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1
GENERAL INTRODUCTION

Over two-thirds of our planet is covered by water. Oceans, coastal seas, and inland water

bodies remain to be the least explored areas on Earth, despite serving as a primary driver

for our climate and hosting the aquatic ecosystem. Both aspects are essential to main-

taining life on this planet, including that of a growing human population (Platt et al.,

2008).

Aquatic biota use and transform resources allotted by physical and chemical pro-

cesses. Investigating the intricacies of aquatic ecosystems has fuelled multi-disciplinary

scientific efforts for centuries. In times of climate change and increasing anthro-

pogenic pressure, a comprehensive understanding of these complex biogeochemical

interactions is prerequisite to sustainable stewardship of oceans and lakes (Platt et al.,

2008). However, only for the last several decades scientists could resort to the wealth

of observations resulting from operational use of satellite remote sensing and in situ

monitoring networks (Gregg, 2007). Abundance of observations, along with advances in

computational resources and storage capacity, enabled large-scale analysis of variability

in relevant ecosystem status indicators and external driving factors (Gregg, 2007). How-

ever, each measurement methodology offers a distinct perspective on the ecosystem,

both above and below the water surface, and on specific temporal and spatial scales

(Dickey, 2003).

Exploiting these unique perceptions of the ecosystem in a corroborative interpre-

tation empowers significant advancement in system knowledge (Racault et al., 2014a).
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This approach is at the core of this thesis, and is reflected in the research questions for-

mulated towards the end of this chapter. First, a brief introduction is given to aquatic

ecosystem variability and the optical monitoring approaches that are equipped to re-

solving it.

1.1. ENVIRONMENTAL FORCING OF AQUATIC ECOSYSTEMS

Our understanding of physical, chemical, and biological processes in the water column

relies crucially on the analysis of variability inherent to the aquatic ecosystem and its

external driving forces. Environmental physical forcing induces variability on all tempo-

ral and spatial scales to the aquatic ecosystem. The underwater light field, for example,

is subject to intensity variations on the order of milliseconds caused by wave facets on

the water surface (Gege and Pinnel, 2011). Light availability is further modulated by

diurnal and seasonal sun elevation cycles, varying cloud cover and atmospheric com-

position, and changing water constituent concentrations (Kirk, 1994; Stramska, 1998).

Air temperature gradients and wind-forced mixing are other aspects of the weather that

affect ecosystem variability, i.e. by contributing to ocean currents that transport nutri-

ents both horizontally and vertically. These processes also act on scales as small as the

semi-enclosed brackish Baltic Sea: cyanobacterial surface bloom amplifies heat dissipa-

tion rates (Kahru et al., 1993) and is likely to become more abundant with anticipated

changes in climate and rising eutrophication (O’Neil et al., 2012). Since global ocean

heat content is an essential parameter in climate models (Domingues et al., 2008), it

is important to quantify the mutual effects between long-term trends in environmen-

tal conditions and corresponding assimilation processes of the ecosystem (Mora et al.,

2013).

In the context of this thesis, phytoplankton variability is studied as a proxy for

aquatic ecosystem variability. Short-term variations and long-term trends in mete-

orological conditions, hydrodynamics, and nutrient availability can trigger complex

acclimatisation processes in these organisms that cause variability in both phytoplank-

ton abundance and appearance (Boyce et al., 2010; Kraemer et al., 2017; Paerl and

Huisman, 2008). Since phytoplankton form the base of the aquatic food web, variability

in their abundance propagates through the ecosystem. Phytoplankton cells can ad-

just their photosynthetic machinery to the available light, including photoprotective

mechanisms to prevent damage from excess radiation (Krause et al., 1982; Mueller et al.,

2001). Diurnal (and longer) migration cycles are practised by certain cyanobacterial and

algal species, e.g. through regulation of their buoyancy to alternate between phases of

nutrient uptake at depth, and photosynthesis close to the water surface (Lips and Lips,
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Figure 1.1: Cyanobacterial bloom patterns at different spatial scales in the Baltic Sea,
captured on August 11 2015 by the Operational Land Imager (OLI) on Landsat 8. Translu-
cent areas in the top image indicate the extent of the bottom panels. At the highest zoom
level (bottom right), a ferry can be discerned that passed through the bloom and caused
vertical mixing along its track. Source: NASA Earth Observatory.
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2013). Active buoyancy control (Sengupta et al., 2017; Stal et al., 2003) can give these

species a competitive advantage over other species of phytoplankton in nutrient replete

conditions, i.e. after deep mixing events (Walsby et al., 1997). Subsequent prevailing

calm and warm conditions can lead to intense cyanobacterial surface blooms (Bresciani

et al., 2013; Lips and Lips, 2008; Wynne et al., 2010, 2013) with highly variable vertical

distributions (Hajdu et al., 2007). These potentially toxic (Hansson and Håkansson,

2007; Paerl et al., 2009) harmful-algal-blooms (HABs) can negatively affect economy,

ecology, and public health (Anderson, 1997; Anderson et al., 2002; Paerl and Huisman,

2008; Sellner et al., 2003). In the eutrophic Baltic Sea, for example, cyanobacterial

surface blooms form every summer during periods of favourable meteorological

conditions (Kahru and Elmgren, 2014), e.g. low-wind and high radiation. Such spatially

highly variable cyanobacterial surface blooms are readily detectable in situ and from

space (see Figure 1.1). Stratification in euphotic surface layers complicates accurate

assessment and prediction of bloom intensity and biomass, especially when limited

to remotely sensed observations (Kutser et al., 2008). Monitoring potentially stratified

cyanobacterial surface bloom thus requires integrated approaches that incorporate

observations above and below the water surface, including meteorological conditions.

A fundamental assumption implicit to integrated monitoring approaches is that vari-

ability at the observed range of scales has its source in a common set of ecosystem pro-

cesses. In the context of phytoplankton monitoring, this assumption is supported by

the fractal nature of the phytoplankton distribution (Seuront et al., 1996b), i.e. bloom

structures at different spatial scales resemble each other (see Figure 1.1). This is a re-

occurring theme in nature and can be derived from first principles (Platt and Denman,

1975). Phenomena exist at all scales that follow the same statistical rules with regards

to their spatial distributions, e.g. star clusters (Elmegreen and Falgarone, 1996), fault

lines (Aviles et al., 1987), and DNA sequences (Arneodo et al., 1996). These rules can

be approximated by fractal theory, which has been applied extensively in aquatic ecol-

ogy since the work of Platt and Denman in the early seventies (Denman et al., 1977;

Platt, 1972; Platt and Denman, 1975). Kolmogorov (1991) theoretically derived a spec-

tral exponent of 5/3 for turbulent, homogeneous processes, which are isotropic in three

dimensions – so-called passive tracers. Groetsch et al. (2012) performed a fractal anal-

ysis on cyanobacterial bloom intensities along a transect in the Baltic Sea from in situ

fluorescence observations and satellite remote sensing data. The two data sets exhib-

ited very similar spectral exponents close to the passive-tracer value of 5/3 (see Figure

1.2). This is in line with previous results (Lekan and Wilson, 1978; Seuront et al., 1996a,b;

Weber et al., 1986) and suggests that the observed bloom structures, at least over the
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investigated scales of about 1-1000 km, are dominated by physical processes and little

affected by biochemical influences. Biological processes, i.e. due to active buoyancy

control of cyanobacteria, are expected to dominate bloom patterns on smaller spatial

and corresponding temporal scales (Doubell et al., 2006; Seuront and Schmitt, 2005a,b).

This passive-scalar behaviour of phytoplankton lends theoretical justification to inte-

grated monitoring approaches that rely on external driving factors to explain observed

ecosystem variability (Seuront and Schmitt, 2005a,b), at least at scales accessible to re-

mote sensing and common in situ sampling techniques.
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Figure 1.2: Power spectral density (PSD) analysis of chlorophyll-a (CHLa) concentra-
tions, derived by in situ (Algaline) measurements (�) and remote sensing (MEdium Res-
olution Imaging Spectrometer (MERIS), ◦) (Groetsch et al., 2012). The wavenumbers on
the x-axis correspond to the largest and smallest scales in the data set (approximately
600 km and 600 m, respectively). Spectral exponents β and coefficients of determination
R2 were derived from linear regression in log-space.

1.2. A MATTER OF PERSPECTIVE: OPTICAL MONITORING

Water colour is a proxy for water quality and has been subject of investigation for cen-

turies (Wernand and van der Woerd, 2010), which makes it one of the longest continu-

ously observed ecosystem parameters. Today, recording global water colour is the do-

main of satellite remote sensing. Since the launch of the Coastal Zone Colour Scanner
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(CZCS) in 1978 that marked the start of ocean colour remote sensing, resolution (spa-

tial, temporal, and spectral) and coverage have improved (Campbell, 1996) and this has

promoted ocean colour to one of 50 essential climate variables (Hollmann et al., 2013).

Derived products, such as real-time information about potentially toxic cyanobacterial

blooms, have attracted commercial and governmental interest, e.g. to support timely

management for threatened aquaculture, or to manage recreational use of water bod-

ies (Platt et al., 2008). Other commercially exploited applications of water remote sens-

ing comprise impact assessment of dredging activities on turbidity levels, shallow wa-

ter bathymetry, and monitoring of coral reefs (Campbell, 1996). As a dedicated field of

scientific research, ’ocean colour’ has matured into an indispensable approach to ob-

serve spatio-temporal ecosystem variability from a unique perspective. However, water

quality data acquisition with optical remote sensing is confined to daytime observations

in absence of clouds, and only represents light interaction in the water column from

the surface down to the first optical depth of the water column (Gordon and McCluney,

1974a). These conceptual limitations lead to observational gaps that need to be compen-

sated for with complementary measurements (Cole et al., 2012; Racault et al., 2014a,b).

For example, observations recorded below the surface can help quantify the vertical dis-

tribution of phytoplankton to resolve ambiguities in the interpretation of remotely col-

lected information (Kutser et al., 2008). In situ observations are also crucial for calibra-

tion and validation of atmospheric correction procedures (Wang, 2010), and bio-optical

models (Palmer et al., 2015), if corresponding satellite imagery is available. Worldwide,

such ’ground truth’ observations, i.e. radiometric measurements, pigment fluorescence,

Secchi depth, turbidity, and water constituent concentrations, are routinely collected

above and below the water surface from i.e. ships-of-opportunity (Ainsworth, 2008),

permanent moorings and coastal observatories (Zibordi et al., 2002), autonomous un-

derwater vehicles (AUVs) (Sackmann et al., 2008), and dedicated research vessels (Lips

et al., 2011). Automated, corroborative interpretation of observations from all these data

sources and remote sensing is scarcely attempted (Racault et al., 2014a), thus existing

measurements are rarely exploited to their full potential.
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1.3. THESIS SCOPE AND STRUCTURE
The main objective of this thesis is to quantify the impact of environmental forcing on

phytoplankton abundance and distribution, based on optical monitoring at a range of

scales and perspectives. Optical monitoring approaches observe variability inherent to

the ecosystem, as well as apparent variability due to measurement artefacts. Accurate

quantification of apparent variability is crucial for an unbiased assessment of inherent

ecosystem dynamics. Environmental forcing affects both apparent and inherent vari-

ability, and adds complexity to the interpretation of measurements recorded from differ-

ent perspectives, i.e. in the case of above- and below-surface observations of stratified

bloom. These challenges are addressed in the following research questions:

• RQ 1: What are the dominant sources of apparent variability in above-surface op-

tical observations, and what is their impact on derived parameters?

• RQ 2: How can optical observations from independent perspectives foster unbi-

ased assessment of phytoplankton bloom?

• RQ 3: How can long-term variability in phytoplankton bloom be quantified and

attributed to trends in environmental conditions?

These questions will be addressed in the remaining chapters of this thesis, as

schematically depicted in Figure 1.3 and listed in Table 1.1. Table 1.1 also indicates

environmental forcing factors and observation perspectives considered in each chapter.
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Figure 1.3: Schematic representation of thesis chapters (white) and related research
questions (RQ) with regards to monitoring perspective and resolved variability. Please
refer to Table 1.1 for chapter numbers.

Table 1.1: Overview of environmental forcing factors (wind, temperature, and light) and
optical monitoring perspectives (above and below the water surface) that were taken into
account in the individual chapters to answer the research questions (RQ) of this thesis.

Chapter Topic RQ Wind Temp. Light Above-surf. Below-surf.

3 Glint 1 – –
4 Adjacency 1 – – –
5 Summer Bloom 2
6 Stratification 2
7 Spring Bloom 3 –

The Baltic Sea was selected as a study area because it can only be adequately moni-

tored using extensive optical monitoring networks observing the ecosystem from space,

above and below the water surface. Optical complexity and low water-leaving radiance

levels (Simis et al., 2017), high average cloud cover, short daylight periods in winter, and

highly variable vertical phytoplankton distribution (Kutser et al., 2008) pose monitoring

challenges that cannot be met with remotely sensed observations alone. The Baltic Sea

typically features multiple phytoplankton bloom events each year (Fleming and Kaitala,

2006; Kahru and Elmgren, 2014). Intense surfacing cyanobacterial summer blooms in-

terfere with commercial interests, can harm wildlife and restrict recreational activities

(Pawlak et al., 2009). Sustained international nutrient reduction efforts (HELCOM, 1974,

1992) have been in place for decades to reduce bloom intensity and extent. Evidence

for the impact of these measures is scarce (Fleming-Lehtinen et al., 2015), which was an
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important motivation for the research addressed in the following chapters:

• Chapter 2 provides a brief summary to the theoretical foundations of remote sens-

ing of water colour, and to apparent and inherent ecosystem variability that can be

resolved with this methodology.

• Chapter 3 presents an analytical approach for the correction of reflectance

measurements for water surface reflected sun and sky light. Wave patterns

cause temporally and spatially highly variable reflections on the water surface

that contribute substantially to above-water reflectance measurements. The

sky radiance observations commonly used for correction are geometrically not

strictly representative of light reflected on wind-roughened water surfaces, which

can lead to spectral errors in reflectances derived with most existing correction

approaches. Improved methods are provided to handle high frequency water

reflectance observations subject to variable illumination conditions.

• Chapter 4 further identifies adjacency effects as a source of apparent directional

and spectral variability in reflectance observations close to land. An assessment

methodology for adjacency effects is provided to foster unbiased measurements

of ecosystem variability, based on above-water reflectance observations.

