estimation of TSS in the Lake 

Taihu in China. The semi-empirical algorithm is based on the IOP (aw, aph, as, acdom, bw, bph, 

bs) that were determined in the laboratory and on the two near infrared wavelength bands (814 

nm and 828 nm) that were measured above water surface. The average relative error of the 

estimated total suspended matter by this method was shown to be 13% comparing to 33% 

obtained by using the purely analytical matrix inversion method. 

4.1.3 Turbidity 

Turbidity algorithms using single bands or ratios in the red were found by Mathews to be 

generally most successful. This can be contributed to the influence of particulate scattering in 

these bands, unless phytoplankton pigments does not overwhelm the signal (Kallio et al. 

2008). 

Chen et al. (2009) developed an algorithm for estimating turbidity values based on the single 

band reflectance at 570 nm  (R2 = 0.57) for the river in China. Petus et al. (2010) used 

reflectance at 550 nm for estimating turbidity values in the estuarine waters in France (R2 > 

0.9). 
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Table 2 Overview of algorithms for the extraction of water quality parameters 

Parameter Scale Method R2 N Error Data range Coverage Source 

Chl-a Satellite 

sensor 

(SeaWiFS) 

OC4v4  >1000 - - Global oceans (O’Reilly et al. 

2000) 

Chl-a Satellite 

sensor 

(SeaWiFS) 

MedOC4 0.85 106 - 0.02 - 7 

mg/m3 

Mediterranean 

Sea 

(Volpe et al. 2011) 

Chl-a Satellite 

sensor 

(SeaWiFS) 

NL-DORMA 0.94 45 - 0.063 to 1.92 

mg/m3 

 

Mediterranean 

Sea, CASE 1 

waters 

(D'Ortenzio et al. 

2002) 

Chl-a Satellite 

sensor 

(SeaWiFS) 

OC5 0.70 178 - 0.2 – 44 

mg/m3 

North France 

coastal areas 

(Gohin et al. 2002) 

Chl-a Spectrometer 

(custom built) 

1.629 (R490/R555) -2.551 0.81 25 - 0.1 - 17 

mg/m3 

 

Inland waters 

and Coastal 

waters – 

Mississippi 

River Estuary 

(D'Sa and Miller 

2003) 

Chl-a Airborne 

sensor (AISA)  

Chl-a = a + b*(R705/R662) 0.98 15 2.1 

mg/m3 

2 - 101 mg/m3 Lake 

Lohjanjarvi, 

(Kallio et al. 2003) 
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Parameter Scale Method R2 N Error Data range Coverage Source 

Finland 

Chl-a Spectrometer 

(ASD 

FieldSpec) 

[R−1(684)–R−1(690)] × R(718) 

 

0.81 32 1.4 

mg/m3 

 

4.8 – 92.6 

mg/m3 

Pearl River 

Estuary - China 

(Chen et al. 2011) 

Chl-a Hyperion [R−1(684)–R−1(690)] × R(718) 

 

0.64 9 2 

mg/m3 

   

Chl-a Spectrometer 

(ASD 

FieldSpec) 

[R−1 (685)− R−1 (700)][ R−1 

(710)− R−1 (700)]− 1 

0.80 59 1.35 

mg/m3 

0.14 - 14.91 

mg/m3 

Lakes and 

Reservoirs, 

China 

(Le et al. 2010) 

Chl-a Spectrometer 

(ASD 

FieldSpec) 

[R-1(685)-R-1(700)] x R(730) 

 

0.71 59 1.66 

mg/m3 

0.14 - 14.91 

mg/m3 

Lakes and 

Reservoirs, 

China 

(Le et al. 2010) 

TSS Spectrometer 

(ASD 

FieldSpec) 

Semi-empirical model using 

wavelength bands at 814 nm 

and 828 nm 

- - 20.24 

mg/l 

- Lakes, China (Zhang et al. 2007) 

TSS Spectrometer 

(Spectron SE-

590) 

R850/R550 0.83 34 - 13 – 98.5 

mg/l 

 

Gironde 

estuary, France 

(Doxaran et al. 

2002) 

TSS  

 

Spectrometer 

(TriOS) 

R550  >0.9 96 - 0.3 - 145.6 

mg/l 

South Bay of 

Biscay, France 

(Petus et al. 2010) 
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Parameter Scale Method R2 N Error Data range Coverage Source 

and 

Turbidity 

  

0.01 - 188.20 

NTU 

 

Turbidity Spectrometer 

(ASD 

FieldSpec)  

R570 0.57 11 - 6  - 16 NTU Modaomen 

water way, 

China 

 

(Chen et al. 2009) 
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4.2 Satellite remote sensing of water quality 

The focus of this review was on the research that has been carried in the Mediterranean Sea 

coastal and European inland waters using satellite sensors.  

Table 3 presents a list of satellite borne sensors that have been used for the assessment of 

inland and coastal water quality. Some of them have been already retired. Majority of studies 

have been done with the multispectral sensors and only recently, since the launch of EO-1 and 

PROBA satellite, the hyperspectral images have become more widely available. At the 

moment there are only few hyperspectral sensors in the Earth’s orbit, but there are plans to 

launch more of them in the near future. The estimated schedule of these launches are also 

presented in Table 3.  

The first satellite sensor that was used for water quality monitoring was Multispectral Scanner 

(4 spectral bands) on board the Landsat satellite launched in 1972. TM was originally 

intended primarily for land targets, but the scientific community soon started to find its use 

for the water quality assessment (Harris et al. 1976). Launch of the first Landsat satellite was 

followed by other satellites from the Landsat programme providing continuous coverage up to 

today when Landsat-5 and Landsat-8 satellites are still active. Landsat multispectral sensor 

provides moderate spatial and spectral resolution that is well suited for global and regional 

coverage. 

Costal Zone Color Scanner (CZCS) is the first sensor with the specific purpose for water 

remote sensing. It was launched aboard the NASA satellite Nimbus 7 in 1979 and remained 

operational until 1986. 

At the Adriatic Sea, Morović and Precali (2004) compared in-situ Chl-a values to the ones 

derived by JRC-ESA algorithm from the Costal Zone Color Scanner (CZCS) data in the 

period of 1979 to 1985. They found that individual chlorophyll measurements, from particular 

cruises, correlated well with the pigments retrieved from the satellite data while the monthly 

means were overestimated when compared to in-situ data. The overestimated values were 

mostly in Case 2 waters of the Northern Adriatic indicating that the algorithm used was 

inadequate for distinguishing chlorophyll from other optically active substances present in 

these waters. This was particularly observable in July possibly due to the presence of fresh 

waters which carries suspended matter and probably coloured substances in the stratified 

water column. 
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Sea-viewing Wide Field-of-view Sensor (SeaWiFS) was a multispectral instrument launched 

in 1997 aboard the OrbView2 satellite as a follow up to the CZCS. It remained operational 

until 2010.  

O’Reilly et al. (1998) used a large data set of coincidental in situ Chl-a and remote sensing 

reflectance measurements mostly in Case 1 waters to evaluate a performance of wide variety 

of algorithms for estimating Chl-a values to be used at the global scale by SeaWiFS (Sea-

viewing Wide Field-of-view Sensor). They found that the empirical algorithms generally 

performed better than the semi-analytical. For the global scale measurements they 

recommended use of OC2 (R490/R555) and OC4 (based on R443, R490, R510 and R555) 

algorithms. However; for Case 2 waters they recommended that different parameterization or 

specific algorithms might be used. O’Reilly et al. (2000) proposed an updated version of the 

ocean chlorophyll a two (OC2v4) and four-band (OC4v4) algorithms. They suggested that the 

OC4v4 is expected to perform better than OC2v4 when applied to satellite-derived water 

leaving radiances both in oligotrophic and eutrophic conditions. Subsequently, NASA 

adopted OC4v4 algorithm for the global SeaWiFS processing. This algorithm has been widely 

used; for example, the Adriatic sea Integrated Coastal Areas and River Basin Management 

(ADRICOSM) system pilot project utilized OC4v4 algorithm for deriving Chl-a 

concentration maps (Sciarra et al. 2006). 

D’Ortenzio et al. (2002) developed a regional algorithm NL-DORMA and Volpe et al. (2007) 

developed  MedOC4 algorithm. Both of them were tuned over the Mediterranean Sea and 

provided more accurate Chl-a measurements than OC4 and OC2 global algorithms.  

Bignami et al. (2007) analysed SeaWIFS imagery over the Adriatic Sea in the period of 1998-

2004 to get an insight of the spatial and temporal distribution of turbid (Case 2) waters. They 

have shown that in the cold season (November to March) the broad coastal strip and the entire 

northern and partially the mid Adriatic Sea can be characterized as Case 2 water. In the warm 

season (April-October) most of the northern part ceases to be characterized as Case 2 waters 

and the coastal strip occupied by Case 2 waters is much narrower than in the cold season. 

Chl-a concentration maps produced from SeaWIFS imagery generally coincided with the 

described temporal and spatial turbidity variability – with higher concentrations observed in 

the cold season and lower in the warm season. This seasonality effect was confirmed in other 

studies as well (Garcia-Gorriz et al. 2003; Sciarra et al. 2006). Bignami et al. (2007) 

suggested that the riverine inputs (especially river Po in the Northern Adriatic) and Bora wind 
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events, both of which are higher in the cold season, are the main drivers of the observed 

spatial and temporal effects. 

In 2002 European Space Agency launched the Envisat-1 satellite with Medium Resolution 

Imaging Spectrometer (MERIS) sensor and in the same year NASA launched the Aqua 

satellite with Moderate Resolution Imaging Spectroradiometer (MERIS). The primary 

objective of these multispectral instruments is to observe both Case 1 and Case 2 waters. 

Zibordi et al. (2006) compared SeaWIFS, MODIS and MERIS products at a coastal site in the 

Adriatic Sea and concluded that all of them can be successfully used for monitoring coastal 

waters. Matarrese et al. (2011) successfully used MODIS images from 2006-2010 to analyse 

Chl-a concentration trends at three different sites in the Italian Adriatic Sea.   

Braga et al. (2013) used the Hyperspectral Imager for the Coastal Ocean (HICO™) mounted 

on board the International Space Station to assess water quality parameters in the Northern 

Adriatic Sea. HICO™-derived maps of Chl-a and suspended particulate matter (SPM) 

indicated low values, in the range of 0–3 mg m−3 and 0–4 g m−3, respectively, correlating 

significantly with field data (R2 = 0.71 for Chl-a and R2 = 0.85 for SPM). 

Due to their optical and spatial complexity, the necessity of high spatial and spectral 

resolution imagery is even more emphasized for inland waters than for the coastal areas. The 

spatial resolution of the hyperspectral sensors Hyperion and CHRIS (30 m and 18 m) is 

sufficient for medium to larger water bodies, but majority of small water bodies (i.e. small 

width rivers) would require imagery with pixel sizes of 2-10 m to assure the pure water 

pixels. Currently there are no satellite instruments with such spatial resolution and only 

potentially suitable are multispectral instruments mounted on the WorldView2 and 

WorldView3 satellite (with spatial resolution of 2 and 1.4 m respectively).  

Giardino et al. (2007) presented a procedure to map Chl-a and tripton concentrations from 

Hyperion images based on forward and inverse bio-optical modelling in the Lake Garda in 

Italy. They found that the correlation of in-situ and estimated Chl-a was high (R2=0.59) while 

for tripton it was moderate (R2=0.23). 