• Chapter 5 evaluates whether discrepancies in summer bloom phenology can be

explained by incomplete vertical mixing as suggested by meteorological observa-

tions. Cyanobacterial blooms are potentially stratified or even surfacing after peri-

ods of calm and warm conditions, which introduces opposing biases to bloom ob-

servations from space and from below the water surface. Vertical profiles recorded

from research vessels, coastal observatories, moorings, and AUVs, can serve as in-

put to hydrodynamic models to approximate three-dimensional bloom structure.

In support of such efforts, the presented approach allows to establish a consistent

interpretation of potentially stratified cyanobacterial bloom throughout all bloom

phases, based on sub-surface observations collected from ships-of-opportunity

and remotely sensed measurements.

• Chapter 6 follows up on this topic by introducing a stratification-independent

measure of bloom presence to aid e.g. phenology studies when vertical mixing

of phytoplankton bloom is variable.

• Chapter 7 presents a long-term Baltic Sea spring bloom phenology describing the

periodic cycle of phytoplankton abundance, and trends therein. The Baltic Sea
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spring bloom is often obscured by clouds. Satellite remote sensing is thus ill-

equipped for reliably resolving the phenology of these blooms. A dense network

of ships-of-opportunity is in place, which provides bloom observations regardless

of cloud cover. However, interpretation of these data sets in terms of phytoplank-

ton phenology poses a number of challenges, such as variable fluorescence effi-

ciency, irregular sampling intervals, and quality control throughout generations of

instrumentation. These challenges are met in this chapter to quantify the effects of

climate change and sustained nutrient reduction efforts on phytoplankton spring

bloom phenology in the Baltic Sea.

• Chapter 8 summarizes the results of the presented research, provides recommen-

dations for optical monitoring schemes, and offers an outlook on future challenges

and applications of the main findings.
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What can be perceived as water colour is the result of multiple scattering and ab-

sorption processes in atmosphere, water column, and at the air-water interface (Figure

2.1). An accurate understanding of these processes is necessary to derive water qual-

ity parameters from remotely sensed observations. Dedicated instruments on board

earth observation satellites record top-of-atmosphere radiances above water on an op-

erational basis (Gholizadeh et al., 2016). Also aeroplanes (Gholizadeh et al., 2016), ships

(Ainsworth, 2008), coastal observatories (Zibordi et al., 2002), and citizens (Wernand and

van der Woerd, 2010) are useful platforms for remote/close sensing of water colour. This

chapter offers a brief introduction to the radiative transfer that describes the signal per-

ceived by a remote sensor when observing a water body. For further information on the

topic, please refer to Mobley (1994) and Kirk (1994).

Figure 2.1: Schematic depiction of remotely sensed light field components resulting
from interaction processes in atmosphere, water, and at the sea surface: single (a) and
multiple (b) scattering in atmosphere, adjacency effects (c), sun glint (d), sky glint (e),
and water-leaving radiance (f).
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2.1. ATMOSPHERE
The sun emits radiation resembling that of a black body at a temperature of approxi-

mately 5800 K. Absorption by gases in the solar photosphere cause Fraunhofer absorp-

tion lines in the solar emission spectrum. While passing through the Earth atmosphere,

absorption at molecules and aerosols spectrally further taper the downwelling light field

(Mobley, 1994), as illustrated in Figure 2.2.

Figure 2.2: Solar spectral irradiance as perceived above and below the atmosphere, and
idealized extraterrestrial solar irradiance emitted by a black body at 5778 K. Several spec-
tral absorption features of Oxygen (O2), Ozone (O3), and water (H2O) are indicated. Data
source: American Society for Testing and Materials (ASTM), ASTM G173-03 Tables. Spec-
tra were modelled using the Simple Model for Atmospheric Transmission of Sunshine
(SMARTS2, version 2.9.2) (Gueymard, 2001).

Scattering processes act as a catalyst for absorption by increasing the effective pho-

ton path length through a medium (Mobley, 1994). Scattering efficiency is generally de-

pendent on the size ratio between scattering particle and light at a given wavelength

(Mobley, 1994), as predicted by Maxwell’s equations. Mie-theory offers approximate so-

lutions for Maxwell’s set of partial differential equations (Mie, 1908) for situations when

the scatterer can be assumed spherical. For the special case that the wavelength of in-

cident light is smaller than approximately 10 % of the scatterer, also the conceptually

simpler Rayleigh approximation is valid (e.g. Bohren and Huffman, 1998). Rayleigh-

scattering by molecules in the air is responsible for the blue appearance of the sky, since

photons of higher energy (i.e. ultra-violet and blue light) are scattered much more ef-
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ficiently than lower-energy photons (i.e. red and infra-red light). The arguably most

famous representation of this process is the red tinted sky at sunset: due to the elon-

gated photon path length through the atmosphere, most blue photons have already been

scattered or absorbed before the remaining light field can be observed on the ground.

In contrast, water vapour droplets in the atmosphere are typically sufficiently large to

be approximated as spectrally neutral Mie-scatterers, and thus clouds and fog appear

white to a human observer. Particle size distributions and shape factors for other types

of aerosol range between the idealized cases of Rayleigh- and Mie-scattering for typical

marine atmospheres (Gregg and Carder, 1990). The downwelling light field during day-

time and at sea level is typically dominated by direct sun light for commonly encoun-

tered aerosol concentrations and in absence of clouds. Diffuse sky light, scattered either

by aerosols, molecules, or clouds, adds to the downwelling irradiance.

In proximity to land cover, e.g. in coastal regions or for inland water bodies, diffuse

sky light also comprises a small share of radiance due to the adjacency effect: light is

reflected back into the sky by land cover (e.g. trees, fields, roads), where it is coupled

back into the downwelling light field by (multiple-) scattering processes in the atmo-

sphere (Richter et al., 2006). The adjacency effect is therefore strongly dependent on the

composition of the atmosphere, as well as albedo and bidirectional reflectance distri-

bution functions (BRDFs) of surrounding land cover (Cui et al., 2015), and can be vari-

able in intensity and spectral appearance for different viewing angles. Chapter 4 further

elaborates on these points and offers a methodology to quantify adjacency effects in sky

reflectance observations.

2.2. AIR-WATER INTERFACE

When a beam of light passes between media of different refractive indices, it is partially

refracted and partially reflected in the specular direction, according to the equations of

Fresnel (Jerlov, 1976). The refractive index of air (1.00) is considerably lower than that

of water (1.33 for fresh water and 1.34 for salt water (Jerlov, 1976)). A fraction of the

downwelling light field is thus reflected at the air-water interface, while the remainder

is refracted into the water column. As detailed in the previous section, the natural light

field distribution is more complex than a parallel beam of light, and natural water sur-

faces are disturbed by waves. Wave facets on wind-roughened water surfaces act like

stochastically oriented mirrors (Cox and Munk, 1954) that reflect not only light from the

specular viewing direction towards the observer, but from many directions, as depicted

in Figure 2.3. The magnitude of this effect is primarily dependent on wind speed, which

is illustrated in Figure 2.4. For these reasons, the fraction of reflected light depends on
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Figure 2.3: Reflections of the sun disc, sky, clouds, and trees on the water surface of Lake
Victoria, Uganda.

viewing geometry, downwelling light field distribution, and surface roughness (Mobley,

1999, 2015), and is on the order of 2-10 % when observing at an angle of 40 ◦ from nadir.

Reflection of the sun on the water surface (sun glint) is minimal at an azimuth angle dis-

tance to the sun of approximately 135◦ (Mobley, 1999, 2015), however, cannot be fully

eliminated.

Sky radiance distribution is highly variable both in intensity (e.g. Figure 2.4, right

panel, and Harrison and Coombes (1988)) and spectral appearance, which is primarily

because Rayleigh-scattering efficiency depends on scattering angle, with a maximum

opposite to the sun (Gregg and Carder, 1990). Adding to the complexity, sky radiance is

spectrally different to direct sun light, and sky light contributions due to the adjacency

effect. Chapter 3 presents a spectrally resolved correction for water reflectance observa-

tions that accounts for sun glint and reflections of diffuse sky light. The adjacency effect,

and its impact on water reflectance observations, is subject of chapter 4.

2.3. WATER COLUMN
Photons enter the water column if they were neither absorbed, nor scattered off-

direction in the atmosphere, nor reflected at the water surface. Pure water and other

optically active water constituents act as absorbing and scattering agents, analogous
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Figure 2.4: Figures 2 and 5 (and captions) from Mobley (1999): Illustration of the sky re-
gions seen by a detector looking at the sea surface. U is wind speed in ms−1. The detector
and specular point are centred at 40◦ from zenith. Solid lines in the right panel are con-
tours of the relative sky radiance computed by the formulas of Harrison and Coombes
(1988) for a sun zenith angle of 40◦ in a clear sky.

to air molecules and aerosols in the atmosphere (Jerlov, 1976; Morel, 1974). Their

combined effect determines the spectral composition of light that is eventually

backscattered towards the water surface (Morel and Prieur, 1977), and which typically

amounts to only a very small fraction – in the order of 1-10 % (Mobley, 1994) – of

the downwelling light field intensity. Light needs to pass through the atmosphere yet

again to be observed by a sensor in space or aboard an aircraft. The remotely sensed

signal of most water bodies is therefore dominated by light scattered in the atmosphere

and reflected on the water surface (see Figure 2.1, and Mobley, 1994). Once these

components are corrected for, interpretation of water colour yields information about

optically active constituents, which is detailed in the following section.

In the open ocean, phytoplankton is the main driver for optical variability, i.e. vari-

ability of phytoplankton abundance is tightly correlated to variability in other optically

active water constituents. This scenario is commonly referred to as case I, in contrast

to optically more complex water bodies where such correlations are not a priori obvious

(case II) (Mobley, 1994), e.g. most coastal and inland waters. For example, the photo-

synthetic pigment chlorophyll-a (CHLa) is present in all phytoplankton, i.e. algae and

cyanobacteria, and its concentration is a suitable proxy for phytoplankton abundance

(Morel and Prieur, 1977; Sathyendranath, 2000). CHLa has distinct absorption maxima

at approximately 442 nm and 675 nm (see Figure 2.5 and Bricaud et al., 1995), which
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Figure 2.5: In vivo mass-specific absorption of photosynthetic pigments chlorophyll-a,
phycocyanin, and phycoerythrin. Source of spectral data: Simis and Kauko (2012).

Figure 2.6: Phytoplankton bloom (coccolithophores) in the Bering Sea seen from the
International Space Station, on September 5, 2014. Source: NASA Earth Observatory.
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are exploited in various approaches to derive CHLa concentration from radiometric ob-

servations (Odermatt et al., 2012). CHLa is the most important and dominant of many

photosynthetic pigments that may occur in phytoplankton and that can have an effect

on water colour. All cyanobacteria also contain phycobilipigments, which absorb green-

orange light (Figure 2.5). Therefore, cyanobacterial blooms frequently appear coloured

in shades of blue and green (see Figures 1.1) and have traditionally been referred to as

blue-green algae. Gas vesicles or colony formation can increase backscattering in some

cyanobacterial species, i.e. Anabaena spp., Aphanizomenon flos-aquae and N. spumi-

gena, which can be exploited for remote detection (Metsamaa et al., 2006). Other opti-

cally distinct water constituents are typically subsumed as total suspended matter (TSM)

and coloured-dissolved organic matter (CDOM). These categories are rooted not only in

their optical distinctness, but also allow for physical separation in the laboratory (Lee,

2006). CHLa can be quantified from water samples by means of spectrophotometry,

fluorometry, or high performance liquid chromatography (HPLC) (Fargion and Mueller,

2000). TSM concentrations can be determined by comparing filter dry weights before

and after filtering water samples (approximate pore size typically 0.7 µm). Weighing can

be repeated after combustion of organic material, to derive particulate organic matter.

Filtering through a 0.2 µm filter removes larger particulate matter from water samples

(Laanen et al., 2011). The filtrate can then be measured with a dual-beam spectrome-

ter against a reference of ultra-pure water to quantify the absorption of CDOM (Fargion

and Mueller, 2000). Scattering can be neglected at particle sizes smaller than 0.2 µm and

in the visible domain (Mobley, 1994). In contrast to laboratory analysis of water sam-

ples, in vivo pigment fluorescence can be measured continuously, e.g. from ships-of-

opportunity or research vessels in a flow-through set up. These transect-based reference

measurements are typically sampled from a depth of several meters. Pigment fluores-

cence efficiency depends on various factors, such as phytoplankton species composi-

tion, light history, and nutrient availability (Marra, 1997; Simis et al., 2012). Continuous

fluorescence observations are thus often used in combination with sporadic laboratory

reference measurements to derive absolute pigment concentrations (e.g. Seppälä et al.,

2007, or chapter 7 of this thesis).

Various approaches exist to derive water constituent concentrations from water re-

flectance measurements. Empirical algorithms exploit statistical correlations between

water colour and reference concentrations, and offer robust constituent retrievals from

observations of case I waters (Morel et al., 2007), and to a lesser extent, of optically com-

plex coastal and inland waters (Matthews, 2011).

In contrast, analytical approaches explain water colour based on physical processes.
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This family of approaches is better equipped to cope with the optical complexity of

coastal and inland waters, which is further elaborated on below. An algorithm is referred

to as semi-analytical if it is tuned locally or calibrated against reference samples, i.e. be-

cause not all components of the modelling chain can be traced back to first principles.

Also neural networks were exploited in the context of optically complex waters. Readers

are encouraged to refer to Sathyendranath (2000) and Odermatt et al. (2012) for a more

exhaustive summary of the topic.

In principle, physical processes are indifferent to water type categories, and there-

fore it is the domain of analytical approaches to explain water colour in a unified and

universally applicable manner (Lee, 2006). Each optically active water constituent cate-

gorized above (pure water, CHLa, CDOM, TSM) contributes to total absorption and scat-

tering. However, CHLa and CDOM are often approximated as exclusively absorbing in

the visible spectral range (e.g. Albert and Mobley, 2003). Component-specific spectral

absorption and scattering characteristics, and how these relate to constituent concen-

trations (e.g. as derived from reference samples), vary between water bodies (Bricaud

et al., 1995). In contrast to locally-tuned empirical algorithms, analytical models sepa-

rate biologically-rooted variability from the static radiative transfer treatment.