Mannheim et al. (2004) used the CHRIS-PROBA hyperspectral data to monitor the quality of 

lake waters in Germany and Poland. The lakes trophic state ranged from oligotrophic to 

hypertrophic. The reflectance peak in NIR range (672-742 nm) was found to contain the best 

information for the estimation of Chl-a concentration. They have developed two seasonal 

algorithms for spring/autumn and summer that have both showed high correlation with the in-

situ measured Chl-a concentrations (R2 > 0.9). 
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Table 3 Overview of satellite-borne remote sensing instruments for water quality and aquatic vegetation mapping 

Satellite Sensor Operator Operational 

(from-to) 

Spatial 

resolution 

(m) 

Spectral 

resolution 

(nm) 

Revisit time 

(days) 

Research example 

COMPLETED MISSIONS 

OrbView2 SeaWIFS NASA 

(USA) 

1997-2010 1000 m 8 bands 

(402-885) 

2 days (Bignami et al. 2007) 

Landsat 5 TM NASA 

(USA) 

1984-2013 30 m 6 bands 

(450-2350) 

16 days (Volpe et al. 2011) 

ENVISAT MERIS ESA 

(EU) 

2002-2012 300 m 15 bands 

(412-900) 

3 days (Tang et al. 2013) 

Nimbus 7 CZCS NASA 

(USA) 

1978-1986 825 m 5 bands 

(443-750) 

- (Morović and Precali 2004) 

CURRENT MULTISPECTRAL MISSIONS 

LM900 IKONOS Digital 

Globe 

(USA) 

1999-

current 

4 m 4 bands 

(450-

850nm) 

3 days (Peneva et al. 2008) 

VW2 WorldView 2 Digital 

Globe 

(USA) 

2009-

current 

2 m 8 bands 

(400-1040) 

1.1 day (Anstee 2009) 

VW3 WorldView 3 Digital 2014- 1.4 m 8 bands < 1 day N/A 
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Satellite Sensor Operator Operational 

(from-to) 

Spatial 

resolution 

(m) 

Spectral 

resolution 

(nm) 

Revisit time 

(days) 

Research example 

Globe 

(USA) 

current (400-1040) 

EO-1 ALI NASA 

(USA) 

2000-

current 

30 m 9 bands 

(430-2350) 

16 days (Chen et al. 2009) 

Landsat 7 ETM+ NASA 

(USA) 

1999-

current 

30 m 8 bands 

(450-2350) 

16 days (Onderka and Pekárová 2008) 

Landsat 8 OLI NASA 

(USA) 

2013-

current 

30 m 9 bands 

(433-2300) 

16 days (Vanhellemont and Ruddick 

2014) 

OCEANSA

T-2 

OCM ISRO 

(India) 

2009-

current 

1000 m 8 bands 

(400-900)  

 (Sravanthi et al. 2013) 

Terra/Aqua MODIS NASA 

(USA) 

Terra 1999-

current 

Aqua 2002-

current 

2000 m 9 bands 

(405-877)* 

1-2 days (Petus et al. 2010) 

CURRENT HYPERSPECTRAL MISSIONS 

EO-1 Hyperion NASA 

(USA) 

2000-

current 

30 m 220 bands 

(400-2500) 

16 days (Chen et al. 2011) 

ISS HICO NASA / 2009- 100 m 124 (380- 3 days (Adamo 2012) 
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Satellite Sensor Operator Operational 

(from-to) 

Spatial 

resolution 

(m) 

Spectral 

resolution 

(nm) 

Revisit time 

(days) 

Research example 

Roscosm

os /ESA / 

JAXA / 

CSA 

(Internati

onal) 

current 1000) 

HJ 1A HJ 1A CASC 

(China) 

2008-

current 

100 m 110-128 

bands (450-

950) 

31 days (Zhou et al. 2013) 

IMS-1 HySI-T ISRO 

(India) 

2008-

current 

506 m 64 bands 

(400-950) 

22 days N/A 

Resurs-P Geoton-2 Roscosm

os 

(Russia) 

2013-

current 

30 m 96bands 

(400-1100) 

60 days N/A 

PROBA-1 CHRIS ESA 

(EU) 

2001-

current 

18 m 18-37 

bands (438-

1035) 

7 days (Mannheim et al. 2004) 

PLANNED MISSIONS 
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Satellite Sensor Operator Operational 

(from-to) 

Spatial 

resolution 

(m) 

Spectral 

resolution 

(nm) 

Revisit time 

(days) 

Research example 

GEO-

CAPE 

N/A NASA 

(USA) 

2020 N/A Hyperspectr

al UV-

SWIR 

Geostationa

ry 95° W 

N/A 

EnMAP HIS DLR 

(German

y) 

2017 30 m 232 bands 

(420-2450) 

4 days N/A 

METEOR-

3M No3 

CZCS Roscosm

os 

(Russia) 

2015 80 m 6 bands 

(410-786) 

- N/A 

Sentinel 3 OLCI ESA 

(EU) 

2015 300 m 21 band 

(400-1020) 

2 days N/A 

PRISMA PRISMA ASI 

(Italy) 

2015 20-30 m 249 bands 

(400-2500) 

7 days N/A 

HyspIRI - NASA 

(USA) 

2021 60 m 210 bands 

(380-2500) 

19 days N/A 

GISAT HYSI ISRO >2017 500 m 210 bands 

(UV-

SWIR) 

Geostationa

ry 93.5° E 

N/A 
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Satellite Sensor Operator Operational 

(from-to) 

Spatial 

resolution 

(m) 

Spectral 

resolution 

(nm) 

Revisit time 

(days) 

Research example 

ALOS-3 HISUI JAXA 

(Japan) 

>2015 30 m 185 bands 

(400-2500) 

60 days N/A 

HYPXIM HYPXIM CNES 

(France) 

N/A <8 m 210 bands 

(400-2500) 

3 days N/A 

*9 bands out of 36 designated for ocean use
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4.3 Remote sensing of invasive species 

In the Chapter 2 the link was shown between the anthropogenic nutrient enrichment and 

occurrence and spread of the Caulerpa invasive species C. racemosa and C. taxifolia in the 

Mediterranean Sea. The possibility to identify invasive Caulerpa species from remotely 

sensed data would provide a complementary data in monitoring the eutrophication processes.  

Since the end of the 1990s there has been accelerated development in remote sensing tools 

and methods to map and monitor the subaquatic vegetation in terms of its presence, coverage, 

species composition and biomass (Hossain et al. 2015). 

Remote sensing has been shown to be more cost-effective than field survey data collection in 

some situations (Mumby et al. 1999) and can produce a more spatially comprehensive and 

inclusive  representation of spatial distribution than point or transect based surveys (Lyons et 

al. 2011). 

The remote sensing of the subaquatic invasive species such as Caulerpa is a specific 

application on the possibility to identify subaquatic species composition from the remotely 

sensed data.  

The ability to discriminate subaquatic vegetation at the species level requires sensors with a 

high spatial and spectral resolution. High spatial resolution is especially important in the case 

when there are no big homogenous seagrass vegetation meadows, but different species occur 

in smaller patches. In this case high spatial resolution increases both the accuracy and 

precision of image classification and modelling (Benfield et al. 2007) and is a prerequisite for 

delineating species composition of seagrass patches (Fyfe 2003).  

Dekker et al. (2006) concluded  that the spectral discrimination between aquatic plant species 

must focus on pigment related spectral features within the visible wavelengths because 

wavelengths beyond 680 nm are significantly attenuated by pure water within the 1-2 meters 

of water depth. 

Kišević at al. (2011) concluded that the spectral region of 660 nm, 550 nm and 448 nm can be 

used to spectrally discriminate between invasive Caulerpa species and P. oceanica. 

Jaubert et al. (2003) analysed the spread of C. taxifolia in the south France using the 

multispectral air-borne sensor with the spatial resolution of 1-2 m and a spectral resolution of 

18 bands. They also recorded spectral signals of C. taxifolia and other benthic assemblages 
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using an in-situ spectral instrument from a boat.  In the analysis they have delineated 5 classes 

on the obtained airborne images: P. oceanica, C. taxifolia, sand, photophilic algae, deep sea. 

They have reported very high accuracy of C. taxifolia identification (>90%) compared to the 

complementary field verification survey at more than 300 points. This is the only study 

known to the author of this thesis that investigated the possibility of the remote sensing of 

Caulerpa. At the same time reported accuracy is greater than majority of other studies that 

investigated the possibility to map different algal species using remote sensing techniques. 

One of the explanations is that this study chose only 5 classes and that majority of the 

coverage has been homogenous. In spite of that this study showed very promising results for 

the targeted analysis of Caulerpa assemblages in the areas where other native benthic species 

are known.  

Other studies that have used satellite borne instruments to analyse algal species composition 

reported much less accuracy. Phinn et al. (2008) used over Moreton Bay (Australia) 

Quickbird satellite images  with 23% accuracy and hyperspectral air-borne instrument with 

28% accuracy. 

In the more recent study at the same area Roelfsema et al. (2014) achieved 65% and higher 

accuracy for mapping 142 km2 of the mixed seagrass cover using images from Quickbird, 

WorldView 2 and Ikonos satellite sensors.  

In the overview study of the application of remote sensing to seagrass ecosystems published 

in 2015, Hossain et al. (2015) concluded that remote sensing has yet failed to reach its full 

potential as a tool for routinely mapping, monitoring, and studying the functioning of seagrass 

over large areas. A major challenge for discriminating between different algal species is 

overlapping of the spectral signals from subaquatic vegetation and substances in the water 

column (Anstee et al. 2001). 

The approach that was recommended by various researches (Dekker et al. 2006; Hossain et 

al. 2015) to try to overcome this problem is to develop a spectral library for different seagrass 

species. This would facilitate development of different spectral unmixing algorithms and 

forward analytical models of complex optical systems.  

The spectral reflectance profiles of C. taxifolia, C. racemosa and P. oceanica from the 

Adriatic Sea have been analysed in this thesis; as a contribution to the spectral library of 

seagrass species and facilitating the future monitoring efforts. 
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4.4 Application of remote sensing products in eutrophication assessment  

The focus of this chapter is to present recent research review related to the application of 

remote sensing products for the eutrophication assessment within the scope of policy 

requirements of EU directives: Water Framework Directive and Marine Strategy Framework 

Directive. 

The key management objective of both directives is to achieve Good Environmental Status of 

the European water bodies by 2020.  

Even that WFD does not explicitly consider eutrophication as a distinct indicator of water 

ecological status, the assessment of eutrophication is included in classification of Ecological 

Status where nutrient enrichment affects biological and physico-chemical quality elements. 

On the other side, more recent MSFD establishes “human-induced eutrophication” as one of 

the 11 quality descriptors that combined allow for environmental status assessment of 

European marine waters (Borja et al. 2010). 

The most commonly used remote sensing product in eutrophication assessment is Chl-a 

(Ferreira et al. 2011). Chl-a is also often used as a proxy for phytoplankton biomass. The 

main cause of increase in Chl-a is a high nutrient enrichment of water, especially nitrogen 

and/or phosphorus, enhancing phytoplankton growth. 

Gohin et al. (2008) demonstrated the use of satellite (SeaWIFS) derived Chl-a concentrations 

in the Northern French coast to classify the coastal waters following the eutrophication risk 

criterion of the WFD. The evaluation of the eutrophication risk of a water body was 

established through the percentile 90, P90, of the chlorophyll-a concentration integrated on its 

whole area. P90 represents the chlorophyll-a level such that 90% of the observations are equal 

to or less than this value.  The P90 threshold levels for 5 different classes 

high/good/moderate/poor/bad were suggested by the authors: 0-5,5-10,10-20,20-40,>40 

mg/m3.  The authors concluded that for the larger water bodies (due to the restrictions of the 

SeaWIFS spatial resolution) it is possible to give a better estimation of the eutrophication risk 

than from the existing network of in-situ stations at the study area. 

Novoa et al. (2012) for Basque coastal and offshore water bodies used a similar approach of 

combining satellite derived Chl-a concentrations together with the data obtained from the in-

situ network of monitoring stations to make an assessment of both phytoplankton status 

within the WFD and anthropogenic eutrophication within the MSFD. They used MODIS 

images and locally tuned empirical algorithms for Chl-a extraction. For the classification of 5 
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different classes they used also P90 Chl-a values proposed by Revilla et al. (Revilla et al. 

2009) for the North of Spain. Thus, at present, in the Basque offshore and coastal waters, the 

ranges of P90 concentrations corresponding to the high, good, moderate, poor and bad classes 

are <3.5, 3.5–7.0, 7.0– 10.5, 10.5–14.5, and P14.5 mg m3, respectively. The authors 

concluded that the remote sensing in combination with the in-situ monitoring stations is suited 

for quality assessment and water body classification and necessary to comply with the 

increasing monitoring requirements of European Maritime policies.  They have also noted 

that the locally tuned algorithm represented a significant improvement over other regional 

algorithm that they have tested. 