Scattering efficiency in each direction is expressed as the volume scattering func-

tion (VSF) of a particle, and backscattering of light derives from the VSF by integration

over the upper hemisphere (Mobley, 1994). Absorption and backscattering of optically

active components are inherent optical properties (IOPs) of a water body, and consti-

tute water colour independent of illumination conditions (Mobley, 1994). Specific IOPs

(sIOPs) are then defined as IOPs normalized to the respective constituent concentration.

Various analytical frameworks exist that translate sIOPs and constituent concentrations

to radiometric parameters that can be observed under natural illumination conditions,

such as remote sensing reflectance Rr s (λ) (e.g. Albert and Mobley, 2003; Kirk, 1984; Lee

et al., 2002; Morel and Gentili, 1991; Sathyendranath and Platt, 1997). Reflectance de-

pends on the directional structure of the ambient light field, and belong for that rea-

son to the group of apparent optical properties (AOPs) (Mobley, 2008). Most analyti-

cal approaches allow for computationally efficient inversion, i.e. the reconstruction of

constituent concentrations from AOP observations. However, spectral ambiguities de-

mand adequate optimization approaches that reliably converge to physically sensible

solutions (Lee et al., 2002). Bottom reflectance needs to be taken into account for op-

tically shallow waters (Albert and Gege, 2006; Lee et al., 1998), and inelastic scattering

processes (e.g. Raman scattering) and fluorescence (Sathyendranath, 2000) add further

complexity.
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Optical closure, e.g. mutual agreement of modelled and measured IOPs and AOPs,

can be reached if all involved processes are accounted for correctly (Mobley, 1994; Soko-

letsky and Shen, 2014). However, remotely sensed observations of water are two di-

mensional snapshots of a dynamic three-dimensional system. What can be perceived

as water colour above the water surface is the integrated signal from predominantly the

first optical depth of the water column (Gordon and McCluney, 1974a), and allows no

direct inference of vertical distribution. Large uncertainties arise in the conversion of

measured AOPs to IOPs and water constituent concentrations if water columns are erro-

neously treated as homogeneously mixed (Kutser et al., 2008). Chapters 6 and 5 revolve

around minimizing this uncertainty by predicting stratified conditions from meteoro-

logical observations.
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A three-component reflectance model (3C) is applied to above-water radiometric mea-

surements to derive remote sensing reflectance Rr s (λ). 3C provides a spectrally resolved

offset ∆(λ) to correct for residual sun and sky radiance (Rayleigh- and aerosol-scattered)

reflections on the water surface that were not represented by sky radiance measurements.

3C is validated with a data set of matching above- and below-water radiometric mea-

surements collected in the Baltic Sea, and compared against a scalar offset correction ∆.

Correction with ∆(λ) instead of ∆ consistently reduced the (mean normalized root-mean-

square) deviation between Rr s (λ) and reference reflectances to comparable levels for clear

(∆: 14.3± 2.5 %, ∆(λ): 8.2± 1.7 %), partly clouded (∆: 15.4± 2.1 %, ∆(λ): 6.5± 1.4 %),

and completely overcast (∆: 10.8±1.7 %, ∆(λ): 6.3±1.8 %) sky conditions. The improve-

ment was most pronounced under inhomogeneous sky conditions when measurements

of sky radiance tend to be less representative of surface-reflected radiance. Accounting

for both sun glint and sky reflections also relaxes constraints on measurement geometry,

which was demonstrated based on a semi-continuous daytime data set recorded in a eu-

trophic freshwater lake in the Netherlands. Rr s (λ) that were derived throughout the day

varied spectrally by less than 2 % relative standard deviation. Implications on measure-

ment protocols are discussed. An open source software library for processing reflectance

measurements was developed and is made publicly available.
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3.1. INTRODUCTION

The spectral signature of a natural water body contains information about its optically

active components, such as phytoplankton and other suspended matter, and coloured

dissolved organic matter. Quantitative knowledge of these constituents and their dy-

namics is crucial to environmental monitoring and understanding ecosystem dynamics,

and can inform how these environments are affected by human activities and climate

change. Spectral signatures can be obtained at high accuracy from water samples in a

laboratory environment, and acquired remotely from satellites, aeroplanes, unmanned

aerial vehicles, ships-of-opportunity, coastal laboratories, and hand-held devices. Pas-

sive optical remote sensing methods yield particularly fast and cost-effective observa-

tion coverage compared to relatively laborious water sample collection and laboratory

analysis. However, changing illumination conditions and wave patterns induce tempo-

rally and spatially highly variable sun and sky reflections on the water surface, which

pose a particular challenge to accurate retrieval of spectral signatures of natural water

bodies from remotely sensed observations.

Remote sensing reflectance Rr s (λ) is a widely used parameter to express the spectral

reflectance signature of a water body and is defined as

Rr s (λ) ≡ Lw (λ)

Ed (λ)
, (3.1)

with water-leaving radiance Lw (λ), and downwelling irradiance Ed (λ) just above the wa-

ter surface. For an overview of symbols and units see Table 3.1. Ed (λ) may be divided

into two spectrally distinct components: solar irradiance directly transmitted through

the atmosphere from the direction of the sun, and diffuse irradiance scattered in the up-

per hemisphere by e.g. air molecules, aerosols or clouds. The corresponding specular

reflections on the water surface constitute water surface-reflected radiance Lr (λ). Nei-

ther Lw (λ) nor Lr (λ) can be measured directly from above the water surface, but their

sum is recorded simultaneously as upwelling radiance Lu(λ) (Mobley, 1994), such that

Eq. (1) becomes:

Rr s (λ) = Lu(λ)−Lr (λ)

Ed (λ)
. (3.2)

A widely used approach to correct for surface reflections is to express Lr (λ) as

the fraction ρs of sky radiance Ls (λ,θ′vi ew ,φ), measured in specular direction to

Lu(λ,θvi ew ,φ). Here, θvi ew is the viewing zenith angle and φ indicates the azimuth

angle to the sun. For this widely used measurement protocol, Rr s (λ) is then expressed
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Table 3.1: Free model parameters (upper section) in 3C and L10 model optimization.
Parameters not allowed to vary in the optimization were set to their start value (indicated
by *). Parameters that were variable, but were determined outside of the optimisation,
are marked with **. Parameters that were not used in a model run are marked with -
. In the following, chlorophyll-a is abbreviated as chl, suspended particulate matter as
SPM, and coloured dissolved organic matter as CDOM. The lower section lists further
relevant parameter names and acronyms that are used in this manuscript. Units for
radiances (mW m−2nm−1sr−1) and irradiances (mW m−2nm−1) are abbreviated with 1

and 2, respectively.

Parameter Abbreviation, [unit] Start (min/max) L10 3C

Concentration of chl Cchl , [mg m−3] 5 (0.1/100)
Concentration of SPM CSP M , [g m−3] 1 (0.1/100)
CDOM Absorption (440 nm) a440nm

C DOM , [m−1] 0.5 (0.01/5)
CDOM absorption slope S, [nm−1] 0.019 (0.01/0.03) ** **
Air-water interface reflectance factor ρs , [−] 0.0256 (0/0.1) ** **
L10 scalar offset ∆, [sr−1] 0 (0/0.1) -
3C direct reflectance factor ρdd , [−] 0 (0/0.1) -
3C diffuse reflectance factor ρd s , [−] 0.01 (0/0.1) -
Sun zenith angle θsun , [◦] 0 (0/90) - **
Viewing zenith angle θvi ew , [◦] 40 (0/90) * *
Wind speed vwi nd , [m s−1] 0 (0/100) ** **
Ångström exponent α, [−] 1 (0/3) -
Turbidity coefficient β, [−] 0.05 (0/10) -
Air mass type AM , [−] 1 (1/10) - *
Relative humidity RH , [%] 60 (0/100) - *
Air Pressure p, [mbar ] 1013.25 (950/1100) - *
Wavelength λ, [nm]
Downwelling sky radiance Ls (λ), [1]
Upwelling radiance Lu(λ), [1]
Water-leaving radiance Lw (λ), [1]
Water surface-reflected radiance Lr (λ), [1]
Downwelling vector irradiance Ed (λ), [2]
Upwelling vector irradiance Eu(z,λ), [2]
Direct vector irradiance Edd (z,λ), [2]
Diffuse (aerosol-scattered) Ed (λ) Ed sa(z,λ), [2]
Diffuse (Rayleigh-scattered) Ed (λ) Ed sr (z,λ), [2]
Remote sensing reflectance Rr s (λ), [sr−1]

Reference Rr s (λ) Rr e f
r s (λ), [sr−1]

Sub-surface irradiance reflectance R−(λ), [−]
Fresnel reflectance factor ρ f , [−]
Geometric parameter Q, [sr ]
Scalar offset δ, [sr−1]
Root-mean-square error RMSE , [sr−1]
Normalized RMSE nRMSE , [%]
Residual sum-of-squares RSS, [sr−1]
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as (omitting viewing geometry for brevity):

Rr s (λ) = Lu (λ)
Ed (λ) −ρs · Ls (λ)

Ed (λ) . (3.3)

For a perfectly flat water surface or a perfectly uniform sky, Ls (λ) is spectrally repre-

sentative of Lr (λ) and the air-water interface reflectance factor ρs equals the Fresnel

reflectance factor ρ f (θvi ew ,nw ), which is a function of θvi ew and the refractive index

of water nw (Mobley, 1994). Neither of these conditions is commonly encountered, and

thus Lr (λ) will need to be determined by other means in operational contexts. Moreover,

Lr (λ) can be orders of magnitude higher than Lw (λ), especially when sun glint or cloud

reflections contribute. A good estimate of Lr (λ) is therefore essential to derive Rr s (λ).

Mobley (1999) reported that sun glint contributions for most wind-roughened water

surfaces are at a minimum when observing with a viewing geometry of approximately

θvi ew = 40◦ and φ= 135◦ (Figure 3.1). Sun glint contributions can be further minimized

by selecting the lowest of several consecutive measurements of Lu(λ) (e.g. Hooker et al.,

2002; Zibordi et al., 2002). However, even with the most strict filtering thresholds it is not

possible to rule out contamination by sun glint because typical integration times – from

tens of milliseconds to seconds – are too long to resolve short exposure to sun glint, e.g.

glitter patterns on waves. Sun glint contributions can not be minimized if redundant

measurements are not viable or viewing geometry is fixed, e.g. for airborne and satellite

remote sensing applications, or fixed position installations.

For surface-reflected sky radiance, several approaches exist to determine the value

of ρs in Eq. (3.3) for non-flat water surfaces. Water surface slope distributions (Cox and

Munk, 1954; Mobley, 2015) can be used to statistically derive ρs for various illumination

conditions, wind speeds, and viewing geometries (Aas, 2010; Mobley, 1999, 2015). Rud-

dick et al. (2005, 2006) derived from theory and observations that near-infrared (700-900

nm) reflectance measurements are primarily shaped by pure water absorption, provided

the water is sufficiently turbid to yield exploitable signal in this spectral domain. Sky

radiance reflected at the water surface also changes the reflectance signal in the near-

infrared. The reported shape of near-infrared reflectance can therefore be used to de-

termine reflected skylight in reflectance measurements (’similarity spectrum approach’)

when assuming no other sources of error. Simis and Olsson (2013) exploited the property

of water reflectance spectra to exhibit only broad and spectrally slowly varying features,

compared to more finely featured downwelling irradiance and radiance spectra. The au-

thors proposed an optimization scheme that determines ρs such that atmospheric gas

absorption features are minimized in the reflectance spectrum Rr s (λ) (’fingerprint ap-

proach’). Martinez-Vicente et al. (2013) applied the latter two approaches to reflectance
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air

water

Lu

Lw-

Ls

θview-

θview θview

Figure 3.1: Measurement geometry for water leaving radiance Lw , upwelling radiance
Lu , and sky radiance Ls (adapted from Simis and Olsson (2013)). A minus sign (-) in-
dicates sub-surface. Parameter dependencies were omitted for brevity and for further
information on parameters and units, please refer to Table 3.1.
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observations from a moving research-vessel in coastal waters of the Western Channel,

UK, and found large variations in the resulting ρs values. Both solutions assume that ρs

is spectrally constant, whereas Lee et al. (2010) point out that simulated Lr (λ) can differ

by a factor 8 between 400 and 800 nm from the approximated Lr (λ) = ρs ·Ls (λ), and con-

clude that ρs should be treated as a function with strong wavelength dependency (e.g.

Cui et al., 2013; Lee et al., 2010; Sokoletsky and Shen, 2014).

Despite the relative success of these approaches under a wide range of measurement

conditions, the product of ρs and Ls (λ) is only truly representative of Lr (λ) when sky

radiance is uniformly distributed, e.g. for fully overcast conditions (Mobley, 1999; Toole

et al., 2000). This is because water surfaces are practically always wind-roughened to

the extent that wave facets reflect different parts of the sky and even the sun disc. These

elements contribute to observed Lr (λ) and typically differ from Ls (λ) in both spectral

appearance and intensity (Zhang et al., 2017). Lee et al. (2010) acknowledged this (Lee

et al., 2010, Eq. (8)), yet state that the spectral dependence of radiance reflected from a

roughened water surface is generally unknown. The authors then introduced a spectrally

independent (scalar) correction factor ∆ to Eq. (3.3) (further referred to as L10), which

can be estimated through bio-optical modelling (Lee et al., 2010) or with the similarity

spectrum approach (Ruddick et al., 2005):

Rr s (λ) = Lu (λ)
Ed (λ) −ρs · Ls (λ)

Ed (λ) −∆. (3.4)

It had been proposed earlier (e.g. Gege, 2004) that the spectral dependence of Lr (λ) may

be resolved by accounting for spectrally distinct sun glint and surface-reflected sky ir-

radiance. This approach distinguishes three irradiance components: Edd (λ) for direct

solar irradiance, Ed sr (λ) for diffuse molecular-scattered irradiance (Rayleigh compo-

nent), and Ed sa(λ) for diffuse aerosol-scattered irradiance. These components can be

calculated based on the Eqs. of Gregg and Carder (1990) (further referred to as the GC90

model) and atmospheric gas absorption spectra (Gege, 2012). The GC90 model has been

derived for cloudless maritime atmospheres and requires aerosol optical properties as

input. These properties can be measured (using e.g. a sun photometer), or adopted from

atmospheric correction results in case of airborne or satellite remote sensing observa-

tions (Dörnhöfer et al., 2016). Alternatively, aerosol properties can be derived from from

Lu(λ) or from Lu (λ)
Ed (λ) ratios in combination with bio-optical modelling (Gege, 2014b). Ap-

plication of this approach to hyperspectral airborne (Gege, 2014a) and Sentinel-2A satel-

lite imagery (Dörnhöfer et al., 2016) has been demonstrated for cloudless atmospheres.

This three-component approach is further referred to as the 3C model.

In the present study, we apply 3C to in situ remote sensing reflectance data sets ob-
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tained under a broad range of illumination and wave conditions. The model replaces the

scalar offset ∆ in Eq. (3.4) with a spectrally resolved correction factor ∆(λ). Validation of

this spectral correction scheme is approached in two steps. First, radiometric measure-

ments of Baltic Sea waters are processed to Rr s (λ) with scalar and spectrally resolved

offset correction factors, ∆ (L10) and ∆(λ) (3C), respectively. Reference reflectances de-

rived from sub-surface observations are used to compare model performance under

clear, partially clouded, and overcast sky conditions. Second, 3C and L10 are applied to

semi-continuous daytime radiometric observations recorded by a fixed-position hyper-

spectral reflectance sensor in a eutrophic lake, to assess whether a spectrally resolved

correction factor ∆(λ) relaxes measurement geometry requirements. Implications on

measurement protocols are discussed.

3.2. MATERIALS AND METHODS

3.2.1. IN SITU DATA

STUDY SITES

In situ data were obtained prior to this study during spring and summer research cruises

of RV Aranda at 44 stations in the Baltic Sea. Their locations are shown in Figure 3.2. Only

stations where above- and below-water radiometric measurements were simultaneously

recorded were selected. Several accompanying parameters, such as absorption of light

by coloured dissolved organic matter (CDOM, see section 3.2.1) and wind speed, were

recorded for each station.

A separate data set was used to assess the effect of non-optimal viewing geometries

on sun glint and surface-reflected sky radiance under otherwise stable conditions. Semi-

continuous radiometric measurements for two azimuth angles were recorded during

daylight hours by a fixed-position instrument in a fresh water lake in the Netherlands.

Variability in derived reflectances and model parameters were analysed with respect to

viewing geometry.

SUB-SURFACE REFLECTANCE

Up- and downwelling spectral irradiance Eu(z,λ) and Ed (z,λ) were recorded as a func-

tion of depth z from 0 to 15 m with TriOS Ramses-ACC-VIS sensors (λ= 320−950 nm). An

additional sensor located at a high point on the ship recorded Ed (λ) to account for fluc-

tuations in downwelling irradiance. During acquisition, the ship was positioned such

that no shadow was cast onto the sensors. Instrument self-shading correction was ap-

plied to measurements of Eu(λ), based on spectral absorption measurements that were

simultaneously recorded by a Wetlabs AC-S instrument. The self-shading correction fac-
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Figure 3.2: Stations that were sampled in the Baltic Sea between 2010 and 2012 and for
which both above and below surface radiometric measurements were carried out. Four
cases that represent a range of sky conditions are marked with an x, and are presented in
detail in Figure 3.4.
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tor for the wavelength range 400-700 nm averaged to 1.04±0.02. Sampling depth was de-

termined from pressure readings at sensor level (Sea Bird Electronics SBE-50). Irradiance

reflectance just below the water surface R−(λ) was calculated by extrapolating exponen-

tial fits to depth profiles of Eu(λ) and Ed (λ) to zero depth. The CDOM-rich water of the

Baltic Sea efficiently absorbs light in the ultra-violet and near-infrared spectral regions

and reflectance is typically weak, so that measurements in these bands suffered from a

low signal to noise ratio preventing accurate fits to the data. Evaluation of reflectance

profiles was therefore restricted to 400-700 nm.

ABOVE-SURFACE REFLECTANCE

Above-surface measurements of spectral upwelling radiance Lu(λ,θvi ew ,φ), spectral

downwelling radiance in the specular direction Ls (λ,θ′vi ew ,φ), and Ed (λ) were recorded

continuously from a prototype Rflex system. Rflex keeps viewing azimuth angles as

close as possible to 135◦ and always > 90◦ with respect to the solar azimuth (Simis

and Olsson, 2013), and was installed on the bow of RV Aranda. Observations were

considered matching sub-surface reflectance measurements if they were recorded

within ± 30 minutes and 500 meters of the cast point. The system was equipped with

inter-calibrated TriOS Ramses-ACC-VIS irradiance and two ARC-VIS radiance sensors

(λ = 320 − 950 nm). Viewing angles θ′vi ew ,θvi ew of down- and upwelling radiance

sensors were fixed to 40◦ from zenith and nadir (Figure 3.1), respectively, and were not

corrected for ship roll or tilt. From this data set, observations were discarded if either

of Ls (λ), Lu(λ), or Ed (λ) deviated more than 30% from the respective station mean

spectrum, indicating the measurement was likely affected by sea spray, white caps,

sensor tilt, or obstacles within the sensor field-of-view. This quality control filter on the

data is expressed as:

max
[∣∣∣z(~x(λ))− z(~x(λ))

∣∣∣]≤0.3, (3.5)

with ~x(λ) indicating a series of consecutive spectra. The term z(~x(λ)) = ~x(λ)−~µ
~σ

repre-

sents a series of z-score normalized spectra~x(λ) with corresponding means~µ and stan-

dard deviations ~σ. z(~x(λ)) is the mean spectrum of such a series of z-score normalized

spectra. If any of the radiance or irradiance spectra belonging to a single observation

exceeded the selection criterion, the whole observation was omitted. In addition, obser-

vations were considered suspect (e.g. affected by foam-caps, sea-spray, or surface scum)

if the ratio Lu (λ)
Ed (λ) exceeded an empirical threshold of 0.025 sr−1 at any wavelength be-

tween 800 and 950 nm. This quality control procedure generally preserved in the order

of 70 observations per station.
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Semi-continuous measurements were recorded by a fixed-position Ecowatch in-

strument in the eutrophic Lake Paterswoldsemeer (Paterswoldsemeer), the Netherlands

(Latitude: 53.1631◦; Longitude 6.5773◦, mean depth in summer 0.8 m). Chlorophyll-a

concentrations in Paterswoldsemeer average to 30-50 µg l−1 in summer and cyanobac-

terial blooms are frequently observed. The lake bed consists of peat and mud, which

frequently become re-suspended and contribute to low average Secchi-depths of 0.5 to

0.6 m. The instrument carries two sets of inter-calibrated Lu(λ,θvi ew ,φ), Ls (λ,θ′vi ew ′ ,φ),

and Ed (λ) channels (380-950 nm, re-sampled to 1 nm step size), which faced north-

northeast (NNE) and north-northwest (NNW), respectively. Viewing angles θ′vi ew ,θvi ew

of down- and upwelling radiance sensors were fixed to 40◦ from zenith and nadir (Figure

3.1), respectively. On 11 October 2015 ten measurements from each channel were

recorded every ten minutes in the period 10:30 am to 4:00 pm (local time). The resulting

680 measurements of Ls (λ), Lu(λ), and Ed (λ) (2 channels × 10 measurements per

cycle × 34 cycles) was not subjected to additional quality control procedures to allow

a realistic assessment of sun glint and surface-reflected sky radiance under changing

environmental conditions.

ACCOMPANYING MEASUREMENTS

For every Baltic Sea station, light absorption of coloured dissolved organic matter

(CDOM) aC DOM (λ) was determined from water samples filtered through a 0.2 µm

membrane filter and analysed with a dual beam spectroradiometer (190-800 nm)

against a reference of ultrapure water. The absorbance measurements were converted

to units of absorption. Measurements from cuvettes of different lengths (1, 4, 5, or 10

cm) were combined to optimise signal quality in both the ultraviolet and visible to near

infra-red range. The exponential model aC DOM (λ) = a440nm
C DOM ·exp(−S · (λ−440nm))+k

was optimized in a least-squares minimization for the wavelength range 350-600 nm to

derive CDOM absorption slope S and offset k (e.g. Kirk, 1994). The offset compensates

for residual noise or scattering (Stedmon et al., 2000). Wind speed vwi nd (in m s−1)

was retrieved at each Baltic Sea station from the ship weather station and averaged

to 5.7± 2.9 m s−1 (0.4 - 12.5 m s−1). Solar azimuth θsun was calculated based on GPS

location and time using the open-source (LGPL) Python library PyEphem. For the

Paterswoldsemeer data set no accompanying measurements were taken.

3.2.2. MODELS

The 3C model corrects measurements of Lu (λ)
Ed (λ) with respect to sun glint and surface-

reflected sky light, resulting in remote sensing reflectance Rr s (λ). The following sections
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elaborate on the underlying analytical model (section 3.2.2), model inversion (section

3.2.2), and model evaluation (section 3.2.2).

ANALYTICAL MODEL

The analytical model describes
Lm

u (λ)
E m

d (λ) ratios (superscript m denoting a modelled quan-

tity) as a function of inherent optical properties of the water column, atmospheric

aerosol optical properties, and the observed ratio Ls (λ)
Ed (λ) :

Lm
u (λ)

E m
d (λ)

= Rm
r s (λ)+ρ f · Ls (λ)

Ed (λ) +∆(λ), (3.6)

with the Fresnel reflectance factor ρ f (θvi ew ,nw ), which is a function of viewing zenith

angle θvi ew and refractive index of water nw (e.g. Mobley, 1994). The bio-optical

model by Albert and Mobley (2003) relates modelled remote sensing reflectance

Rm
r s (λ, a,bb ,θsun ,θvi ew ) to absorption a(λ) and backscattering bb(λ) properties of water

(w), chlorophyll-a (chl), CDOM, and suspended particulate matter (SPM):

a(λ) = aw (λ)+Cchl ·a∗
chl (λ)+a440nm

C DOM ·exp[−S · (λ−440nm)] (3.7)

bb(λ) = bb,w (λ)+CSP M ·b∗
b,SP M (λ) (3.8)

ωb(λ) = bb (λ)
a(λ)+bb (λ) (3.9)

R−(λ) = f (λ,ωb ,θsun)×ωb(λ) (3.10)

R−
r s (λ) = fr s (λ,ωb ,θvi ew ,θsun)×ωb(λ) (3.11)

Rm
r s (λ) = ζ·R−

r s (λ)
1−γR−(λ) , (3.12)

with water absorption aw (λ) and backscattering bb,w (λ), chlorophyll-a concentra-

tion Cchl and concentration-specific absorption a∗
chl (λ), and SPM concentration

CSP M and dry-weight specific absorption b∗
b,SP M (λ), CDOM absorption at 440 nm

a440nm
C DOM and CDOM absorption slope S. Proportionality factors f (λ,ωb ,θsun) and

fr s (λ,ωb ,θvi ew ,θsun) were taken from Albert and Mobley (2003, Eqs. (8) and (9),

respectively), with sun zenith angle θsun , and viewing zenith angle θvi ew . Water

absorption was adopted from Buiteveld et al. (1994) and the backscattering of pure

water was calculated as bb,w (λ) = b1( λ
λ0

)−4.32, with b1 = 0.00144m−1 for marine water

(salinity 35-38 ‰) and b1 = 0.00111m−1 for fresh water, and λ0 = 500nm as reference

wavelength (Morel, 1974). Marine water was assumed for the Baltic Sea, and fresh

water for Paterswoldsemeer. Chlorophyll-a specific absorption a∗
chl (λ) was adopted

from Gege (1998) (a∗
chl (440nm) = 0.0335m2 mg−1, a∗

chl (675nm) = 0.0211m2 mg−1,

representative for Lake Constance). SPM backscattering was assumed spectrally neutral,
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with a dry-weight specific backscattering coefficient b∗
b,SP M = 0.0086m2g−1 (Heege,

2000), and SPM absorption was neglected. Sub-surface irradiance reflectance R−(λ)

and remote sensing reflectance R−
r s (λ) were translated to modelled above-surface

remote sensing reflectance Rm
r s (λ) (Lee et al., 1998) for use in Eq. (3.6) using water-to-air

radiance-divergence factor ζ = 0.518 and water-to-air reflectance for fully diffuse

irradiance γ= 0.48 (Gordon et al., 1988; Lee et al., 1998).

The GC90 (Gregg and Carder, 1990) parametrisation of downwelling direct and dif-

fuse irradiance was adapted to spectrally resolve the offset parameter ∆(λ) in Eq. (3.6),

as follows:

∆(λ) = ρdd · Edd (λ)
Ed (λ)π +ρd s ·

[
Ed sr (λ)
Ed (λ)π + Ed sa (λ)

Ed (λ)π

]
, (3.13)

with ρdd and ρd s as the reflectance factors for direct and diffuse downwelling irradi-

ance, respectively. Based on the components of GC90, irradiance ratios were calculated

according to Gege and Groetsch (2016):

Tr (λ) = exp
[
−M

′ · (115.6406λ4 −1.335λ2
)−1

]
(3.14)

Tas (λ) = exp[−Mωaτa(λ)] (3.15)

τa(λ) = β
(
λ
λa

)−α
(3.16)

Edd (λ)

Ed (λ)
= Tr (λ)·Tas (λ)

[Tr (λ)·Tas (λ)+0.5·(1−Tr (λ)0.95)+Tr (λ)1.5·(1−Tas (λ))·Fa] (3.17)

Ed sa(λ)

Ed (λ)
= 0.5·(1−Tr (λ)0.95)

[Tr (λ)·Tas (λ)+0.5·(1−Tr (λ)0.95)+Tr (λ)1.5·(1−Tas (λ))·Fa] (3.18)

Ed sr (λ)

Ed (λ)
= Tr (λ)1.5·(1−Tas (λ))·Fa

[Tr (λ)·Tas (λ)+0.5·(1−Tr (λ)0.95)+Tr (λ)1.5·(1−Tas (λ))·Fa] , (3.19)

with Rayleigh transmission coefficient Tr (λ), and aerosol transmission coefficient

Tas (λ). The wavelength dependency of τa(λ) is approximated by the Ångström law with

turbidity coefficient β at λa = 550 nm, and Ångström exponent α. Further details on

the calculation of atmospheric path length M , atmospheric path length corrected for

air pressure M
′
, aerosol forward scattering probability Fa , and aerosol single scattering

albedo ωa are given in Gege (2012). The satisfactory performance of this model was

demonstrated in Gege and Groetsch (2016), where it was able to accurately reproduce

several hundreds of Ed (λ)-normalized sky radiance measurements collected under

various cloudless atmospheric conditions. Influence of clouds are not covered by ∆(λ)

but taken into account with sky radiance measurements in eq. (3.6). Examples for

derived Rayleigh and aerosol transmission coefficients, sky reflectance, and sun glint are
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also shown in Gege and Groetsch (2016). All parameter abbreviations are summarized

in Table 3.1.
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Figure 3.3: Spectrally resolved weighting factors that were used in 3C model optimiza-
tion.