Druon et al. (2004) took another approach in assessing eutrophication. They have combined 

the quantity of primary production and oxygen availability at the bottom to make the 

eutrophication risk index EUTRISK for shallow marine environments (<100 m). The 

EUTRISK index characterises the most probable occurrence of oxygen deficiency at the 

bottom in shallow-sea areas due to degradation of particulate organic matter (POM), taking 

into account oxygen availability. SeaWiFS data are used to estimate phytoplankton primary 

production and numerical modelling provides data on the physical capacity to store and renew 

sea-bottom oxygen (i.e. the bottom physical factors defined above). The authors demonstrated 

the use of EUTRISK by creating a risk assessment maps of the Adriatic Sea and North Sea. 

However; due to the spatial limitations most of the Croatian coastal zones could not be 

assessed. With a spatial resolution of 4 to 20 km, the used physical models and optical 

remote-sensing measurement could not provide accurate information for the first few 

kilometres off the sea-shore. 

It can be concluded that the increasing monitoring requirements of EU directives created a 

need for using remote sensing products in the water quality and particularly eutrophication 

assessment. The recent studies show promising results, although current satellite sensors do 

not provide sufficient resolution for monitoring near shore coastal zones. 
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5 MATERIALS AND METHODS 

5.1 Description of research area 

5.1.1 Kaštela Bay 

The Kaštela Bay is a semi-enclosed shallow basin on the eastern Adriatic coast with the area 

of 63 km2 and the average depth of 23 m. The Bay is open to the adjacent channel with an 

inlet of 1.8 km width and the mean depth of about 40 m. The water circulation in the bay is 

generally driven by the local winds, Sirocco and Bora (Gačić et al. 1987). The most important 

freshwater input comes from the river Jadro with a mean annual runoff of 10 m3 s-1 

(Šestanović et al. 2009).  

Recent evaluation of the long-term monitoring data sets shows an increase of phytoplankton 

biomass and abundance in the period from the mid-1980s to the mid-1990s (Ninčević Gladan 

et al. 2010). The eutrophication processes and increase in phytoplankton biomass in the 1980s 

have been related to the increase of anthropogenic nutrient loads (Marasović 1989; Marasović 

and Pucher-Petković 1991; Marasović and Ninčević 1997). 

5.1.2 Sava River 

The Sava River is a river in Southeast Europe and a major contributor to the Danube 

watershed discharging in Belgrade. It flows through Slovenia, Croatia, along the northern 

border of Bosnia-Herzegovina, and through Serbia. Its central part is a natural border of 

Bosnia and Herzegovina and Croatia. In addition to drinking water, sanitation and general 

household uses, the River Sava is also extensively used for river transport, agricultural and 

industrial production, as well as recreational purposes. Sava river is as low-productive water 

ecosystems and according to International Commission for the protection of Danube (ICPDR) 

standard for river classification values of Chl-a concentrations match 1 class of water quality 

(Cadjo et al. 2008). With the population growth and development the natural biological 

balance of Sava River has been disturbed by the increase of pollution discharges from 

municipal and industrial wastewater, as well as from agricultural runoff (Ogrinc et al. 2008; 

Drolc and Zagorc Koncan 2008). With the exception of the city of Zagreb municipal 

wastewaters are released in the River Sava in Croatia without any treatment or after primary 

treatment. There are on-going projects for developing wastewater treatment capacity in the 

bigger towns. 
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5.1.3 Island of Hvar 

The island of Hvar is located off the coast of the central Dalmatia. To the north, the island of 

Brač lies across the Hvar Channel (Hvarski kanal), to the west is Vis, separated by the Vis 

Channel, and to the south Korčula lies across the Korčula Channel, while the Pelješac 

Peninsula is across the Neretva Channel. The eastern end of Hvar is just 6 kilometres from the 

mainland. Along the southern coast of the island there are several smaller islands, notably the 

Paklenski islands at the western end and Šćedro island, while Zečevo island lies off the north 

coast. 

Institute for Oceanography and Fisheries have detected or indicated the presence of both 

Caulerpa species in the Hvar waters. Caulerpa taxifolia was first recorded in the Adriatic Sea 

in 1994 in the harbour of Stari Grad (Old Town). The harbour is located at the terminus point 

of the the Stari Grad bay, which is approximately 14 km2 with measured depths varying from 

0.2 to 25 meters. The bay is linked with the open sea by an opening to the north-west.  In 

1995, the algae was spread on 6 hectares at the sampled location, and the mapping done in 

2005 showed its spread on over of 70 ha (Žuljević et al. n.d.).   

Caulerpa racemosa was recorded near the settlement of Zavala which is located at the 

southern coastline of Hvar. 

5.2 Data collection 

5.2.1 Kaštela Bay 

5.2.1.1 Field campaigns 

During the three campaigns in May and October of 2009, the data were acquired under clear-

weather conditions using two different measurement systems: above water and in-water 

spectroradiometers. Parallel to the radiometric data acquisition, the water samples were 

collected for laboratory analysis. The sampling stations are shown in Figure 7. During all 

three campaigns all water samples were tested for Chl-a (optically weighted to the light 

penetration depth), while during the second campaign water samples were tested for nutrients 

and other pigments. 

Spectral surface reflectance measurements were taken with the ASD FieldSpec® 3 VNIR 

spectrometer (350-1050 nm). The instrument was mounted on the boat platform 70-90 cm 
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above the water, with the fibre cable attached to the pole extending from the boat.  

 

 

Figure 6 On-boat set up for measuring above water reflectance 

To eliminate the sun glint spectra and optimize the signal-to-noise ratio, the inconsistent 

radiance measurements were removed and the measurements at each site were averaged over 

at least 10 measurements.  

Downwelling radiance measurements, Ld(W m−2 sr−1) were collected at each sample site using 

a 99% Spectralon panel as an optical standard for calibrating upwelling radiance. A dark 

reference was collected with each measurement of Ld.  

In-water spectral reflectance measurements were obtained from the profiling radiometer PRR-

800 (Biospherical inc.). The split PRR-800 configuration separates the radiance Lu and 

radiance Ed heads (cosine collector) and orients the detector plates in a horizontal plane. The 

profiler was lowered manually, from the sunny side of the ship until the bottom was reached. 

The data were processed to produce surface water reflectance with the use of Biospherical 

profiler software. The data used in the further analysis present reflectance (Rrs = Lu/Ed) at the 

following wavelengths: 340; 380; 412; 443; 465; 490; 510; 532; 555; 589; 625; 665; 683 and 

710 nm. The concurrent data acquired with these two instruments was used in order to verify 

the consistency of in-water and above-water measurements within our dataset. It should be 

noted that ASD and PRR-800 were not intercalibrated together, but both used calibration 

settings from the manufacturers. 
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Figure 7 Kaštela Bay sampling stations 

5.2.1.2 Satellite data 

The satellite image of the Kaštela Bay was taken on the 23rd of May 2010 during the clear 

weather conditions with the Hyperion sensor mounted on board the National Aeronautics and 

Space Administration (NASA) Earth Observing 1 (EO-1) satellite.  

The Hyperion provides a high resolution hyperspectral imager capable of resolving 220 

spectral bands (400 – 2500 nm) with a 30-meter resolution. The instrument can image a 7.5 

km by 100 km land area per image, and provide detailed spectral mapping across all 220 

channels with high radiometric accuracy. 

5.2.2 Sava River 

5.2.2.1 First Field Campaign  

The first three-day data collection campaign in July 2010 covered the whole stretch of the 

River Sava in Croatia (Figure 9)  

The locations upstream and downstream of bigger towns were chosen, including the city of 

Zagreb, to be able to estimate pollution contribution of the urban areas. The stations in the 

East are located in the most productive agricultural area in Croatia that represents the biggest 

non-point source pollution of the River Sava. In general point and non-point source pollution 

build up downstream from the border from Slovenia to the border with Serbia. 

The collected data consisted of: 

• Laboratory measurements of in-situ water quality 

• Spectral reflectance measurements above water surface 

• Spectral reflectance measurements inside water column 
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Data were acquired on 14 monitoring stations under clear-weather conditions using two 

different measurement systems: above water and in-water spectroradiometers Figure 8. 

Parallel to the radiometric data acquisition, the water samples were collected at 0.3 m below 

surface for laboratory analysis. These samples were stored in a cooler with ice in the dark, and 

taken back to the laboratory for analysis within 8 hours. 

Spectral surface reflectance measurements were taken with the ASD FieldSpec® 3 VNIR 

spectrometer (350-1050 nm) with the attached fibre cable 70-90 cm above the water surface. 

The instrument was positioned at an angle 90–135° with the plane of the incident radiation 

away from the sun. 

Downwelling radiance measurements, Ld(W m−2 sr−1) were collected at each sample site using 

a 99% Spectralon panel as an optical standard for calibrating upwelling radiance. A dark 

reference was collected with each measurement of Ld.  

 

(a) (b) 

  

Figure 8 (a) Measuring above water reflectance on the River Sava with ASD FieldSpec 

spectrometer, (b) Measuring in-water spectral reflectance with profiling radiometer PRR-800 

 

In-water spectral reflectance measurements were obtained from the profiling radiometer PRR-

800 (Biospherical inc.). The split PRR-800 configuration separates the radiance Lu and 

radiance Ed heads (cosine collector) and orients the detector plates in a horizontal plane. The 

profiler was lowered manually, from the sunny side of the standing platform until the bottom 
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was reached. The data were processed with the use of Biospherical profiler software to 

produce surface water reflectance in all available 14 spectral bands: 340; 380; 412; 443; 465; 

490; 510; 532; 555; 589; 625; 665; 683 and 710 nm.  

 

  
Figure 9 Sava river measuring stations 

5.2.2.2 Second Field Campaign 

During one-day campaign in May 2011, data were acquired under clear weather conditions in 

the 10 km stretch of Sava River at Slavonski Brod. Concurrent radiometric measurements 

were taken using a field instrument from a ship platform and airborne sensors mounted on the 

airplane. The field measurements were taken using the same protocol as in the first campaign. 

The airborne measurements were taken with the spatial resolution of 1 m and in the range of 

350-1050 nm. 

Parallel to the radiometric data acquisition, the water samples were collected for laboratory 

analysis. The sampling station covered the stretch of the Sava River at Slavonski Brod (Figure 

10). 
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Figure 10 Measuring Station in the second campaign at Slavonski Brod 

 

 

Figure 11 Flight plan over Sava 
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The hyperspectral air-borne data was acquired over the test area shown on the Figure 11. The 

sensor was flown on 19 May 2011 in good weather conditions. The following provisions have 

been set for the collection of airborne spectral data: 

• Sensor instrument: AISA Eagle 

• Ground spatial resolution: 1.0m 

• Spectral resolution: 2-5nm 

• Time over target: solar 10am 

• Overlap between lines: 20% 

5.2.3 Invasive subaquatic vegetation 

The data were acquired on the island of Hvar in the central Adriatic Sea (43°08′N 16°44′E), 

Croatia, where earlier surveys by the Institute for Oceanography and Fisheries have detected 

or indicated the presence of both Caulerpa species (Figure 12). 

 

The samples of Caulerpa taxifolia, Caulerpa racemosa var. cylindracea and Posidonia 

oceanica were collected in the beginning of June, 2009. Caulerpa taxifolia and  Posidonia 

oceanica samples were collected at 10 to 15 meters water depth in the Stari Grad bay. 

 

The samples of Caulerpa racemosa var. cylindracea were collected near the settlement of 

Zavala at depths 5 to 10 meters.  

 

The specimen spectra were acquired in-air (with a thin film of seawater) and in-lab under 

artificial light to determine the overall characteristic reflectance spectra of each Caulerpa 

species.  In-air images were collected by sampling the species from the seafloor and taking 

them into a 0.2 meter deep seawater basin where spectra was collected under sun light. The 

in-lab scanning was performed on same samples, temporarily stored in a marine sampling-

grade cooler, and then placed under artificial halogen lighting in Petri dishes with a thin film 

of not-filtered seawater.   

All spectral images were recorded using the ASD FieldSpec® 3 VNIR spectrometer (350-

1050 nm). 
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Figure 12 The locations of the study area on the Island of Hvar 

5.3 In-situ data pre-processing 

To eliminate the sun glint spectra and optimize the signal-to-noise ratio for in situ above 

water spectroradiometric data, the inconsistent radiance measurements were removed and the 

measurements at each site were averaged over at least 10 measurements. Such averaged 

measurements were transferred in tabular form used further in statistical analysis. The spectral 

range was trimmed from 1050 nm to 950 nm because of high water absorption of the signal in 

that NIR region. Statistical analysis was done using a statistical package R (Team 2014).  