MODEL INVERSION

Least-squares minimization using the constrained limited memory Broyden–Fletcher–

Goldfarb–Shanno algorithm (L-BFGS-B) (Byrd et al., 1995) of the residual-sum-of-

squares (RSS) between observed Lu (λ)
Ed (λ) and modelled

Lm
u (λ)

E m
d (λ) was carried out with the

bounding parameters listed in Table 3.1 and weighting vector W (λ). The 675-750

nm spectral region was weighted at 10 % because chlorophyll-a fluorescence is not

accounted for in the bio-optical model. Similarly, spectral weighting (10 %) was assigned

to the range 760-775 nm to lessen the influence of the deep oxygen A-band rotational

absorption lines near 765 nm on the fit result. In contrast, the spectral region up to

500 nm was weighted with a factor of 5 to add extra weight to accurate modelling of

Rayleigh-scattered radiance. Weights were determined by experimentation and are

shown in Figure 3.3. The RSS was calculated as follows:

RSS =
i∑(

Lu(λi )

Ed (λi )
− Lm

u (λi )

E m
d (λi )

)2

·W (λi ). (3.20)
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∆(λ,α,β,ρdd ,ρd s ,θsun) was subsequently calculated from the derived model parame-

ters α,β,ρdd ,ρd s , leading to the definition of Rr s (λ) from Eq. (4) extended with spec-

trally dependent ∆(λ):

Rr s (λ) = Lu (λ)
Ed (λ) −ρ f · Ls (λ)

Ed (λ) −∆(λ,α,β,ρdd ,ρd s ,θsun). (3.21)

The same optimisation procedure was carried out using the L10 model and parameters

as indicated in Table 3.1 to derive the scalar offset factor ∆, which was then used

instead of ∆(λ) in Eq. (3.21) to calculate Rr s (λ). The minimisation procedure and its

modelling components (GC90, 3C, inversion scheme) were implemented in Python

and are publicly available under open license xyz (free for non-commercial use).

The version of this package used to produce the results of this paper is available on

Zenodo (http://doi.org/10.5281/zenodo.293851). Future versions will be available

on gitlab (https://gitlab.com/pgroetsch/rrs_model_3C). GC90 and 3C are also imple-

mented in the public domain software "Water Color Simulator" (WASI) (Gege, 2004)

(http://www.ioccg.org/data/software.html).

MODEL EVALUATION

For each Baltic Sea station individual Rr s (λ) spectra were derived with the spectral op-

timization procedure of section 3.2.2 and parameters as indicated in Table 3.1. A pre-

fit was carried out on the mean-averaged Lu (λ)
Ed (λ) spectrum of each station to determine

optimal parameter starting values for the individual fits. Subsurface reflectance R−(λ)

(section 3.2.1) was translated to above-surface reference reflectance Rr e f
r s (λ) using the

analytical model proposed by Lee et al. (1998, Eq. (24)):

Rr e f
r s (λ) = ζ ·R−(λ)

Q · [1−γR−(λ)
] +δ, (3.22)

with water-to-air radiance-divergence factor ζ = 0.518, water-to-air reflectance for

isotropic irradiance γ = 0.48 (Gordon et al., 1988), the ratio of upwelling irradiance

to upwelling radiance Q, and a scalar offset factor δ. Q equals π for an isotropic

distribution, with typical values from 4 to 5 sr (Gordon et al., 1988). The scalar offset

δ accounts for shortcomings in model inversion (e.g. due to ambiguities between

bio-optical and surface reflection model) or data acquisition (e.g due to instrument

self-shading, white caps and foam, or ship tilt and roll). Despite not being of primary

interest for the present study, these differences in scaling (Q) and offset (δ) usually

need to be accounted for to allow unbiased comparison of R−(λ) and Rr s (λ). Analytical

models for the Q-factor (e.g. Albert and Mobley, 2003; Sokoletsky and Shen, 2014) do not
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account for wave-induced variability. Therefore, both factors were treated as bounded

parameters when minimizing the root-mean-square-error (RMSE) between Rr s (λ) from

above and below surface observations, with geometric parameter Q bounded between

3 and 8 sr (starting value: 5 sr) and offset δ bounded between -0.01 and 0.01 sr−1

(starting value: 0). Accounting for δ ensures that error metrics (RMSE, and normalized

RMSE, nRMSE) are indicative of residual spectral differences only, which are attributed

to suboptimal correction for sun glint and reflected sky light in Rr s (λ). nRMSE was

calculated by normalizing RMSE with the mean Rr e f
r s (λ) value.

Daytime measurements at Paterswoldsemeer provided two Rr s (λ) channel pairs,

facing NNW and NNE. During each observation, ten individual measurements were

recorded over typically less than 10 seconds, depending on integration time. Obser-

vations from both channels were processed to Rr s (λ) with 3C and L10 according to

the inversion method in section 3.2.2. No accompanying aC DOM (λ) measurements

were available and thus CDOM absorption slope S was set to a value of 0.012 nm−1 in

the optimization. This value was estimated from model optimization with S as a free

parameter. Bio-optical parameter starting values were adjusted to levels typical for

relatively turbid, eutrophic lakes: Cchl = 30mg m−3,CSP M = 5 g m−3, a440nm
C DOM = 5m−1

(e.g Gons, 1999).

3.3. RESULTS

Quality control of above-surface Baltic Sea observations (section 3.2.1) removed 383 out

of 3149 observations and 1 out of 45 stations. For each of the remaining stations Rr s (λ)

spectra were derived with 3C and L10 (section 3.2.2) and matched to corresponding sub-

surface reflectances (section 3.2.2). If reflectances at a station could not be matched

within physically reasonable boundaries for the Q-factor (3-8 sr), or spectral optimiza-

tion failed (RSS > 1e −4 sr−1), the station was discarded (3C: 5 stations, L10: 8 stations).

Four stations are presented in detail in Figures 3.4 (measurements) and 3.5 (mod-

elled results). These stations were manually selected to illustrate results for a range of

typical cloud cover conditions indicated by Ls (λ)
Ed (λ) -ratios of varying shape, intensity, and

variability.

1. Clear sky. This case is characterized by low variability in Ed (λ) and Ls (λ), and a
Ls (λ)
Ed (λ) -ratio dominated by blue sky light at relatively low intensity ( Ls

Ed
(750nm) ¿

0.1sr−1), indicating few or no clouds. Low wind speed (5.4 m s−1) and low vari-

ability in Lu(λ) and Lu (λ)
Ed (λ) suggest a calm water surface. Visual comparison of Lu (λ)

Ed (λ)

to Rr e f
r s (λ) shows that surface-reflected radiance predominantly affected the blue
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part of the spectrum. Normalized root-mean-square-errors (nRMSE) of 4.67±1.08

% and 16.32±3.56 % between Rr s (λ) and Rr e f
r s (λ) were obtained using 3C and L10,

respectively.

2. Haze. This station is characteristic of hazy skies and rough water surfaces due

to higher wind speed (9.5 m s−1). Compared to the clear sky case, Ed (λ), Ls (λ),

and Ls (λ)
Ed (λ) -ratios were more variable, indicating an inhomogeneous sky radiance

distribution. This, and the presence of longer wave periods could have caused

considerable variability in Lu (λ)
Ed (λ) -ratios. Ls (λ)

Ed (λ) was clearly dominated by blue light,

yet at higher absolute intensities ( Ls
Ed

(750nm) À 0.1sr−1) compared to the clear

sky case. This suggests considerable aerosol-scattered light contribution. nRMSEs

of 7.97±1.10 % and 16.72±2.38 % for 3C and L10, respectively, are higher than for

the clear sky case.

3. Scattered clouds. Inhomogeneous cloud cover conditions are indicated by spec-

trally neutral Ls (λ)
Ed (λ) -ratios close to π−1 at concurrent high variability in all three

channels. The ratio Lu (λ)
Ed (λ) was elevated towards the blue compared to Rr e f

r s (λ). This

suggests that Rayleigh-scattered light that originated from outside the projected

area of Ls (λ) was reflected into Lu(λ) observations, which is less likely to be cor-

rected for with a spectrally flat offset ∆ in L10 (nRMSE 14.09±1.02 %). Modelled

diffuse radiance allowed 3C to compensate for this suboptimal measurement con-

dition, which resulted in a residual error comparable to the clear sky case (nRMSE

4.96±0.91 %).

4. Fully overcast. This case is representative of fully and homogeneously overcast

conditions. Analogous to the scattered cloud case, Ls (λ)
Ed (λ) is spectrally neutral and

close to π−1, but showing negligible temporal variability. Similarly, Lu (λ)
Ed (λ) -ratios

exhibit little variability and spectrally resemble Rr e f
r s (λ). This case is adequately

handled by both 3C (nRMSE 4.66±1.30 %) and L10 (nRMSE 5.91±1.18 %).

Averaged model parameter and residual statistics for all stations are summarized in

tables 3.2 (3C) and 3.3 (L10). Results were aggregated according to sky conditions: clear

skies ( Ls
Ed

(750nm) < 0.1), broken cloud conditions (0.1 >= Ls
Ed

(750nm) < 0.3), and over-

cast skies ( Ls
Ed

(750nm) >= 0.3). The direct reflectance factor ρdd was highest for clear

skies and varied considerably. For mixed and overcast conditions, sun glint contribu-

tions were negligible. In the following, error margins indicate mean standard deviation.

The average diffuse radiance correction factor calculated to ρd s = (9.45±2.35)·10−3. The

spectrally neutral scalar offset factor in L10 averaged to ∆= (8.64±4.83) ·10−4sr−1. The
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Figure 3.4: Each column depicts observations that belong to one of four cases represent-
ing clear, hazy, scattered cloud, and fully overcast sky conditions. Corresponding station
locations are indicated in Figure 3.2. In the first row, individual downwelling irradiance
Ed (λ) spectra are plotted together with their mean spectrum. In the same fashion, the
following rows depict downwelling radiance Ls (λ), upwelling radiance Lu(λ), the ratio
Ls (λ)/Ed (λ), and the ratio Lu(λ)/Ed (λ). This figure caption continues on next page.
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Figure 3.4: Continuation of figure caption on previous page. Remote sensing reflectance

Rr e f
r s (λ) was derived from sub-surface reflectance (assuming a Q-factor of 5), which

contains no surface reflections, and plotted in the last row for visual comparison with
Lu(λ)/Ed (λ), which contains surface reflections. For further information on parameters
and units, please refer to Table 3.1.
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Figure 3.5: Processing results for the four cases depicted in Figure 3.4, processed with
3C (left panels) and L10 (right panels). Modelled Lu(λ)/Ed (λ)-ratios are depicted in red.
Modelled Lr (λ)/Ed (λ) (green) was subtracted from observations of Lu(λ)/Ed (λ) (blue)
to derive remote sensing reflectances Rr s (λ) (thick grey lines, error bars indicate stan-

dard deviations). Reference remote sensing reflectances Rr e f
r s (λ) were derived from sub-

surface reflectances R−(λ) and are depicted as black lines (error bars indicate standard
deviations). For further information on parameters and units, please refer to Table 3.1.
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average optimization residual RSS for L10 (1.74 · 10−5 sr−1) was approximately double

the RSS for 3C (9.73 ·10−6 sr−1). Remote sensing reflectance spectra deviated on average

7.15± 1.63% (3C) and 13.30± 2.11% (L10) from reference reflectances (mean nRMSE).

A constant CDOM absorption slope (S = 0.018nm−1, average value of Baltic Sea obser-

vations) improved average nRMSE for 3C slightly (7.11± 1.49,%). Clear-sky measure-

ments were also processed without making use of sky radiance measurements. This was

achieved by setting ρ f = 0 in Eq. (3.6) and improved the mean nRMSE for the clear-sky

subset slightly (8.06±1.24%). For overcast sky conditions the average Q-factor resulted

in lower values than for clear sky conditions (both models), as expected from theory.

Table 3.2: Average distribution statistics (mean and standard deviation (std)) of 3C
model optimization results (upper section), and regression statistics between de-
rived and reference remote sensing reflectances (lower section), for Baltic Sea stations
recorded under the following sky conditions: clear skies (Ls /Ed (750nm) < 0.1, 17 sta-
tions), mixed sky conditions (0.1 >= Ls /Ed (750nm) < 0.3, 11 stations), and overcast skies
(Ls /Ed (750nm) >= 0.3, 9 stations). For further information on parameters and units,
please refer to Table 3.1.

Metric mean std
Param./Sky Cond. clear mixed overcast clear mixed overcast

ρdd 1.18E-6 5.08E-8 2.64E-9 8.12E-6 3.45E-7 9.05E-9
ρd s 0.0102 0.00915 0.00864 0.00284 0.00171 0.00217
α 1.49 1.28 1.53 0.375 0.349 0.515
β 0.302 0.617 0.841 0.255 0.22 0.534
RSS 1.18E-5 3.35E-6 1.15E-5 5.03E-6 1.57E-6 1.18E-5
Q 5.05 4.88 4.14 0.298 0.255 0.173
δ -1.69E-4 -2.02E-4 -3.14E-4 9.63E-5 4.75E-5 1.02E-4
RMSE 1.65E-4 8.30E-5 1.03E-4 3.11E-5 1.88E-5 2.82E-5
nRMSE 8.18 6.5 6.25 1.66 1.38 1.76

Figure 3.6 summarizes the 3C processing results for a daytime radiometric measure-

ment cycle in two fixed directions, NNE (CH 1) and NNW (CH 2). The main source of

variability in modelled Rr s (λ) was due to variable scaling: spectrally averaged remote

sensing reflectances Rr s (λ) varied slightly throughout the measurement period (Figure

3.6, panel B), with relative standard deviations (RSD) of 6.6 % (CH 1) and 5.3 % (CH 2).