5.4 Empirical estimation of water quality parameters 

5.4.1 Establishing correlations between optical and water quality data 

In order to identify the most appropriate spectral regions for developing water quality 

retrieval algorithms, the relationship was examined between spectral data and analytically 

measured in-situ water quality values. 

Only spectral bands that can be matched to Hyperion data bands were used for the Kaštela 

data set.  For the river Sava dataset, only the spectral bands that can be matched to AISA 

Eagle bands were used. 

 

Spectral data was used as single-band reflectance, first derivative of reflectance and 

reflectance ratio. 

 

Derivative spectra indicate the rate of change of reflectance with wavelength giving us 

information on the slope of the reflectance curve at the certain wavelength. It is a useful tool 
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for enhancing the spectral features that can be related to absorption bands of different 

optically visible water constituents (Torrecilla et al. 2009).  

 

Derivatives are often used to remove the background signal (Becker et al. 2005) and separate 

out peaks of overlapping bands (Morrey 1968). They are also used as a method of data 

normalization since they are relatively less sensitive to the spectral variations of sunlight and 

skylight (Tsai and Philpot 1998). 

Spectroscopic derivatives are obtained by dividing the reflectance between two bands with the 

wavelength difference that separates them as shown below:  

 

  

 

R( )'  is first derivative of reflectance at the certain wavelength . 

 

Reflectance ratios are widely used in the water quality retrieval algorithms for the purpose of 

data normalization, but they are not universally applicable in the coastal zones (Huang et al. 

2010) and the optimal band ratios thus has to be determined depending on the local 

conditions. 

5.4.2 Algorithm development 

An empirical approach was taken in developing algorithms for water quality extraction on the 

River Sava and Kaštela Bay. Linear regression was used to model the relationship between 

the correlated spectral and water quality data.   

The general linear equation is of the form Y = a + bX, where X is the explanatory variable 

and Y is the dependent variable. The slope of the line is b, and a is the intercept (the value of 

y when x = 0). 

In addition, in order to assess the feasibility of retrieving Chl-a values in the Kastela Bay with 

the existing global and regional algorithms, the standard global NASA algorithm OC4v4, the 

regional NL-DORMA  (D'Ortenzio et al. 2002) and the MedOC4 (Volpe et al. 2007) 

algorithms tuned over the Mediterranean Sea were compared. All these algorithms are based 

on the blue:green band ratios (Rrs(443)/Rrs(555), Rrs(490)/Rrs(555), Rrs(510)/Rrs(555)). 

R(λ
i
)' =

R(λ
i+1)− R(λi−1)

λ
i+1 −λi−1

λ
i

λ
i



56 

Since these exact spectral bands were not available on the Hyperion dataset, they were 

translated to the nearest available ones and such adjusted algorithms were used for 

assessment. 

The Chl-a algorithms were tested on the complete set of the above-water reflectance spectra 

on two different spatial scales: reflectance spectra acquired with the field spectrometer just 

above the water level and reflectance spectra acquired on the airborne (Sava river) and 

satellite borne platform (Kaštela bay). 

5.4.3 Accuracy 

The evaluation between estimated water quality values (Xest) using spectral indices and 

analytically measured values (Xmeas) is based on percentage difference: 

 

  

        

Mean normalized bias (MNB) is a measure of the over or under estimation of the observed 

values (systematic error). Those errors can in principle, be removed when the nature of the 

bias is identified. They are usually linked to the limitations of the measurement equipment or 

improper calibration. 

The normalized root mean square error (NRMS) provides a good measure of data scatter for 

normally distributed variables (random error) and gives useful information of the accuracy 

between the estimated and observed data (Ouillon and Petrenko 2005; Gitelson et al. 2008). 

  

MNB is defined as follows: 
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where N is the total number of samples and ε is mean value of ε . 

 

These measures of difference are often reported in similar studies to compare performance of 

different models.  

5.5 Image classification 

5.5.1 Image pre-processing 

5.5.2 Georectification 

The georeferencing process generates an Internal Geometry Map (IGM) file which is a two-

band, pixel-by-pixel identification of easting (band 1) and northing (band 2) values for the 

unrectified image. Also provided is the associated Geographic Lookup Table (GLT) file 

which is a two-band file of the unrectified pixel locations (x,y) projected into map space. 

These industry standard files are used by image processing software to generate fully 

navigated and georeferenced imagery of subsequent analysis products. 

The satellite-borne Hyperion image was obtained from NASA as Level 1Gst product that is 

already georectified through use of a digital elevation model (DEM). The elevation data used 

for correction consist of the NASA Shuttle Radar Topography Mission (SRTM) 'Finished' 

data set.  

In regard the airborne AISA-Eagle data acquired over the study site at the River Sava,  to 

create the IGM and GLT from the navigation (NAV) files that the sensor’s inertial motion 

unit (IMU) records, the data were first corrected for the aircraft motion and then orthorectified 

(ray-traced) to the appropriate pixel on the ground. The process employs a full three-

dimensional ray tracing and a 30m spatial resolution digital elevation model for complete 

orthorectification:  each pixel in the imagery is individually ray traced using the best-estimate 

of sensor location and attitude until it intersects the digital elevation model.  The digital 

model used was derived from a 1:25 000 topographic model generated by the Geodetic 

Institute of the Federation of Bosnia and Herzegovina, with a reported 10 m accuracy. 
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5.5.3 Removal of atmospheric effects 

The acquired AISA-Eagle data was prepared for subsequent analysis at the SpecTIR’s main 

facility in Reno, Nevada. SpecTIR LLC. Which is one of the global leaders in the calibration 

and operationalization of hyperspectral data. 

In order to obtain surface reflectance values the airborne AISA-EAGLE data and satellite-

borne Hyperion data were corrected for atmospheric distortions using FLAASH atmospheric 

correction module and empirical line methods  

An extra vicarious calibration was needed to extract the water leaving reflectance from the 

AISA hyperspectral imagery. This is because: 

• In general water spectra are very dark in comparison to land targets, leading to 

overestimation of reflectance values after the first empirical line correction 

• Sun light directly reflected at the air-water (i.e. skylight reflection) interphase should 

be corrected for. 

 

This skylight reflection mainly effects the lower wavelength part of the spectrum and is 

illustrated in Figure below. 

 

 

Figure 13 Effect of skylight correction for water reflectance spectra. 

5.5.4 Generating prediction maps 

The water quality concentration prediction maps were created by applying developed 

algorithms to the hyperspectral images. This was done in ENVI software package by using 

IDL scripting language. The algorithm was applied to each data pixel that was than classified 
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in accordance to the results obtained. In order to minimize the computing effort and to 

improve the result, all other targets apart from the observed water area were masked and 

excluded from the analysis. 
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6 RESULTS  

6.1 Kaštela Bay 

6.1.1 In-situ water quality data 

During the three field campaigns in May and October 2009 the measured in-situ Chl-a 

concentrations at the stations in the Kaštela Bay were in the range of 0.24 mg m-3 to 7.02 mg 

m-3 (Table 4) with the median value of 0.56 mg m-3.  

During the campaign on the 27th of May at the several stations the maximal chlorophyll 

concentrations were observed that were one order of magnitude higher than the previous day.  

The surface layer were dominated 99% by a microflagelate species Chrysochromulina sp.  

The pigments from the water layers influence the spectral reflectance at the surface 

approximately until the Secchi disk depth. Therefore, chlorophyll must be weighted, 

integrating exponential decrease of the chlorophyll contribution with depth (Morović and 

Precali 2004). 

 

Table 4 The range of in-situ Chl-a concentrations at the Kaštela Bay stations  

Date N 

Chl-a* 

(mg m-3) 

Min Max 

26 May 2009 3 0.24 0.73 

27 May 2009 4 0.67 7.02 

15 October 

2009 
4 0.37 0.45 

*Optically-weighted to the penetration depth of light 

 

Other water quality parameters and matrix of correlation is presented in the Annex 1.  

From the matrix of correlation, it can be observed that there is a moderate correlation between 

Chl-a and NH4 (r = 0.60). There is a high correlation between total N and total P (r = 0.99) 

which is indicative of the constant ratio of N:P. 
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6.1.2 Spectral characteristics of water 

The measured hyperspectral reflectance (Rrs(λ)) at different space-time location  are 

presented in Figure 14. The water property variations, observed in variations in magnitudes 

and spectral shape of Rrs(λ), are supported by the measurements of water samples. The 

spectral shape has pronounced reflectance peak values in blue and green and local absorption 

peak in the red region, while the NIR reflectance peak in the region 670-740 nm is present, it 

is not very pronounced, which is characteristic of waters with low turbidity. The region after 

850 nm due to the strong water attenuation contains almost no data. 

 

Figure 14 Remote sensing reflectance spectra collected in the Kaštela Bay 
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Figure 15 Comparison of ASD FieldSpec® and PRR-800 concurrent reflectance ratios 

 

The scatter plot (Figure 15) shows the band ratios as measured by ASD FieldSpec and PRR-

800 instrument in the space-time co-located stations. The two instruments show a fairly good 

agreement between ratios used in the tested Chl-a retrieval algorithms (Rrs(443)/Rrs(555), 

Rrs(490)/Rrs(555), Rrs(510)/Rrs(555)) with the average difference of 16.62%.  

6.1.3 Correlations between optical and water quality data 

6.1.3.1 Single band reflectance 

All 601 bands from 350 nm to 950 nm were correlated to Chl-a values. The correlation curves 

showing Pearson correlation coefficient (r) are shown in Figure 16. It can be clearly observed 

that correlations are positive for Chl-a, although all correlation values are not significant (p < 

0.05). This indicates high unreliability in using single bands as predictors of Chl-a values. 

Single bands showing the strongest correlation with Chl-a are presented in  

Table 11.  
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Figure 16 Correlation coefficients between reflectance values and Chl-a 

 

Table 5. Reflectance regions with the largest correlation coefficient (r) with Chl-a 

Wavelength range [nm] 670-720 761-765 

r 0.50-0.52 0.51 

 

It can be observed that bands located in the NIR reflection region 670 nm to 720 nm correlate 

strongest with Chl-a. Although the overall correlation strength is modest (0.50-0.52). This 

correlation in NIR region around 700 nm is well described in literature and has been used for 

the estimation of Chl-a concentrations (Gitelson 1992; Dekker 1993; Senay et al. 2002; Shafique et 

al. 2003). The other region with correlation strength over 0.5 is 761 nm  to 765 nm which can 

be attributed to sun induced Chl-a fluorescence. 

6.1.3.2 First-derivative of reflectance 

As shown in Figure 17 the strongest correlations observed for Chl-a were all statistically 

significant (p < 0.05).  
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Figure 17 Correlation coefficients between first derivative of reflectance values and Chl-a; 

blue regions represents regions with statistical significance p < 0.05 

 

The strongest correlation with Chl-a is with the bands in the blue-green region of 512-513 nm 

(r = 0.90), 618 nm (r = 0.90) and in the NIR region of 666-681 nm (r = 0.73 – 0.87) with the 

peak value at 673 nm (r = 0.87). The correlation is also strong in the green region 546-555 nm 

(r = 0.63-0.83), with the peak at 548 nm (r = 0.83) and in the blue region 455-463 nm (r = 

0.65 – 0.80) with the peak at 458 nm (r = 0.80). 

This corresponds to the reflectance peak in the blue and green region and reflectance peak in 

the NIR region of the reflectance curve. All these regions are well documented in showing 

Chl-a spectral features. 

6.1.3.3 Reflectance ratio 

To find the reflectance band ratios that in our dataset correlate strongest with the water quality 

values, a matrix with all possible spectral band ratios was created containing 180 000 

combinations.  

To identify possible zones of interest, the obtained correlations were presented on the “heat 

maps” (Figure 18) where the location of each point corresponds to the ratio of wavelengths on 

the x and y axis and the point colour shows the absolute value of the correlation coefficient 

with the observed water quality parameter. 
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(a) (b) 

  
Figure 18 (a) Correlation matrix between Chl-a and band ratios (Scale on the right 

represents absolute value of Pearson's coefficient), (b) Matrix of significant correlations with 

p<0.05. 