The constant offset between channels might have been caused by residual dirt layers

on cosine correctors, calibration errors, or adjacency effects. To compare the spectral

shape of Rr s (λ) over the course of the measurement period, individual remote sens-

ing reflectances from CH 1 and CH 2 were equalized to a common mean µ
[

Rr s (λ)
]
=

0.001616 sr−1. This value was calculated as the mean Rr s (λ) over both channels and the

complete measurement cycle. Equalized Rr s (λ) spectra differed on average (RSD) by 1.9
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Table 3.3: Average distribution statistics (mean and standard deviation (std)) of L10
model optimization results (upper section), and regression statistics between de-
rived and reference remote sensing reflectances (lower section), for Baltic Sea stations
recorded under the following sky conditions: clear skies (Ls /Ed (750nm) < 0.1, 15 sta-
tions), mixed sky conditions (0.1 >= Ls /Ed (750nm) < 0.3, 9 stations), and overcast skies
(Ls /Ed (750nm) >= 0.3, 9 stations). For further information on parameters and units,
please refer to Table 3.1.

Metric median std
Param./Sky Cond. clear mixed overcast clear mixed overcast

∆ 5.58E-4 1.06E-3 1.09E-3 3.21E-4 4.53E-4 6.89E-4
RSS 2.08E-5 1.05E-5 1.77E-5 8.29E-6 3.11E-6 1.10E-5
Q 5.3 5.71 4.69 0.386 0.366 0.219
δ 4.58E-4 5.05E-4 4.64E-4 1.34E-4 8.68E-5 1.32E-4
RMSE 3.54E-4 2.77E-4 2.32E-4 6.53E-5 4.73E-5 4.12E-5
nRMSE 14.3 15.4 10.8 2.47 2.09 1.69

% (L10: 25.3 %) for CH 1 and 1.6 % (L10: 14.5 %) for CH 2. This difference was pre-

dominantly caused by higher variability in the near infra-red spectral region above 700

nm with RSD 8.4 % (CH 1) and 4.5 % (CH 2). The difference (RMSE) between equalized

Rr s (λ) from CH 1 and CH 2 was 2.77 ·10−5 sr−1 (L10: 5.77 ·10−4 sr−1). If normalized with

µ
[

Rr s (λ)
]

, this corresponds to a nRMSE of 1.7 % (L10: 51.5 %).

Variability of ρd s within measurement cycles of typically less than 10 seconds was

accounted for in the bio-optical model inversion (8.53 % and 9.84 % mean RSD for CH

1 and CH 2, respectively), and could not have been achieved by a Lr (λ) correction that

is based only on wind speed that is considered constant throughout a measurement cy-

cle. Throughout the day, ρd s varied by RSD 29.4 % (CH 1) and 36.5 % (CH 2), with clear

maxima for when the sun was located directly behind (180◦ relative azimuth) the re-

spective radiance sensor pair. This can be observed for both channels and is likely due

to Rayleigh scattering being highest in the direction opposite the sun. ρdd resulted in

very small absolute values (mean 1.62e −12 for CH 1 and 4.50e −12 for CH 2) that were

highest for the smallest relative azimuth angles to the sun and corresponding low sun el-

evation. Extremely hight variability in ρdd (164 % and 145 % mean RSD for CH 1 and CH

2, respectively) underlines the importance of correcting for sun glint even if the average

contribution is small. Ångström exponent α from both channels resulted in similar val-

ues between approximately 12:00 and 14:30 hours (local time). High variability towards

the afternoon in CH 2 indicates developing cloud formations or haze in that direction of

the sky. This is supported by an increase in estimated turbidity coefficient towards the

afternoon as observed by CH 2, but not by CH 1.
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Figure 3.6: A daytime measurement cycle of radiometric observations that was recorded
11 October 2015 from 10:30 to 16:00 (local time, sun zenith angle lower than 70◦) in Pa-
terswoldsemeer (The Netherlands) by an Ecowatch instrument that features two remote
sensing reflectance Rr s (λ) channels, facing NNE (CH 1) and NNW (CH 2). Panel A de-
picts equalized Rr s (λ) that were derived with 3C for each channel over the course of
the day, with standard deviations plotted as error bars. Panel B shows spectrally aver-
aged Lu(λ)/Ed (λ)-ratios (upper curves) and spectrally averaged Rr s (λ) (lower curves)
as a function of azimuth angle difference between sun and sensor. Panels C to F de-
pict 3C model parameters as a function of azimuth angle difference: diffuse and direct
reflectance coefficients ρd s and ρdd , respectively, Ångström exponent α, and turbidity
coefficient β. Error bars in panel B to F indicate standard deviations over ten mea-
surements that were recorded per cycle. The dashed blue vertical line indicates ±135◦
from the sun in the azimuthal plane, which is considered optimal for remote sensing
reflectance observations from above water. For further information on parameters and
units, please refer to Table 3.1.
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3.4. DISCUSSION

A spectrally resolved correction factor ∆(λ) aids the processing of in situ hyperspectral

radiometry to accurate Rr s (λ). The 3C model can account for conditions where sky ra-

diance measurements in the specular direction to the sea-viewing sensor do not exist,

or are not representative of water surface-reflected radiance. Average sun glint contri-

butions were generally small, which was at least in case of the Baltic Sea observations

likely due to the sun glint-minimizing viewing geometry maintained by the Rflex sys-

tem. However, sun glint contributions were highly variable, which highlights the im-

portance of this correction component. The correction for diffuse sky radiance ρd s was

also typically small compared to the surface reflectance factor ρs , indicating a small cor-

rection to the well-established methodology behind Eq. (3.3). Nevertheless, spectrally

resolving this correction term with 3C consistently improved bio-optical model fits and

Rr s (λ) retrievals, regardless of sky condition, and as the authors of the L10 model sug-

gested it should. A reliable correction for surface reflections could not be achieved with

L10 under variably clouded sky conditions. Such conditions are rather common, which

certainly contributes to typically high quality control rejection rates for automated ship-

borne Rr s (λ) observations (e.g. Martinez-Vicente et al., 2013; Simis and Olsson, 2013).

Remote sensing reflectances were derived with 3C at comparable spectral accuracy for

clear, mixed, and overcast sky conditions, which is concluded to be a major improve-

ment over a scalar offset correction.

Remote sensing reflectance is an apparent optical property – changes in light field

distribution have an impact on observed Rr s (λ). The most obvious dependence is

on θsun (see e.g. Eq. (3.11)), which is why normalized radiances and reflectances

ρw (λ,θsun = 0,θvi ew = 0) are often favoured in satellite remote sensing applications (e.g

Mobley, 1994). For in situ observations, wave-induced and thus potentially short-lived

changes in the Q-factor may have a scaling effect on Rr s (λ). To focus on spectral differ-

ences rather than changes in scaling over the course of a day, derived remote sensing

reflectances were equalized to a common mean intensity in the presented daytime

measurement cycle. Equalized remote sensing reflectances from both channels in the

fixed-angle measurements at Paterswoldsemeer matched closely and showed nearly no

temporal variability, which could not be achieved with a scalar offset correction. These

are strong indications that 3C accounted reliably for variable water surface reflections.

Correction for diffuse sky light was highest for observations that were recorded with the

sun exactly behind the respective radiance sensors, which is where Rayleigh scattering

is most efficient. From this we conclude that a spectrally resolved offset correction

for diffuse sky light, such as validated in this study, is crucial to account for the strong
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directional dependency of Rayleigh-scattered radiance. Sun glint contributions were

also small but highly variable in this time series. Elevated values of ρdd were observed

in both channels when relative azimuth angles to the sun and sun elevation were lowest.

Based on ray-tracing simulations, a relative viewing azimuth angle to the sun of approx-

imately ∆θ = 135◦ was recommended by Mobley (1999, 2015) to minimize the chance of

sun glint contamination. The present results empirically support that ∆θ = 135◦ offers

a good compromise between low intensity of Rayleigh-scattered diffuse sky light and

a small chance of sun glint contamination. However, if this viewing geometry is not

realisable, e.g. in airborne or satellite remote sensing, due to self-shading, or for fixed

position instruments, 3C can compensate for sun glint and increased Rayleigh-scattered

sky light reflections.

Reflectance derived from depth-profiles was used as a reference. Intense fluctuations

of downwelling irradiance in water are induced by wave focusing effects (Hieronymi and

Macke, 2010; Stramski and Dera, 1988; You et al., 2010) and low data quality of upwelling

irradiance can be caused by instrument noise due to low light levels at depth. In order to

account for these effects, multiple casts were averaged, relatively more measurements

were taken near the surface, and depth ranges were manually adjusted. Both effects

can nevertheless not be ruled out to have caused weak spectral distortion. Casts were

recorded several meters away from the ship, on the sun-exposed side to avoid shading.

Such close proximity to the ship can introduce adjacency effects, which would explain

variable offsets but also affect the best fit of the Q-factor. Free-falling profilers that can

operate at a greater distance to the ship avoid such contamination, but these are not par-

ticularly suitable for the highly absorbing waters of the Baltic Sea where the time taken

by the profiler to collect a hyperspectral measurement would equate to a depth similar

to the euphotic zone itself. Residual influence of foam and white-caps may be present

in above-surface observations even after quality control, and is not accounted for in 3C.

Variable ship pitch and roll can also alter the viewing geometry such that sky radiance

is geometrically not representative of surface-reflected radiance. It is likely that these

fundamentally different sampling methodologies have an impact on offsets δ between

reflectances sampled above and below surface, such that they had to be accounted for

in our statistical analysis, but bear no further interpretation.

The GC90 atmospheric model inherent to 3C is defined for cloudless maritime at-

mospheres. Despite the limitation of GC90 to clear sky conditions, 3C can to an extent

also correct observations recorded under partially or fully overcast skies. This appar-

ent contradiction can be resolved based on the Baltic Sea case 3: sky radiance was not

spectrally representative of water surface-reflected light, probably because cloud occu-
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pied the complete sky radiance sensor field-of-view in an otherwise dominantly blue

sky. Wind speeds close to 5 ms−1 roughened the water surface such that light from a

large fraction of the sky (including blue parts) was reflected into the Lu(λ) sensor field-

of-view (see e.g. Mobley, 1999, Figure 2). Since clouds appear spectrally neutral (white),

at least in the visible spectral domain, the measurement of Ls (λ)
Ed (λ) contained no spectral

information that could be used to correct for Rayleigh- or aerosol-scattered radiance.

The spectrally resolved offset parameter ∆(λ) in 3C can compensate for such observa-

tional shortcomings in sky radiance measurements with modelled radiances as observ-

able under cloudless maritime atmospheres. However, compositions of aerosols may

exist that cannot be parametrised accurately with the Ångström approximation of scat-

tering in GC90, e.g. due to urban or industrial air pollutants, bush and forest fires, and

sand storms. Under such conditions air mass type might require adjustment and 3C

model optimization is more likely to produce a poor fit, which could not be verified with

the data set analysed here. Average photon path lengths in the atmosphere can differ sig-

nificantly for Lr (λ) and Ed (λ), especially when clouds are present. This effect introduces

atmospheric absorption features to Lu (λ)
Ed (λ) -ratios, which cannot be corrected for with 3C.

However, such absorption features surface also in Ls (λ)
Ed (λ) -ratios (e.g. Figure 3.4, case 3 and

4) and can be used to correct for the effect in Rr s (λ) (Simis and Olsson, 2013) if Ls (λ)

happens to be representative of Lr (λ), e.g. for a flat or very calm water surface. Vari-

able atmospheric path length, cloud transmission, and a wider range of aerosol optical

properties may be added to 3C to account for these effects, and further research in this

direction is recommended.

Model optimization should not be expected to result in modelled Lu (λ)
Ed (λ) -ratios that

perfectly match observations, because this would require a finely tuned bio-optical and

aerosol model and perfect instrument calibration. The aim is to realistically separate

water leaving signal from residual signal that is attributed to Lr (λ) (Lee et al., 2010). This

separation is dependent on a suitable model parametrisation, e.g. realistic choice of

specific inherent optical properties (sIOPs) and parameter ranges. Absorption by CDOM

was recorded in the Baltic Sea data set and used to derive CDOM slope S, which is re-

quired in the bio-optical model inversion. When such measurements are lacking, S can

be added to the inversion as a free fit parameter, on the condition that reasonable start-

ing values and fit ranges can be provided, or be set to a realistic average value. The latter

option even slightly improved the average nRMSE for Baltic Sea observations, and was

chosen for processing the daytime measurement sequence. The bio-optical model by

Albert and Mobley (2003) is specified to simulate reflectances for a wide range of water

types, and performed equally well for dark Baltic Sea waters and turbid inland lake re-
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flectance in this study. In case of oceanic observations, a much simpler model could be

applied to limit the number of fit parameters, and thus potential ambiguities in fit re-

sults. The choice of a suitable bio-optical model and its parametrisation for the water

body in question remains with the user, as does the interpretation of fit residuals. Nev-

ertheless, there is ample opportunity to determine the optical water type and associated

starting values for the bio-optical model from the radiometric signals without first mod-

elling Rr s (λ) to perfection. Further validation studies should be carried out to define

suitable protocols for a wider range of water types and sky conditions.

3.5. CONCLUSIONS
The 3C model was used to parametrise a spectrally resolved offset ∆(λ) to improve the

retrieval of Rr s (λ) from above-water radiometric observations. 3C treats sun glint sep-

arately from diffuse Rayleigh- and aerosol-scattered radiance. The spectrally resolved

offset correction improved retrieval of Rr s (λ) compared to a scalar offset correction. The

proposed implementation of 3C relaxes constraints on measurement geometries, which

will help to utilize observations from fixed-position or ship-borne instruments that pre-

viously had to be discarded. An implementation of the processing scheme is made pub-

licly available.
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Sky reflectance Rsk y (λ) is used to correct in situ reflectance measurements in the remote

detection of water colour. We analysed the directional and spectral variability in Rsk y (λ)

due to adjacency effects against an atmospheric radiance model. The analysis is based

on one year of semi-continuous Rsk y (λ) observations that were recorded in two azimuth

directions. Adjacency effects contributed to Rsk y (λ) dependent on season and viewing an-

gle, and predominantly in the near-infrared (NIR). Adjacency effects spectrally resembled

a generic vegetation spectrum. The adjacency effect was weakly dependent on the magni-

tude of Rayleigh- and aerosol-scattered radiance. Reflectance differed between viewing

directions 5.4 ± 6.3% for adjacency effects and 21.0 ± 19.8% for Rayleigh- and aerosol-

scattered Rsk y (λ), in the NIR. It is discussed under which conditions in situ water re-

flectance observations require dedicated correction for adjacency effects. We provide an

open source implementation of our method to aid identification of such conditions.



4

51

Coastal and inland water bodies are challenging targets for satellite remote sensing

compared to the open ocean, due to higher optical complexity of water and atmosphere,

small spatial footprints, and adjacency effects (Palmer et al., 2015). Adjacent land can

pollute the remotely sensed water leaving radiance signal when contrasts are present in

ground albedo rg (λ), i.e. the fraction of global incident solar irradiance that is reflected

back into space (Wielicki, 2005). Adjacency effects are negligible for most open-ocean

environments due to low rg (λ) contrasts at sea (Gregg and Carder, 1990). Land cover

(e.g. vegetation, ice/snow, roads) reflectance typically exceeds that of water by an order

of magnitude and may thus be expected to contribute to downwelling irradiance and

observed water-leaving radiance as the result of (multiple-) scattering processes in the

atmosphere (Santer and Schmechtig, 2000).

Various adjacency correction approaches exist for satellite or airborne remote sens-

ing observations for water close to land (e.g. Kiselev et al., 2015; Santer, 2013; Sterckx

et al., 2011). Calibration and validation of the adjacency correction rely heavily on in

situ reference measurements, such as remote sensing reflectance Rr s (λ). Rr s (λ) is de-

fined as the ratio of water leaving radiance Lw (λ) to downwelling irradiance Ed (λ). For

isotropic (Lambertian) reflection, normalization with Ed (λ) at water surface level should

account for any adjacency components in the light field (Richter et al., 2006). However,

Lw (λ) cannot be observed directly from above the water due to reflections at the surface

(Mobley, 1994). A common approach to derive Lw (λ) from upwelling radiance Lu(λ) is

to subtract a fraction ρ of sky radiance Lsk y (λ) in specular direction of the sea-viewing

sensor (Mobley, 1999):

Rr s (λ) = Lu(λ)

Ed (λ)
−ρ Lsk y (λ)

Ed (λ)
. (4.1)

Radiance sensor azimuth angles are assumed equal, with zenith angles mirrored in the

horizontal plane. In the following we focus on the correction term, Lsk y (λ)/Ed (λ), which

is referred to as sky reflectance Rsk y (λ). Natural water surfaces are wind-roughened and

therefore reflect radiance also from outside the Lsk y (λ) sensor field-of-view (e.g. Mobley,

1999, Figure 2). A measurement of Lsk y (λ) is thus geometrically not representative of

the radiance reflected at a wind-roughened water surface. As long as reflected radiance

is spectrally equivalent to measured Lsk y (λ), Rr s (λ) can still be accurately derived with

eq. (4.1) and a suitable choice for ρ (e.g. Ruddick et al., 2006; Simis and Olsson, 2013).

If this is not the case, spectrally variable contributions to Lw (λ) by sun and sky glint

(Rayleigh- or aerosol-scattered) may be accounted for with bio-optical modelling (e.g.

Groetsch et al., 2017a). The adjacency component of the downwelling light field depends

on rg (λ), atmospheric composition, illumination conditions, and viewing geometry (Cui
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et al., 2015; Román et al., 2010) and is expected to be variable in intensity and spectral

shape, for different viewing angles. To date, no methodology is available to identify in

situ reflectance measurements that are contaminated by adjacency effects.

In this letter, we assess directional and spectral variability in Rsk y (λ) due to the ad-

jacency effect against an atmospheric model. The model is used to partition Rsk y (λ)

into two components: sky reflectance that has not interacted with ground cover, and

sky reflectance due to adjacency effects. The procedure was applied to one year of semi-

continuous Rsk y (λ) observations recorded in two azimuth directions, to asses the spatio-

temporal variability of each component. Subsequently, rg (λ) of the sensor environment

was derived to assess spectral variability.

Semi-continuous measurements were recorded with a fixed-position reflectance

instrument in the eutrophic Lake Paterswolde (Paterswoldsemeer, the Netherlands,

53.1631◦N, 6.5773◦E). Trees and fields dominated the surroundings of the southern part

of the lake where the instrument was located, with the city of Groningen to the North.

The nearest vegetation was located approximately 50 m away from the sensors. The

instrument carried two sets of inter-calibrated Lu(λ,θvi ew ,φ), Lsk y (λ,θ′vi ew ′ ,φ), and

Ed (λ) channels (400-880 nm), with azimuth angles φ pointing north-northeast (NNE)

and north-northwest (NNW), respectively. Viewing zenith angles θ′vi ew ,θvi ew of sky

and upwelling radiance sensors were fixed at 40◦ from zenith and nadir, respectively.

The instrument was deployed from 5 September 2015 until 3 October 2016, excluding

November to January. During the deployment, clear sky conditions between 9 and 15

h local time occurred for at least one measurement on 229 days and 4542 observations

in total. The sky was considered clear if Lsk y /Ed (750nm) < 0.05 (Ruddick et al., 2006)

in both azimuthal viewing directions. We did not consider variability in Lu(λ) in this

analysis.

We utilize an analytical parametrisation of downwelling radiation by (Gregg and

Carder, 1990) that was spectrally expanded by (Gege, 2012), further referred to as GC90.

The model describes Ed (λ) as the sum of direct Edd (λ) and diffuse Ed s (λ) irradiance,

with the latter composed of Rayleigh- and aerosol-scattered irradiances (Ed sr (λ) and

Ed sa(λ), respectively). The influence of clouds on Ed (λ) is not included. GC90 is based

on earlier work by (Bird and Riordan, 1986), modified to yield irradiances typically

observed under maritime atmospheres, where adjacency effects may safely be ignored.

This assumption may not be valid for measurements in lakes or coastal areas. Hence we

adapted adjacency irradiance Ed sg (λ), as formulated by (Bird and Riordan, 1986), for

use with GC90. It is assumed that a fraction rg (λ) of Ed (λ) is reflected at the ground, and

subjected to Rayleigh- and aerosol scattering that return a fraction rs (λ) (sky reflectivity)
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towards a sky-viewing observer (Bird and Riordan, 1986):

Ed sg (λ) = Ed (λ)rg (λ)rs (λ)× [1− rs (λ)rg (λ)]−1. (4.2)

Sky reflectivity is calculated based on atmospheric transmission coefficients and aerosol

forward scattering probability Fa :

rs (λ) = To(λ)Tw v (λ)Taa(λ) (4.3)

× [0.5(1−Tr (λ))+ (1−Fa)Tr (λ)(1−Tas (λ))] ,

with transmission due to oxygen absorption To(λ), water vapour absorption Tw v (λ),

aerosol absorption Taa(λ), Rayleigh-scattering Tr (λ), and aerosol scattering Tas (λ). A

factor π−1 is assumed to express modelled irradiances in units of radiance. Modelled sky

reflectance Rm
sk y (λ) is thus calculated as:

Rm
sk y (λ) = fd sr Ld sr (λ)+ fd saLd sa(λ)+ fd sg Ld sg (λ)

Edd (λ)+Ed sr (λ)+Ed sa(λ)+Ed sg (λ)
, (4.4)

with scaling factors f and radiances L for Rayleigh- (d sr ), aerosol- (d sa), and adjacency-

scattering (d sg ), respectively. Further detail on the calculation of these parametersis

given in (Gregg and Carder, 1990), (Bird and Riordan, 1986), and (Gege, 2012).

Least-squares minimization (constrained Nelder-Mead) of the residual-sum-of-

squares (RSS) between observed Rsk y (λ) and modelled Rm
sk y (λ),

RSS =
i∑(

Rsk y (λi )−Rm
sk y (λi )

)2 ×W (λi ), (4.5)

was carried out with bounded parameters as listed in Table 4.1, air mass type fixed to 1,

standard atmospheric pressure of 1013.25 mbar, relative humidity of 60 %, ozone scale

height of 0.3 cm, water vapour scale height of 2.5 cm, and weighting vector W (λ) = 1.

A fit was regarded successful if RSS < 0.01 sr−1, which was the case for 4404 of 4542

observations. The ’lawn/grass’ spectrum from the SMARTS2 model (Gueymard, 2001)

gave the lowest average RSS and was used as reference rg (λ) in further calculations (see

Figure 4.3, r Gr ass
g ).

Rsk y (λ) is representative of molecular Rayleigh- and aerosol-scattered light and con-

tains no atmospheric absorption features (Gege and Groetsch, 2016), if recorded under

clear sky conditions and in absence of adjacency effects. Reflectance of vegetation is

typically low for wavelengths below approximately 680 nm from where it rises steeply –
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Table 4.1: Average (mean) fit results and standard deviations (4404 fits) for bounded
model parameters: Rayleigh-scattering irradiance factor fd sr , aerosol-scattering irradi-
ance factor fd sa , adjacency irradiance factor fd sg , Ångström exponent α, turbidity coef-
ficient β. Optimization was carried out with and without taking adjacency effects into
account, and resulted in normalized root-mean-square deviations (NRMSD).

Param. Start (bounds) No adjacency With adjacency

fd sr , [−] 1 (0-10) 0.80±0.12 0.80±0.13
fd sa , [−] 1 (0-10) 1.80±2.33 0.98±1.77
fd sg , [−] 1 (0-10) - 0.62±0.28
α, [−] 1 (0-3) 1.64±0.65 1.30±0.65
β, [−] 0.05 (0-1) 0.08±0.13 0.17±0.22
N RMSD, [%] 7.13±2.87 1.29±0.29

Figure 4.1: Fit curve, diffuse (Ld sr (λ) + Ld sa(λ))/Ed (λ) and adjacency Ld sg (λ))/Ed (λ)
sky reflectance components, and residual spectrum Rr esi d (λ), derived from model opti-
mization to a Lsk y (λ)/Ed (λ) observation.

Figure 4.2: Mean absolute differences (standard deviation depicted as error bars) be-
tween modelled sky reflectance components in direction NNW and NNE
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the so-called red edge effect of vegetation (Horler et al., 1983). This effect was exploited

to compare model performance with, and without taking adjacency effects into account.

For the latter, RSS was minimized in the spectral region 400 to 680 nm (weighting vec-

tor W (λ> 680nm) = 0, 1 elsewhere) and fd sg = 0 (for all bounded parameters, see Table

4.1).

Figure 4.1 shows model fit results for a typical summer observation of Rsk y (λ) above

Paterswoldsemeer. The fit curve is almost indistinguishable from the Lsk y /Ed obser-

vation (normalized root-mean-square deviation NRMSD of 0.97 %), also in the near-

infrared (NIR) spectral bands above 680 nm where adjacency effects due to vegetation

are expected, and around the oxygen A-band rotational absorption lines near 762 nm.

Model optimization in the 400-680 nm spectral region and without correcting for ad-

jacency effects resulted in a NRMSD of 6.8 % (400-880 nm). However, Rayleigh- and

aerosol-scattered reflectance matches the Lsk y /Ed observation well up to approximately

680 nm, supporting that adjacency effects predominantly affected the NIR bands. Model

fits (with and without accounting for adjacency effects) were repeated for all sky re-

flectances in the data set, and parameter results are summarized in Table 4.1. Account-

ing for adjacency effects reduced average NRMSD more than five-fold. Variability of

fd sg suggests strong seasonality: in February, fd sg averaged lowest to 0.35±0.16 (NNE)

and 0.34±0.15 (NNW), compared to maximum values in June of 0.91±0.30 (NNE) and

0.87 ± 0.26 (NNW). Figure 4.2 shows that NNE- and NNW-pointing channels differed

more strongly in terms of Rayleigh- and aerosol contributions than adjacency effects.

The ratio Ld sg (λ)/[Ld sr (λ)+Ld sa(λ)] averaged 0.13± 0.14 and was less pronounced in

the visible spectral range (0.04 ± 0.01, 400-680 nm) compared to the NIR (0.26 ± 0.13,

680-880 nm). When compared to observed Rsk y (λ), directional reflectance differences

in the NIR averaged to 5.4±6.3% (adjacency) and 21.0±19.8% (Rayleigh- and aerosol-

scattered). Weak correlations were found between fd sr and fd sg (R2 < 0.20, p ¿ 0.05,

both directions), fd sa and fd sg (R2 < 0.07, p ¿ 0.05, both directions), and between view-

ing directions for fd sg (R2 = 0.42, p ¿ 0.05).

It is concluded that adjacency effects contributed to observed Rsk y (λ) a) dependent

on season and viewing angle, b) predominantly in the NIR, c) and weakly dependent on

Rayleigh- and aerosol-scattered reflectance.

Thus far, rg (λ) was approximated by scaling a constant vegetation reference albedo

from literature. From above, it is obvious that this scaling will be spatiotemporally vari-

able. We subsequently investigated whether rg (λ) was variable not only in magnitude

but also in spectral shape. Based on b), adjacency effects were ignored in a second

round of model fits that excluded the NIR spectral range. Corresponding residual spectra
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Rr esi d (λ),

Rr esi d (λ) = Lsk y (λ)

Ed (λ)
− Lm

s (λ)

E m
d (λ)

, (4.6)

over the complete spectral range (400-880 nm) were thus assumed to be exclusively

caused by adjacency effects. This assumption allowed to solve eq. (4.4) for ground

albedo rg (λ):

rg (λ) ≈ π

fd sg
× Rr esi d (λ)

rs (λ)
. (4.7)

Figure 4.3: Ground albeo rg (λ), derived from optimization residuals Rr esi d (λ). Refer-
ence ground albedo r Gr ass

g (λ) is plotted for visual comparison (scaled to match rg (λ)
peak height).

Equation 4.7 was applied to all Rr esi d (λ) to calculate rg (λ) for the whole data set.