 

The strongest correlation is shown with the band ratios in the NIR region 650-700 nm, with 

the strongest correlation of the band ratio R681/R660 (r = 0.84) and in the blue-green region 

440-580 nm, with the strongest correlation of R498/R518 (r = 0.83) and R498/R569 (r = 

0.77). The correlation of Chl-a and the observed green:red ratio R681/R549 was moderate (r 

= 0.63). All these correlations were statistically significant with p < 0.05. 

Table below presents the correlations with the band ratios used in the Chl-global and regional 

algorithms NL-DORMA, MedOC4 and OC4v4. Since the exact wavelengths used in the 

original algorithms were not available on the Hyperion sensor, the nearest available 

wavelengths were used instead. 

 

Table 6 Correlation strength with Chl-a and the band ratios used in the global and regional 

algorithms NL-DORMA, MedOC4 and OC4v4 

Original band 

ratios 

R443/R555 R490/R555 R510/R555 

Translated band 

ratio [nm] 

R447/R559 R487/R559 R508/R559 

r -0.67* -0.71* -0.76* 

* significant correlation with p < 0.05 

 



66 

The observed correlations between surface Chl-a and the blue:green ratios were moderate to 

strong (0.67 < !r! < 0.76). The strongest correlation was found between the Chl-a and the 

ratio R508/R559.  

6.1.4 Retrieval algorithms 

Linear regression models for the retrieval of the observed water quality parameters were 

developed with the spectral indices obtained using different presented methods.  

The best of the observed models for Chl-a retrieval was bend ratio model R498/R518 (Table 

7) showing MNB of 64.45% and NRMS of 255.47% with the high coefficient of 

determination (R2 = 0.69). The first derivative model had MNB of 134.44% and NRMS of 

184.24%. The most biased was a single band model with MNB of 161.99% and NRMS of 

191.25%. All the observed models overestimated Chl-a values (Figure 30).  
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(a) (b) 

  
(c) (d) 

  

(e)  

 

 

 

Figure 19 Scatter plots of Chl-a values against (a) reflectance at R687, (b) first derivative of 

reflectance at R513, (c) reflectance ratio of R681/R660, (d) reflectance ratio of R498/R569, 

(e) reflectance ratio of R498/R518, 
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Table 7 Assessment of different models for the prediction of Chl-a values based on the field 

spectral data 

Model 
Optimal 

bands 
Regression equation R2 MNB NMRS 

Single band R687  51.8395 X R687 + 0.7561 0.27 161.99% 191.25% 

First 

derivative 

R513 -1107.1669 X R513  + 0.9013 0.27 134.44% 184.24% 

Band ratio R681/R660 48.4579 X R681/R660 -48.1727  0.68 98.53% 307.82% 

Band ratio R498/R569 -9.1196 X 498/R569  +11.4204 0.59 88.28% 283.45% 

Band ratio R498/R518 -26.4373 X R496/R518 + 29.0687 0.69 64.45% 255.47% 

  

6.1.5 Existing global and regional algorithms 

Table 8 shows the assessment of adjusted regional and global algorithms applied on the 

Kaštela dataset. 

All the tested algorithms performed poor over the complete dataset, overestimating Chl-a by a 

factor larger than 2.7 (Table 4). Generally, better performance was observed only for Chl-a 

concentrations higher than 3.5 mg m-3 (Figure 20). The highest determination coefficient was 

shown by adjusted MedOC4 algorithm (R2 = 0.76). 

 

Table 8 Statistical analysis of existing Chl-a algorithms based on the field spectral data 

Algorithm R2 MNB (%) NRMS (%) 

NL-DORMA 0.75 294.70 277.60 

MedOC4 0.76 401.75 372.90 

OC4v4 0.75 320.48 306.37 
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Figure 20 Estimates of Chl-a algorithms vs. in-situ Chl-a on the Kastela Bay dataset 

6.1.6 Prediction maps 

The figures below present the classification results using two best models and applied to the 

hyperspectral image over Kaštela bay acquired by Hyperion satellite.    

All areas apart from the sea water have been masked in black to achieve better classification 

results. The colour from blue to red represents areas of minimal to maximal concentrations of 

the Chl-a. 

It was not possible to obtain in advance from NASA information on the exact day when the 

image will be taken with Hyperion sensor. For this reason, it was not possible to organize a 

parallel field campaign.  

Chl-a values obtained by the Institute of Oceanography and Fisheries on 14 June 2010 from 

the measuring stations in the Kaštela Bay indicate that the prediction models in general 

overestimated Chl-a values, but show good determination in predicting areas of higher and 

lower concentration values. 

However; small number of measurements and the time difference of 3 weeks between 

observed and predicted Chl-a values add up to the uncertainty of expressing numerically the 

model validation results. For this reason, the maps should be looked as a tool to predict areas 

of higher and lower relative Chl-a concentrations rather than absolute concentration values. 

The R498/R518 band ratio model produces higher Chl-a estimate than the adjusted MedOC 

model.  

The Chl-a concentrations are higher near the coastline in both prediction models, with this 

phenomena more observed at the R498/R518 band ratio model where most of the Vranjic area 
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is a zone of high Chl-a concentrations. The observed Secchi disk depth at the Vranjic 

measuring station was merely 5m, so high concentrations of Chl-a only in very shallow 

waters in the immediate vicinity of the coast can be partially influenced by the signal from the 

subaquatic vegetation. 

 

 

Figure 21 Prediction map of Chl-a values using an algorithm based on R498/R518 band ratio 

(blue to red colour represents range from 0 to 10  mg m-3) 
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Figure 22 Prediction map of Chl-a values using adjusted MedOC algorithm (blue to red 

colour represents range from 0 to 10  mg m-3) 

 

Apart from the correlations of hyperspectral data and Chl-a-a, a statistically significant 

correlation of the band ratio R711/R681 with total nitrogen (r = 0.96, N = 4) and the band 

ratio R589/R752 with total phosphorous values (r = 0.95, N = 4) can be empirically 

established.  

In general the areas of predicted higher Ntot and Ptot concentration exceedingly overlap with 

the areas of predicted high Chl-a concentrations. A larger study area is undefined (covered in 

black) for Ptot prediction maps because reflectance values at R752 were found to be 0. This is 

due to the sensor sensitivity and atmospheric correction inefficiencies.  

These correlations have to be taken with caution, first because of the small number of 

measurements. Since these water quality parameters are not optically visible, it is assumed 

that a proxy optically visible substance is observed. There are more measurements needed to 

confirm eventual robustness of these correlations and to identify its nature. 
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Figure 23 Prediction map of Ntot values using an algorithm based on R711/R681 band ratio 

(blue to red colour represents range from 0 to 35 mg m-3) 

 

Figure 24 Prediction map of Ptot values using an algorithm based on R711/R681 band ratio 

(blue to red colour represents range from 0 to 2 mg m-3) 
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6.2 Sava River 

6.2.1 In-situ water quality data 

The collected water samples were analysed in the laboratory for a number of water quality 

parameters. Analytically measured in-situ concentrations of optically visible water quality 

parameters are shown in Table 9. The difference between the minimum and maximum values 

in the first campaign is more than one order of magnitude for all the examined parameters. 

The contrast between low values of Chl-a that are indicative to the oligotrophic waters and 

relatively high turbidity and TSS values was observed on most of the stations. One of the 

reasons is probably a rainy period that preceded the monitoring campaign and that caused 

high sediment levels in water runoff. Weak relationships between Chl-a (r = 0.1) 

concentrations and TSS values suggest higher amounts of non-algal turbidity in the water 

column in Sava River. Turbidity and TSS show strong positive relationship (r = 0.62). All the 

measured water quality data is presented in the Annex 2. 

 

Table 9 The range of concentrations for Chl-a, TSS and turbidity at the Sava River stations in 

2010 campaign 

 
N Mean SD Min Max 

Chl-a [mg m-3] 14 0.55 0.50 0.12 1.83 

TSS [mg L-1] 14 229.71 128.04 25.00 385.00 

Turbidity [NTU] 14 12.97 8.99 3.31 37.23 

 

 

Table 10 The range of concentrations for Chl-a, TSS and turbidity at the Sava River stations 

in 2011 campaign 

 
N Mean SD Min Max 

Chl-a [mg m-3] 11 2.66 0.98 1.78 4.74 

TSS [mg L-1] 11 313.55 14.94 280.00 329.00 

Turbidity [NTU] 13 23.12 6.98 13.66 33.76 
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6.2.2 Spectral characteristics of water 

Figure 25 presents the above water reflectance values over various measuring stations. The 

general observed characteristics of the reflectance curves are shifting reflectance peak in the 

green-yellow region (560 nm), absorption peak at 670 nm and reflectance peak in near 

infrared (810 nm). NIR reflection peak at around 700 nm and absorption peak at 670 nm are 

not pronounced on all the spectral curves presumably because of the masking effect of 

suspended matter. TSS and turbidity increase the values of reflectance in the visible and NIR 

part of the spectrum (Kallio et al. 2001). 

 

Figure 25 Reflectance values at different Sava stations 

Water surface condition characterized with waves and sun glint can have serious impact on 

the above water collection of spectral data (Bhatti et al. 2010). The concurrent data acquired 

with these two instruments was used in order to verify the consistency of in-water and above-

water measurements within our dataset and to examine the impact of surface conditions. 

 

Figure 26 shows the difference between band ratios as measured by ASD FieldSpec and PRR-

800 instrument just below the water surface in the space-time co-located stations. The two 

instruments show a fairly good agreement between ratios in green and blue spectral region 

(MNB < 15.5% and NRMS < 1.3%) and larger bias in red and green ratio (MNB = 33% and 
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NRMS = 3%). This result is in line with the study from Bhattia, Rundquist et al. (2010) where 

they found that difference between above water and in-water spectral reflectance 

measurements was almost constant in blue and green region and minimal, but not consistent 

in the red region. 

 

 

 

Figure 26 Comparison of ASD FieldSpec® and PRR-800 concurrent reflectance ratios 

 

Difference %  R443/R555 R490/R555 R510/R555 R532/R555 R683/R555 

MNB 15.49 13.27 13.58 6.13 33.01 

NRMS 1.15 0.91 1.29 0.42 3.06 

 

6.2.3 Correlations between optical and water quality data 

6.2.3.1 Single band reflectance 

All 601 bands from 350 nm to 950 nm were correlated to Chl-a, TSS and turbidity values. 

The correlation curves showing Pearson’s correlation coefficient (r) are shown in Figure 27. It 

can be clearly observed that correlations are positive for all analysed water quality 
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parameters.  Single bands showing the strongest correlation with Chl-a, TSS and turbidity are 

presented in  

Table 11.  

 

(a) (b) 

  

(c)  

 

 

Figure 27 Correlation coefficients between reflectance values and (a) Chl-a, (b) TSS and (c) 

Turbidity values; blue regions represents regions with statistical significance p < 0.05 

 

Table 11 Reflectance regions with the largest correlation coefficient (r) with Chl-a, TSS and 

turbidity 

 

       Chl-a       TSS   Turbidity 

Wavelength [nm] 713 745 489 819 719 813 

r 0.73 0.72 0.71 0.73 0.77 0.79 
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It can be also observed that bands located in the local absorption peak and reflectance peak of 

the NIR region correlate strongest with Chl-a.  

 

Correlation with TSS is strongest in the absorption peak of the blue-green region and 

reflectance peaks in NIR region. Turbidity is strongest correlated with the band in the 

reflectance peak in NIR region of the reflectance curve. Other authors reported high 

correlation of single band reflectance with TSS in the region near 700 nm (Senay et al. 2002) 

and turbidity in the region near 710 nm (Gitelson 1992; Kallio et al. 2001) and 570 nm (Chen et 

al. 2009). 

6.2.3.2 First-derivative of reflectance 

As shown in Figure 27 the strongest correlations observed for Chl-a, TSS and turbidity were 

all statistically significant (p < 0.05).  

 

The strongest correlation with Chl-a is with the bands at 563 nm (r = 0.80), 750 nm (r = 0.80) 

and 753 nm (r = 0.81). This corresponds to the reflectance peak in the green-yellow region 

and absorption peak in the NIR region of the reflectance curve. Han and Rundquist (Han and 

Rundquist 1997) reports the best correlation in inland waters with the first derivative of 

reflectance at 690 nm and in coastal waters (Han 2005) with the first derivative of reflectance 

in the regions of 630–645 nm, 660–670 nm, 680–687 nm and 700– 735 nm. 

 

TSS is the strongest correlated with the bands at 702 nm (r = 0.81), 706 nm (r = 0.80) and 804 

nm (r = 0.87). These two regions are local reflectance peaks in NIR. The strongest correlation 

with turbidity is observed with the bands at 730 nm (r = 0.91), 821 nm (r = 0.93) and 826 nm 

(r = 0.92), which are, located in the local absorbance peaks of the NIR region. 
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(a) (b) 

  
(c)  

 

 

Figure 28 Correlation coefficients between first derivative of reflectance values and (a) Chl-

a, (b) TSS and (c) Turbidity values; blue lines represents regions with statistical significance 

p < 0.05 

6.2.3.3 Reflectance ratio  

The often used band ratio of R705/R670 showed no correlation (r = 0.05) in our data set. All 

the NIR-red band ratio combinations from R660 to R730 showed poor correlation with R < 

0.22. Furthermore the band ratio R861/R866 used by Huang (2010) showed equally poor 

correlation with Chl-a values (r = 0.24). 

-1

-0,5

0

0,5

1

351 451 551 651 751 851

C
or

re
la

ti
on

 c
oe

ff
ic

ie
nt

 

Wavelenght [nm]

-1

-0,5

0

0,5

1

351 451 551 651 751 851
C

or
re

la
ti

on
 c

oe
ff

ic
ie

nt
 

Wavelenght [nm]

-1

-0,5

0

0,5

1

351 451 551 651 751 851

C
or

re
la

tio
n 

co
ef

fic
ie

nt
 

Wavelenght [nm]



79 

The obtained correlations of 180 000 spectral band ratios were presented on the “heat maps” 

(Figure 8) where the location of each point corresponds to the ratio of wavelengths on the x 

and y axis and the point colour shows the absolute value of the correlation coefficient with the 

observed water quality parameter.  

Band ratios R745/R418, R373/R396 and R396/R390 showed highest coefficients of 

determination respectively with Chl-a (r = 0.85), TSS (r = 0.88) and turbidity (r = 0.85).  

For the Chl-a estimation it was expected to have one band in the NIR region, but it was 

unusual to find that the best correlation was between the ratio of NIR and violet/blue bands. 

To best of our knowledge, it is because of the optical properties of other water constituents 

that mask phytoplankton pigment in blue-green region in turbid waters. 

 

 (a)  (b) 

  
(c)  

 

 

Figure 29 Correlation matrix between band ratios (Scale on the right represents absolute 

value of Pearson's coefficient (a – Chl-a, b – TSS, c – turbidity) 
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6.2.4 Retrieval algorithms 

Linear regression models for the retrieval of the observed water quality parameters were 

developed with the spectral indices obtained using different presented methods.  

The best of the observed models for Chl-a retrieval was bend ratio model (Table 12) showing 

MNB of 43.35% and NRMS of 25.94% with the highest coefficient of determination (R2 = 

0.72). The first derivative model had MNB of 51.35% and NRMS of 28.34%. The most 

biased was a single band model with MNB of 58.47% and NRMS of 33.19%. All the 

observed models overestimated Chl-a values (Figure 30).  

The same is observed for the estimation of TSS (Table 13 and Figure 31), where the band 

ratio model had the highest coefficient of determination (R2 = 0.78), MNB of 15.91% and 

NMRS of 58.34%. The first derivative model was slightly worse with MNB of 19.65% and 

NMRS of 62.36%. The worst was again the single band model with MNB of 47.72% and 

NRMS of 84.77% 

The single band model was the most precise for the estimation of turbidity (Table 14 and 

Figure 32) with MNB of 6.59% and NMRS of 5.28%, but the lowest coefficient of 

determination (R2 = 0.78). The first derivative model had MNB of 4.48% and NRMS of 

24.95% with the highest coefficient of determination (R2 = 0.87) and the band ratio model had 

lower coefficient of determination (R2 = 0.78) with MNB of 9.25% and NMRS of 4.50%. 
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Table 12  Assessment of different models for the prediction of Chl-a values 

Model Optimal 

bands 

Regression equation R2 MNB NMRS 

Single band R713  17.7084 x R713 - 0.1279 0.54 58.47% 33.19% 

First 

derivative 

R753 -15077.1900 x R753 + 0.0150 0.66 51.35% 28.34% 

Band ratio R745/R418 3.3140 x R745/R418 -0.8357 0.72 43.35% 25.94% 

 

(a)  (b) 

  
(c)  

 

 

Figure 30 Scatter plots of Chl-a values against (a) reflectance at R713, (b) first derivative of 

reflectance at R753, (c) reflectance ratio of R745/R418 
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Table 13  Assessment of different models for the prediction of TSS values 

Model Optimal 

bands 

Regression equation R2 MNB NMRS 

Single band R813 13086.3137 x R813 + 23.71 0.53 47.72% 84.77% 

First 

derivative 

R804 3589757 x R804 + 0.7562 0.75 19.65% 62.36% 

Band ratio R373/R396 -2447.5150 x R373/R396 + 

2811.5680 

0.78 15.91% 58.34% 

 

(a)  (b) 

  
(c)  

 

 

Figure 31 Scatter plots of TSS values against (a) reflectance at R819, (b) first derivative of 

reflectance at R804, (c) reflectance ratio of R373/R396 
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Table 14 Assessment of different models for the prediction of turbidity values 

Model Optimal 

bands 

Regression equation R2 MNB NMRS 

Single band R819 957.5788 x R813 - 2.9095 0.63 6.59% 5.28% 

First 

derivative 

R821 -56956.1121 x R821 - 0.4176 0.87 4.48% 24.95% 

Band ratio R396/R390 537.5109 x R396/R390 - 521.1238 0.72 9.25% 4.50% 

 

(a)  (b) 

  
(c)  

 

 

Figure 32 Scatter plots of turbidity values against (a) reflectance at R813, (b) first derivative 

of reflectance at R821, (c) reflectance band ratio of R396/R390 
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6.2.5 Prediction maps 

The best regression equations derived from the first measurement campaign in 2010 were 

applied to the airborne image from May 2011 to make prediction maps of Chl-a, TSS and 

Turbidity amount (Figure 33).  

All areas apart from the river have been masked in black to achieve better classification 

results. The colour from blue to red represents areas of minimal to maximal concentrations of 

the observed parameter. 

The 11 measurements time and space coincidental with the airborne image (Table 10) were 

used for the model validation. The results are shown in Table 15. 

It can be observed that the Chl-a model slightly overestimates measured values (NMRS = 

14.55%), but generally shows good accuracy with the moderate determination coefficient (R2 

= 0.33).  TSS and turbidity models display similar accuracy with turbidity values having the 

highest determination coefficient of all three models (R2 = 0.41).   

TSS and turbidity prediction maps significantly overlap which is to be expected due to their 

strong correlation (r = 0.64, p < 0.05). 

 

Table 15 River Sava model validation results 

Parameter Model R2 MNB NMRS 

Chl-a R745/R418 0.33 -56.01% 14.55% 

TSS R373/R396 0.34 10.64% 9.45% 

Turbidity R396/R390 0.41 -34.37% 15.67% 
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(a) (b) (c) 

   
Figure 33 Prediction maps of (a) Chl-a values using an algorithm based on R745/R418 band 

ratio (blue to red colour in figure represents range from 0 to 10 mg m-3), (b) TSS values using 

an algorithm based on R373/R396 band ratio (blue to red colour in figure represents range 

from 0 to 500 mg L-1), (c) Turbidity values using an algorithm based on R396/R390 band 

ratio (blue to red colour in figure represents range from 0 to 50 NTU) 
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As in the Kaštela bay, the statistically significant correlations were empirically found of the 

band ratio R460/R719 with total nitrogen (r = -0.72, N = 14) and the band ratio R623/R664 

with oxygen values (r = 0.85, N = 14).  

In general the areas of predicted higher Ntot concentration exceedingly overlap with the areas 

of predicted high Chl-a concentrations. The higher oxygen concentrations are observed in the 

middle of the flow and generally are opposite of the high Chl-a and Ntot concentrations. This 

is expected due to the higher water mixing in the middle of the flow. 

Again, these correlations have to be taken with caution. Since these water quality parameters 

are not optically visible, it is assumed that a proxy optically visible substance is observed.  

The bands of total nitrogen model are located in the spectral region where an influence from 

Chl-a is expected. 

The same conclusion can be drawn as with the Kaštela bay that more measurements are 

needed to validate these correlations. 
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(a) (b) 

  
Figure 34 Prediction maps of (a)  total nitrogen values using an algorithm based on 

R460/R719 band ratio (blue to red  colour range from 0 to 2000  mg m-3), (b) Oxygen values 

using an algorithm based on R623/R664 band ratio (blue to red  colour range from 0 to 20  

mg L-1) 
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6.3 Invasive subaquatic vegetation 

6.3.1 Reflectance spectra of Caulerpa species 

Comparison of in-lab spectra of C. taxifolia and C. racemosa var. cylindracea discovered 

spectral regions of interest (Figure' 35). Both algae follow the expected similar pattern of 

reflectance peaks in green and near infrared spectral regions and absorption features in blue 

and red spectral regions, while Caulerpa taxifolia has a more pronounced absorption in the 

region of 900-950 nm. The notable distinction between the two species is in the difference of 

local absorption maximum for C. taxifolia at 670 nm and for C. racemosa var. cylindracea at 

675 nm. 

 

 

 

Figure 35 Comparison of in-lab reflectance spectra of C. racemosa var. cylindracea (solid 

lines) and C. taxifolia (dotted lines) 

 

The same difference can be observed in the spectral signatures taken in-air (Figure'36). In 

addition, in these signatures there is a notable difference in the reflection in the green region. 

All spectral curves of C. taxifolia had a local reflection maximum at 557 or 558 nm while C. 

racemosa var. cylindracea had the maximum at 565 nm. While most of the spectral 

differences between two algae in infrared region have been lost due to water absorption, there 

is an observable local reflection maximum for C. taxifolia at 761 nm. 
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Figure 36 Comparison of in-air reflectance spectra of C. racemosa var. cylindracea and C. 

taxifolia 

 

  

Figure 37 In-lab reflectance spectra of Posidonia oceanica 
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6.3.2 Discriminating between Caulerpa species and P. oceanica reflectance spectra 

In-lab reflectance spectra of P. oceanica (Figure 37) reveal the local reflectance maximum at 

554 nm and the local absorption minimum at 663 nm and then it reaches absolute maximum 

at 860 nm. The relatively uniform signal with a slight decreasing tendency is observable in 

the blue region. 

Figure 38 shows the averaged spectral reflectance lines of C. racemosa var. cylindracea, C. 

taxifolia and P. oceanica from which it is clearly observable the difference in the position of 

the local reflectance maximum in a region of 550-570 nm and a local absorption difference of 

P. oceanica in the region of 480-500 nm and  660-680 nm. Posidonia oceanica also has an 

apparent maximal reflectance difference in the region of 850 nm; however, this difference 

would diminish in the in-situ conditions due to the water attenuation effect. 

 

 

Figure 38 Averaged in-lab reflectance spectra of C. racemosa var cylindracea (solid line), C. 

taxifolia (dotted line) and P. oceanica (dashed line) 

 

The independent t-test showed that this observable differences are statistically significant 

(p<.05) between values of the first derivative at 448 nm (t (18) = 4.41), 500 nm (t (18) = 

10.70), and 660 nm (t (18) = -4.56). This differentiation between Caulerpas and P. oceanica 

can be observed at the scatter plot (Figure'39). 
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Figure 39 Scatter plot of the values of the first derivative at R448, R500 and R660 of the C. 

racemosa var. cylindracea and C. taxifolia (o) and P. oceanica (X) 
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7 DISCUSSION 

7.1 Integrating remote sensing in the eutrophication risk assessment  

 

 
Figure 40 Process of integrating remote sensing data in the eutrophication risk assessment 

models  

 

A need for integrating remote sensing in assessing eutrophication is now recognized by EU 

policy makers, but even so, this matter is still in its infancy.  Figure 40 presents a scheme of 

using remote sensing data to feed the eutrophication risk assessment models. The process 

requires integration of various complex scientific activities and methods in an integrated 

diagnostic tool. The challenge is that such tool should produce sufficiently reliable results, but 

at the same time be simple enough for use and interpretation by environmental managers and 

policy makers.  

The prediction maps of water quality parameters generated from hyperspectral data can be 

directly used to assess eutrophication risks or can be used as an input values in more 

elaborated eutrophication risks models. There are efforts in some EU member states (France, 

Spain) to measure eutrophication status of its coastal waters directly based on the P90 Chl-a 

values as a requirement of MSFD. In this case, it could be directly possible to use remote 

sensing products. 
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Chl-a concentrations derived from the remote sensing, could be used as an input to the 

EUTRISK model. This model uses Chl-a and numerical modelling to provide data on the 

physical capacity to store and renew sea-bottom oxygen and create eutrophication risk 

assessment maps. The current resolution of the physical model (4-20 km) should be increased 

to allow for its use in the coastal zones. 

7.2 Data acquisition  

In this research, the hyperspectral data was acquired at three levels: field data, airborne data 

and satellite data.  

The satellite data is the most economical in terms of the price per area covered, but the 

number of currently operational hyperspectral satellites is very small. However, there are 

many new satellites carrying hyperspectral cameras planned in the near future (Table 3).  The 

spatial resolution of the 30 m of the Hyperion image that was acquired over the Kaštela bay 

has shown sufficient for water quality remote sensing. However, this resolution might be 

challenging for the remote sensing of invasive subaquatic vegetation that grows in 

heterogeneous assemblages, such as Caulerpa species found on the island of Hvar. 

Acquisition of hyperspectral data requires good weather. While the uniform clouds can be up 

to the certain extent tolerated and compensated for while acquiring field data, such weather 

conditions would prevent the use of satellite platforms and, limit the utility of airborne data. 

In wintertime with many cloudy days it could be hard to obtain good satellite images, 

especially since, apart from the geostationary satellites, we cannot control the satellite 

acquisition time over a specific area. 

Airborne platforms are more flexible in this matter and could more easily use the narrower 

window of opportunity of good weather during the wintertime. The spatial resolution of the 

airborne data is higher than of the satellite, which can be particularly important for inland 

waters (such as River Sava). However, the price of airborne data is much higher per area than 

satellite data and inadequate in some instances where there is a huge area to be covered in the 

short time. Today there is a big increase in the use of unmanned aerial vehicles (UAV) in 

different commercial activities. This looks promising in terms of making such technology in 

the near future more readily available and financially accessible. There are already few 

commercial UAVs designed to carry hyperspectral cameras, which could be used in the 

monitoring of the coastal zones and inland waters. Such UAVs could be programmed to 

automatically collect images at defined time intervals over a particular area and upload data to 
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the ground centres for further processing. Most of this system could be made to work almost 

completely automatic. 

Field data acquisition and in-lab measurement of the water parameters is necessary for the 

validation of the prediction maps and further optimization of the algorithms used. The 

robustness of the empirical algorithms is in the great extent determined by the number of 

measurements used.  The use of field spectral data also increases the efficiency of some 

atmosphere removal models during the satellite or airborne data pre-processing. 

In deriving surface parameters using remotely sensed data at the different spatial resolutions, 

the transportability of algorithms from one resolution to another is often of great concern 

because of the mentioned surface heterogeneity. This may be particularly important for the 

identification of the invasive Caulerpa species due to their patchy growth patterns inside P. 

oceanica meadows. The spatial dependence and variability of Caulerpa reflectance could be 

useful information to have better interpretation of the final data maps. A reflectance that was 

recorded in this research with a field spectrometer at a very high spatial resolution would not 

be directly comparable to an image from an airborne or satellite borne platform with a pixel 

size measured in meters.  

To be able to compare the data obtained from in-situ measurements, to those from an airborne 

or spaceborne platform the issue of spatial scaling would need to be further examined. 

7.3 Water quality algorithms 

7.3.1 Coastal waters 

All the algorithms developed from the field spectral data performed poor over the complete 

dataset, overestimating Chl-a values. Generally, better performance was observed only for 

Chl-a concentrations higher than 3.5 mg m-3. The most accurate algorithm for Chl-a was 

based on the R498/R518 band ratio model showing high correlation with measured values (R2 

= 0.69) with MNB of 64.45% and NRMS of 255.47%.  

The highest determination coefficient (R2 = 0.76) for the field hyperspectral data was shown 

by the MedOC4 algorithm adjusted to work with Hyperion spectral bands. Considering a high 

determination coefficient, different parameterization of the MedOC4 algorithm with more 

measurements would probably increase its current accuracy (MNB = 401.75%, NRMS = 

372.90%). 
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As well, the prediction maps of Chl-a concentrations based on the adjusted MedOC4 

algorithm were shown to be more accurate (MNB = 136.3%) than the R498/R518 band ratio 

algorithm (MNB = 427.8%). Both algorithms showed a very high determination coefficient 

(R2 > 0.9) when applied to the Hyperion data, but since there was a small number of 

validation points it is not possible to reach any conclusive statements. 

The possibility to establish high empirical correlations between field hyperspectral data and 

total nitrate and phosphorous values indicate that there is a proxy optically visible substance 

or substances. This could be further tested by more empirical research or creating a forward 

analytical model to examine spectral variability of different mixtures of water quality 

parameters.  

7.3.2 Inland waters 

All the developed algorithms overestimated water quality values. The best precision and 

accuracy were obtained for the algorithms for turbidity estimations.  

The best algorithm for Chl-a was based on the R745/R418 band ratio model showing high 

correlation with measured values (R2 = 0.72) with MNB of 43.35% and NRMS of 25.94%.  

The best algorithm for TSS retrieval (R2 = 0.78) was based on the R373/R396 band ratio 

model, but opposite to Chl-a algorithm, showing a greater random than systematic error. 

The first derivative model showed as a best predictor for turbidity values (R2 = 0.87) MNB of 

4.48% and NRMS of 24.95%. 

The prediction maps for Chl-a show areas of higher concentrations located mostly in the river 

bands and near the coastline, probably connected to the slower water flow in these areas. The 

subaquatic vegetation might also influence the signal, but due to the high water turbidity (SD 

< 1 m) this is less likely than in the Kaštela bay. 

TSS and turbidity prediction maps significantly overlap which is to be expected due to their 

strong correlation (r = 0.64, p < 0.05). 

The results of the research suggest that the developed algorithms are useful to estimate water 

quality, but the larger set of data is needed to achieve greater precision and robustness. 

Especially, it would be useful to check the seasonal variability. During the field measurement 

campaigns, the water was highly turbid due to the surface water runoff that was high in this 

part of the season. 
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The possibility to establish high empirical correlations with total nitrate and oxygen values 

indicate as in the Kaštela Bay that a proxy optically visible substance is observed. The bands 

of total nitrogen model are located in the spectral region where an influence from Chl-a and 

CDOM is expected.  

7.3.3 Subaquatic vegetation 

It is particularly important to discriminate the spectral signal characteristics of Caulerpa from 

the signal and signature of Posidonia oceanica, since Caulerpa in the Adriatic Sea often 

competes for the available habitat with Posidonia oceanica. Hence, it would be of paramount 

importance to delineate the spectral signatures of areal mixtures of the two species and the 

minimum detectability thresholds of either or both species within the larger frame. 

The initial results indicate that it might be possible to distinguish between the observed 

Caulerpa and Posidonia species based on their spectral reflectance profile. The statistical 

analysis showed significant difference between two groups of samples. To confirm this 

observation it would be necessary to collect samples from more populations and in different 

phenological phases of algae. The observed spectral differences could be a result of the 

spectral variability within each species and not the characteristic feature.  

More extensive research is needed to characterize spectral features of observed algae in-situ 

in relation to different microhabitat conditions and seasonal and daily changes in the light 

environment. Beside the effect of water attenuation, other properties that should be examined 

in relation with their effect on the spectral profile are depth changes of pigment composition 

and photosynthetic parameters. These changes are reportedly a widespread feature/occurrence 

in macroalgae (Ramus et al. 1976).  Some recent studies showed that Caulerpa racemosa var. 

cylindracea exhibits photoacclimation to depth and daily light cycle that is characterized by 

changes in levels of certain carotenoid pigments (Raniello et al. 2004; Raniello et al. 2006). 

Furthermore, to allow for the accurate remotely sensed mapping of the invasive Caulerpas in 

the coastal zone of Adriatic Sea, beside the spatial scaling effect that was prior discussed, 

mixing properties with other benthic optical signals would need to be examined. The invasive 

Caulerpa sp. in the Mediterranean Sea forms a continuous, dense meadows, while in south-

western Australia where the C. racemosa occurs natively, it is intermixed with other algae 

without forming monospecific meadows (Carruthers et al. 1993; Verlaque et al. 2003). Such 

dense growth makes the invasive Caulerpa species easier detectable on images with larger 

spatial scales.  
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8 CONCLUSIONS AND REMARKS FOR FUTURE RESEARCH  

The research showed that algorithms for retrieval of water quality parameters from spectral 

data in optically complex coastal zones and inland waters have to be tuned to the local 

conditions.  

High and statistically significant correlations were found between the hyperspectral data and 

in-situ measured Chl-a, TSS and turbidity values.  

The developed algorithms showed good determination coefficient for the retrieval of Chl-a, 

TSS and turbidity values from the acquired airborne and satellite-borne hyperspectral images. 

Since all the algorithms overestimated the concentrations, their accuracy should be improved 

with more measurements. The best algorithm for Chl-a retrieval was based on the band ratios 

R498/R518 in the coastal zone and R745/R418 in the inland waters. 

High correlations were found between field hyperspectral data and; total nitrate and 

phosphorous values in coastal zones; and total nitrogen and oxygen values in inland waters. 

This indicates existence of the optically visible constituents in water that serve as proxy for 

the established correlations. This should be further tested by more empirical research or 

creating a forward analytical model. 

It is possible to discriminate between C. taxifolia, C. racemosa var. cylindracea and P. 

oceanica based on their reflectance curves. The future research should focus on mixing 

properties with other benthic optical signals. 
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ANNEX 1 
In-situ water quality data from the Kaštela Bay 

 
Second campaign, 27 May 2009 
 
Indicator  [mg m-3] 
/ Station KS4 KS7 KS8 KS9 

Chl--a 5.56 7.02 3.93 0.67 
NH4 1.61 0.975 0.763 0.633 
NO2 0.166 0.025 0.167 0.063 
NO3 1.541 0.994 0.943 1.293 
PO4  0.299 0.043 0.099 0.027 
SiO4 1.373 1.679 0.201 1.426 
Ptot 0.592 0.131 0.223 0.118 
OP 0.293 0.088 0.123 0.091 

Ntot 12.307 6.978 7.712 5.796 
TIN  3.318 1.993 1.872 1.988 
ON 8.99 4.985 5.840 3.808 
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Correlation matrix 
 

  Chl-a NH4 NO2 NO3 PO4 SiO4 Ptot OP Ntot TIN ON 

Chl-a 1 .598 -.019 -.164 .353 .198 .328 .296 .461 .310 .497 

NH4 .598 1 .424 .662 .923 .288 .923 .922 .953* .947 .933 

NO2 -.019 .424 1 .288 .724 -.692 .709 .684 .677 .492 .718 

NO3 -.164 .662 .288 1 .702 .430 .733 .772 .652 .856 .573 

PO4 .353 .923 .724 .702 1 -.026 .999* .995* .993* .946 .983* 

SiO4 .198 .288 -.692 .430 -.026 1 .003 .044 .012 .284 -.072 

Ptot .328 .923 .709 .733 .999* .003 1 .998* .989* .957* .975* 

OP .296 .922 .684 .772 .995* .044 .998* 1 .982* .970* .961* 

Ntot .461 .953* .677 .652 .993* .012 .989* .982* 1 .940 .994* 

TIN .310 .947 .492 .856 .946 .284 .957* .970* .940 1 .899 

ON .497 .933 .718 .573 .983* -.072 .975* .961* .994* .899 1 
* Correlation is significant at the 0.05 level (2-tailed). 
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ANNEX 2 
In-situ water quality data form the Sava River 

 
LEGEND 

Label Indicator Unit 

A  Temp. water  °C 
B  Conductivity  µS/cm 

C  O2  mg L-1 

D  O2 % % 

E  Free CO2  mg L-1 

F  Consumption KMnO4 mg O2 l-1 

G  NH3  mg L-1 

H  NO3
-  mg L-1 

I  NO2 
-  mg L-1 

J  Total N mg L-1 

K  PO4
3-  mg L-1 

L  P2O5  mg L-1 

M  Total P mg L-1 

N  pH 
 O  Alkalinity 
 P  Chl-a  mg L-1 

Q  TSS mg L-1 
R  SAM mg L-1 
S  Turbidity NTU 
T  Depth m 
U  SD m 
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First campaign July 2010 
Indicator / 

Station S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14 

A  24.3 24.5 24.3 24 24.6 24.9 24.1 25.4 27.1 28.1 25.6 25 25.4 26.1 

B  448 449 452 456 418 419 414 405 412 441 447 474 410 387 

C  4.45 4.55 4.9 4.8 4.53 4.1 4.55 4.9 4.13 5.72 10.96 3.53 10.4 12.01 

D  53.0 55.4 57.8 57.2 55.0 50.3 56.4 52.8 52 73.8 135 43 128 150.2 

E  2.82 3.262 2.392 8.69 2.82 2.39 2.17 1.52 1.52 4.34 0 1.32 2.51 0 

F  23.47 28.16 19.09 88.29 22.53 26.29 16.90 20.03 21.59 14.40 24.409 16.585 11.578 11.891 

G  0.28 0.109 0.849 0.376 0.121 0.254 0.084 0.097 0.169 0.060 0.084 0.036 0.291 0.267 

H  0.974 3.987 0 0 0.93 3.544 4.873 0 4.607 0 4.873 0.531 1.373 0 

I  0.065 0.197 0.197 0.03 0.01 0.03 0.02 0.04 0.03 0.1 0.97 0.01 0.07 0.92 

J  0.47 1.05 0.76 0.319 0.313 1.019 1.176 0.092 1.189 0.08 1.464 0.153 0.571 0.499 

K  0.52 0.37 0.32 2.5 0.26 0.29 0.19 0.12 0.49 0.17 0.31 0.13 0.13 0.51 

L  0.388 0.276 0.239 1.867 0.194 0.216 0.141 0.089 0.366 0.126 0.231 0.097 0.097 0.38 

M  0.16 0.120 0.104 0.815 0.084 0.094 0.061 0.039 0.159 0.055 0.101 0.042 0.042 0.166 

N  7.63 7.57 7.70 7.68 7.67 7.61 7.65 7.51 7.47 7.53 8.26 7.68 8.32 8.51 

O  4.15 4.35 3.16 4.59 4.20 4.10 1.87 3.79 4.25 4.05 3.66 3.952 2.766 3.853 

P  1.827 1.12 0.185 0.596 0.911 0.123 0.545 0.238 0.41 0.192 1.064 0.128 0.175 0.241 

Q  0.026 0.034 0.032 0.037 0.036 0.038 0.009 0.031 0.019 0.024 0.002 0.007 0.015 0.006 

R  0.014 0.0134 0.01 0.005 0.009 0.008 0.005 0.006 0.013 0.007 0.001 0.004 0.004 0.004 

S  16.93 37.23 12.7 12.21 17.23 22.45 13.46 14.49 5.79 6.65 9.98 3.98 5.19 3.31 

T   4 1.5 1.2  1 1 1   1 1 1 5 

U  1 2.5 1 1 1 0.7 0.7 0.7 1 1 1 1 1 3.5 
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Correlation matrix for 2010 Lab data 

 A  B  C  D  E  F  G  H  I  J  K  L  M  N  O  P  Q  R  S  T  U  
A  1 -.276 .275 .303 -.236 -.384 -.334 -.028 .204 -.110 -.290 -.290 -.287 .068 .186 -.358 -.282 -.075 -.481 .383 .548* 

B  -.276 1 -.395 -.390 .377 .364 .123 -.093 -.168 -.084 .258 .258 .256 -.324 .276 .276 .101 .104 .170 .420 .273 

C  .275 -.395 1 .998* -.391 -.233 .015 -.017 .816* .165 -.086 -.086 -.084 .953* -.229 -.073 -.586* -.608* -.409 -.044 .041 

D  .303 -.390 .998* 1 -.387 -.242 .000 .001 .817* .178 -.090 -.090 -.088 .951* -.226 -.078 -.600* -.600* -.419 -.012 .072 

E  -.236 .377 -.391 -.387 1 .819* .201 -.304 -.496 -.338 .781* .781* .781* -.391 .316 .078 .600* .172 .207 .138 .164 

F  -.384 .364 -.233 -.242 .819* 1 .186 -.117 -.162 -.082 .957* .957* .957* -.200 .435 .173 .437 .004 .186 -.182 -.199 

G  -.334 .123 .015 .000 .201 .186 1 -.344 .001 .031 .267 .267 .267 .095 -.117 -.138 .318 .215 -.027 -.381 -.333 

H  -.028 -.093 -.017 .001 -.304 -.117 -.344 1 .127 .906* -.211 -.211 -.209 -.055 -.237 .249 -.241 .090 .325 .048 -.148 

I  .204 -.168 .816* .817* -.496 -.162 .001 .127 1 .345 -.053 -.053 -.051 .766* -.009 .111 -.560* -.457 -.208 .049 .004 

J  -.110 -.084 .165 .178 -.338 -.082 .031 .906* .345 1 -.123 -.123 -.122 .146 -.285 .222 -.244 .072 .272 -.093 -.274 

K  -.290 .258 -.086 -.090 .781* .957* .267 -.211 -.053 -.123 1 1.00* 1.00* -.047 .407 .138 .312 -.017 .008 -.235 -.197 

L  -.290 .258 -.086 -.090 .781* .957* .267 -.211 -.053 -.123 1.00* 1 1.00* -.047 .407 .138 .312 -.017 .008 -.235 -.197 

M  -.287 .256 -.084 -.088 .781* .957* .267 -.209 -.051 -.122 1.00* 1.00* 1 -.046 .405 .128 .311 -.023 .006 -.235 -.195 

N  .068 -.324 .953* .951* -.391 -.200 .095 -.055 .766* .146 -.047 -.047 -.046 1 -.270 -.080 -.607* -.632* -.415 -.174 -.099 

O  .186 .276 -.229 -.226 .316 .435 -.117 -.237 -.009 -.285 .407 .407 .405 -.270 1 .240 .466 .383 .233 .174 .157 

P  -.358 .276 -.073 -.078 .078 .173 -.138 .249 .111 .222 .138 .138 .128 -.080 .240 1 .100 .416 .463 .346 -.082 

Q  -.282 .101 -.586* -.600* .600* .437 .318 -.241 -.560* -.244 .312 .312 .311 -.607* .466 .100 1 .605* .624* -.038 -.060 

R  -.075 .104 -.608* -.600* .172 .004 .215 .090 -.457 .072 -.017 -.017 -.023 -.632* .383 .416 .605* 1 .532 .105 .014 

S  -.481 .170 -.409 -.419 .207 .186 -.027 .325 -.208 .272 .008 .008 .006 -.415 .233 .463 .624* .532 1 .253 .046 

T  .383 .420 -.044 -.012 .138 -.182 -.381 .048 .049 -.093 -.235 -.235 -.235 -.174 .174 .346 -.038 .105 .253 1 .949* 

U  .548* .273 .041 .072 .164 -.199 -.333 -.148 .004 -.274 -.197 -.197 -.195 -.099 .157 -.082 -.060 .014 .046 .949* 1 

 

* Correlation is significant at the 0.05 level (2-tailed). 
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Second campaign, May 2011 
Indicator  / 

Station SB1L SB1S SB1D SB2L SB2S SB2D SB3L SB3S SB3D SB10 SB11 SBT1S SBT1D 
B 410 407 417 413 409 404 413 410 405         
C 5.8 5.83 5.6 6.58 6.2 6.3 6.68 6.53 6.6         

D 65 65.8 60.1 74.5 70 71.1 75.8 73.9 74         
E 1.2 1.52 0 2.39 2.17 2.82 1.52 1.52 2.39         

G 0.13 0.02 0.24 0.976 0.61 1.22 0.328 0.328 1.83         
H 0.48 0.07 0.89 3.54 2.215 4.43 1.19 1.19 6.645         

I 0.06 0.06 0.099 0.065 0.065 0.098 0.099 0.132 0.066         

J 0.11 0.016 0.2 0.8 0.5 1 0.27 0.27 1.5         
K 4.3 5 4.9 0.7 2.5 0.52 5.8 0.23 5.1         

L 3.21 3735 3.66 0.523 1.87 0.388 4.33 0.17 3.81         
M 1.4 1.63 1.6 0.228 0.815 0.17 1.89 0.08 1.66         

N 7.84 7.82 7.82 7.84 7.84 7.86 7.82 7.82 7.83         

O 4.02 3.75 3.15 4.2 4.1 3.28 3.66 4.1 4.05         
P 2.664 1.776 1.776 2.072 3.256 2.072 4.736 2.072 4.144 2.368 2.368     

Q 312 319 311 329 324 294 323 329 312 316 280     
R 74 75 64 65 81 58 83 93 86 95 90     

S 24.26 17.14 13.66 27.54 33.57 19.75 33.76 33.12 22.25 20.41 22.14 14.47 18.52 
 
  



116 

Correlations matrix for 2011 Lab Data 

 
B C D E G H I J K L M N O P Q R S 

B 1 -.395 -.390 .377 .123 -.093 -.168 -.084 .258 .258 .256 -.324 .276 .276 .101 .104 .170 

C -.395 1 .998** -.391 .015 -.017 .816** .165 -.086 -.086 -.084 .953** -.229 -.073 -.586* -.608* -.409 

D -.390 .998** 1 -.387 .000 .001 .817** .178 -.090 -.090 -.088 .951** -.226 -.078 -.600* -.600* -.419 

E .377 -.391 -.387 1 .201 -.304 -.496 -.338 .781** .781** .781** -.391 .316 .078 .600* .172 .207 

G .123 .015 .000 .201 1 -.344 .001 .031 .267 .267 .267 .095 -.117 -.138 .318 .215 -.027 

H -.093 -.017 .001 -.304 -.344 1 .127 .906** -.211 -.211 -.209 -.055 -.237 .249 -.241 .090 .325 

I -.168 .816** .817** -.496 .001 .127 1 .345 -.053 -.053 -.051 .766** -.009 .111 -.560* -.457 -.208 

J -.084 .165 .178 -.338 .031 .906** .345 1 -.123 -.123 -.122 .146 -.285 .222 -.244 .072 .272 

K .258 -.086 -.090 .781** .267 -.211 -.053 -.123 1 1.000* 1.000* -.047 .407 .138 .312 -.017 .008 

L .258 -.086 -.090 .781** .267 -.211 -.053 -.123 1.000* 1 1.000* -.047 .407 .138 .312 -.017 .008 

M .256 -.084 -.088 .781** .267 -.209 -.051 -.122 1.000* 1.000* 1 -.046 .405 .128 .311 -.023 .006 

N -.324 .953** .951** -.391 .095 -.055 .766** .146 -.047 -.047 -.046 1 -.270 -.080 -.607* -.632* -.415 

O .276 -.229 -.226 .316 -.117 -.237 -.009 -.285 .407 .407 .405 -.270 1 .240 .466 .383 .233 

P .276 -.073 -.078 .078 -.138 .249 .111 .222 .138 .138 .128 -.080 .240 1 .100 .416 .463 

Q .101 -.586* -.600* .600* .318 -.241 -.560* -.244 .312 .312 .311 -.607* .466 .100 1 .605* .624* 

R .104 -.608* -.600* .172 .215 .090 -.457 .072 -.017 -.017 -.023 -.632* .383 .416 .605* 1 .532 

S .170 -.409 -.419 .207 -.027 .325 -.208 .272 .008 .008 .006 -.415 .233 .463 .624* .532 1 

 

* Correlation is significant at the 0.05 level (2-tailed). 
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