Residual absorption features in derived rg (λ) due to modelling imperfections of water

vapour absorption (710 - 735 nm and 805 - 840 nm) and oxygen absorption (755 - 770

nm) were removed and linearly interpolated before smoothing with a Hamming window

of 50 nm width, while residuals due to comparatively weak and broad ozone absorption

were not corrected for. Derived rg (λ) also accounted for scaling effects, thus fd sg was

fixed to 1. Rr esi d (λ) may be negative for some bands, which would lead to negative val-

ues for rg (λ). Since no information about absolute reflectance contrasts was available,

rg (λ) spectra were shifted such that they became non-negative throughout the covered

spectral range. An example of resulting rg (λ) is depicted in Figure 4.3 and monthly aver-

ages are shown in Figure 4.4. Ground albedo magnitude followed the seasonal vegetation

cycle, with lower values in late autumn and early spring, and highest values in summer.

This resembles variability in fd sg that was derived from model optimization with a fixed

reference ground albedo. Mean rg (N I R) varied by 66.9 % (NNE) and 64.2 % (NNW) (rel-
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ative standard deviation). After removing scaling variability (division by mean), spectral

variability in rg (N I R) of 13.4±7.8 % (NNE) and 14.6±8.5 % (NNW) (mean relative stan-

dard deviation) remained. Mean rg (N I R) differed (absolute differences) between NNE

and NNW on average by 0.17±0.21 for individual observations, 0.12±0.15 for daily av-

erages, and 0.02±0.01 for monthly averages. Spectral shapes of derived ground albedo

generally resembled that of r Gr ass
g (λ), though with albedo peak wavelength migrating

from approximately 820 nm in spring and autumn to approximately 870 nm in summer.

In summary, short-term and seasonal variability in Rsk y (λ) due to adjacency effects

were dominated by amplitude rather than spectral variation. Adjacency effect direction-

ality is apparent from systematic amplitude differences in adjacency radiance towards

NNE and NNW, and is further indicated by weak correlations between fd sg for these di-

rections. Adjacency effects contributed primarily to the Rsk y (λ) variability in the NIR,

where accurate reflectance references are crucial for atmospheric correction and qual-

ity control of water-leaving radiance (Ruddick et al., 2006). These results support that

illumination conditions have a noticeable effect on apparent ground albedo, e.g. due to

inhomogeneous bidirectional reflectance distribution functions (BRDFs) of surround-

ing vegetation (Cui et al., 2015). Models for these complex interactions (e.g. Cui et al.,

2015) could augment approximated rg (λ) spectra, e.g. when adjacency effects are not

confined to the NIR or by providing realistic reflectance offsets. A spectrally constant

reference albedo (here: r Gr ass
g (λ)) is considered sufficient to model adjacency effects in

the context of correction for water surface reflections.

Combined directional variability of Rayleigh- and aerosol-scattered sky light and ad-

jacency effects averaged more than 26 % of observed Rsk y (λ) for the analysed data set in

the NIR. Wind-roughened water surfaces regularly reflect light also from outside the 45◦

azimuth difference range considered here (e.g Mobley, 1999, Figure 2). Because Rsk y (λ)

components have distinct spectral characteristics and vary independently throughout

the sky, a correction of Rr s (λ) with specular sky radiance (eq. 4.1) can introduce spec-

tral biases (Lee et al., 2010). Bio-optical modelling approaches already account for scalar

biases (Lee et al., 2010) or spectral offsets due to sun glint, and directional differences

in Rayleigh-, and aerosol-scattered components (Groetsch et al., 2017a). Adjacency ef-

fects may be resolved by adding Ld sg (λ)/Ed (λ) to these models, given a realistic spec-

tral approximation for adjacent ground albedo. Such a correction may also be relevant

for observations on open water where e.g. cyanobacterial surface scum, floating vege-

tation, or fronts, could introduce adjacency effects similar to land vegetation. Clouds

reflect more efficiently than air molecules and aerosols, and are thus likely to enhance

adjacency effects. Cloud cover is not treated by the GC90 model and thus results pre-
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sented here are limited to clear sky observations. Further research is encouraged to

remove this limitation. The presented approach allows automated probing of Rr s (λ)

data sets (that include sky radiance) for directional differences in adjacency effects, but

also Rayleigh- and aerosol-scattered sky light. For this purpose, we recommend to rou-

tinely measure Rsk y (λ) for a range of viewing directions. If Rsk y (λ) is only available in

the specular direction to the sea-viewing sensor, fit results for fd sg indicate the inten-

sity of adjacency effects. The minimisation procedure and all required modelling com-

ponents were implemented in Python and are publicly available under open license

LGPL (https://gitlab.com/pgroetsch/gc_adjacency). Affected observations, e.g. fd sg >

10 % of fd sr , should be flagged suspect until a suitable Rr s (λ) correction approach be-

comes available, especially in the context of atmospheric correction and vicarious cali-

bration/validation of satellite observations.
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Thirteen years of cyanobacterial summer bloom timing was derived from remote sensing

and ship-borne autonomous sampling systems (ferryboxes) in the Baltic Sea and found

to differ markedly for most years. Occasional periods of calm and warm weather are hy-

pothesized to cause these discrepancies in bloom timing by supporting vertical stratifica-

tion. Such conditions were estimated from environmental observations (sea surface tem-

perature, photosynthetically active radiation, and significant wave height). Weather con-

ditions and ferrybox chlorophyll-a concentrations were subjected to a logistic regression

to predict surface bloom occurrence as derived from remote sensing. For the 2008 sum-

mer bloom, remote sensing observations exhibit two distinct bloom maxima throughout

the season, while ferrybox measurements only resolve the first peak (R2 = 0.26, p < 0.01).

Bloom timing predicted from ferrybox and environmental observations is highly corre-

lated to remote sensing-derived timing (R2 = 0.82, p < 0.01), reproducing this bimodal

bloom behavior. The second bloom peak is interpreted as a low-biomass cyanobacte-

rial surface accumulation which is too shallow to reach the ferrybox sampling depth of

5 m. Ferrybox and environmental observations explain surface bloom timing signifi-

cantly better than ferrybox observations alone (multi-year average R2 = 0.62± 0.22 and

R2 = 0.22±0.13, respectively). For three years late-summer bloom probabilities were over-

estimated significantly, presumably due to nutrient-deplete conditions and erratic wind

patterns. Our results substantiate that a mechanistic understanding of potentially strat-

ified cyanobacterial bloom throughout all bloom phases is possible if remote sensing and

ferrybox observations, as well as environmental constraints are accounted for in the inter-

pretation.
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5.1. INTRODUCTION

The Baltic Sea exhibits annual spring and summer bloom events, occasionally followed

by winter bloom. Bloom succession and magnitude are important parameters to

monitor the effect of nutrient load reduction efforts (Bianchi and Engelhaupt, 2000;

Neumann et al., 2002) and are considered sensitive to influences of climate change

(Gnanadesikan and Anderson, 2009; Paerl and Huisman, 2009). Summer blooms in the

open Baltic Sea are often dominated by potentially toxic cyanobacterial species (Sivonen

and Kononen, 1989) that possess mechanisms for buoyancy regulation (Stal et al., 2003).

These mechanisms allow for a more efficient adaptation to light- or nutrient-limited

conditions, as compared to passive-tracer type of phytoplankton (Walsby et al., 1997).

Intensely stratified bloom with surface accumulations is regularly reported during sum-

mer months, especially for prevailing calm and warm conditions (Bresciani et al., 2013;

Lips and Lips, 2008). High water temperature (Kahru et al., 1993; Paerl and Huisman,

2008) and light level (Lips and Lips, 2008) at concurrent low wave-induced mixing

(Wynne et al., 2010, 2013), might therefore represent conditions favorable for vertically

stratified cyanobacterial bloom. These environmental conditions can be derived from

satellite-observed sea surface temperature (SST), modeled photosynthetically active

radiation (PAR), and modeled significant wave height (WAVE). Optical remote sensing

(RS) (Kahru and Elmgren, 2014; Kutser et al., 2006) as well as flow-through optical

sensors on ships-of-opportunity (ferryboxes, FB) (Ainsworth, 2008; Rantajärvi et al.,

2003; Seppälä et al., 2007) serve as complementary data sources and are valuable input

to assimilation schemes (e.g. Pulliainen, 2004; Vepsäläinen et al., 2005) to monitor and

predict occurrences of potentially harmful-algal-blooms (Hansson and Håkansson,

2007; Paerl et al., 2009), which can negatively affect economy, ecology, and public health

(Anderson, 1997; Anderson et al., 2002; Sellner et al., 2003).

Spatial coverage of RS is hampered by typically high cloud cover (Cole et al., 2012)

in the region, while transect-based FBes can operate under (almost) any weather condi-

tions. RS and FBes observe the blooming sea from different perspectives. FBes usually

sample at approximately 5 m depth, while RS observations represent the first optical

depth (Gordon and McCluney, 1974b). Surface-layer concentrations derived from RS re-

flectances are typically interpreted as a proxy for column-integrated biomass, which can

lead to severe over-estimation during stratified conditions (Kutser et al., 2008) if not ac-

counted for by vertical distribution models (e.g Curtarelli et al., 2015; Ostrowska et al.,

2007). Similarly, FB-derived concentrations are commonly considered to be column-

averaged by ship-induced mixing (Rantajärvi et al., 1998). However, for highly stratified

conditions column-integrated biomass derived from FB observations might be under-
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estimated (Groetsch et al., 2014b; Kanoshina et al., 2003). This contrasting behavior of

RS- and FB-derived observations during highly stratified bloom conditions complicates

a corroborative interpretation.

For this chapter, such discrepancies between summer bloom timing derived from

FB- and RS-observations were quantified for a 13-year time series along a transect in the

Gulf of Finland and the Northern Baltic Proper. It was examined whether environmen-

tal conditions (SST, PAR, WAVE) could enable a corroborative interpretation of RS- and

FB-derived bloom timing during potentially stratified Baltic Sea summer bloom periods.

For this purpose, a logistic model was established to estimate the impact of environmen-

tal conditions on remote sensing-derived surface bloom occurrence. Subsequently, FB

chlorophyll-a concentrations from approximately 5 m depth were added to the logistic

model. This allowed for a modulation of the ferrybox signal at depth with the prevailing

surfacing-bloom probability. Based on model predictions, a corroborative interpreta-

tion of RS- and FB-observations is presented for the 2008 summer bloom. For the other

years in the data set modeled surface bloom timing was statistically evaluated against

RS-derived timing.

5.2. MATERIALS AND METHODS

5.2.1. METEOROLOGICAL DATA

The ’GHRSST Level 4 AVHRR_OI Global Blended Sea Surface Temperature Analysis’

product served as a source for foundation sea surface temperature (SST) (Reynolds

et al., 2007). The daily product is available on a regular 0.25 ◦ grid. Significant height of

combined wind waves and swell (WAVE), and photosynthetically active radiation (PAR)

were derived from the ECMWF ERA-Interim reanalysis data set (Dee et al., 2011). The

data set is stored on a reduced Gaussian grid with a spatial resolution of 0.125 ◦ and the

atmospheric model underlying the ERA-interim calculations is resolved at 0.75 ◦. Daily

means of these parameters were used for all further calculations.

5.2.2. OCEAN COLOR REMOTE SENSING DATA

Multi-spectral satellite data may be used for monitoring of cyanobacterial bloom (e.g.

Kutser et al., 2006; Simis et al., 2007) and detection of cyanobacterial surface accumula-

tions (e.g. Hu et al., 2010; Matthews et al., 2012). Specific cyanobacterial pigment absorp-

tion features, and increased backscattering caused by gas vesicles or colony formation

are typically targeted by detection algorithms. Cyanobacterial species dominating Baltic

Sea summer bloom, such as Anabaena spp., Aphanizomenon flos-aquae and N. spumi-
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gena, are efficient scatterers (Metsamaa et al., 2006). Increased turbidity by sources other

than cyanobacteria might be neglected for open-sea observations. High total particle

backscattering bbp (555 nm) was used as a measure of cyanobacterial surface bloom ex-

istence, and was extracted from a data set provided by the Ocean Colour Climate Change

Initiative (OC-CCI). For this product, remote sensing reflectances had been derived from

the earth observation datasets MERIS L1b (3rd reprocessing), MODIS R2013.1 (L3) and

SeaWiFs (L1a R2010.0) and merged to a daily product of ≈ 4 km spatial resolution, avail-

able at the standard SeaWiFs wavelengths (412, 443, 490, 510, 555, 670 nm). Based on a

round-robin algorithm comparison (Brewin et al., 2015), the QAA algorithm (Lee et al.,

2002) was selected by the OC-CCI consortium to calculate total particle backscattering,

among other parameters. We retrieved bbp (555 nm) for the period 2000-2012 and the

Baltic Sea area via a THREDDS server provided by Plymouth Marine Laboratory. For

this analysis, backscattering intensity was converted to a binary flag thresholded at the

third quantile of all summer observations Q3 = 0.0140 m−1. This we consider as a robust

qualitative measure of surface bloom existence, regardless of the level of stratification.

5.2.3. ALGALINE ARCHIVE DATA

The in situ data in this study were collected by the Finnish Institute of Marine Research

and subsequently by the Finnish Environment Institute as part of the Alg@line network

of Baltic Sea ferryboxes. These systems were installed on two cargo vessels, the M/S

Finnpartner (2000-2006) and M/S Finnmaid (2007-2013), which commuted between

Travemünde (Germany) and Helsinki (Finland) as depicted in Figure 5.1. Here, only ob-

servations between latitude 58-60 ◦N are evaluated, which corresponds to the Gulf of

Finland and the Northern Baltic Proper.

The system has recorded in vivo fluorescence of chlorophyll-a (CHLa), salinity and

temperature during the whole study period (2000-2013). Phycocyanin (PC) pigment flu-

orescence as well as turbidity have been recorded from 2005 onwards. At typical cruis-

ing speed the sampling interval of 20 s resulted in a nominal spatial resolution of 200 m.

Further details on the instrumentation of the Algaline systems can be found in Leppänen

et al. (1994); Rantajärvi et al. (2003); Ruokanen et al. (2003); Seppälä et al. (2007).

Quality control flags were calculated based on auxiliary sensor readings (speed, flow

rate, temperatures) and constraints on data variability (lower and upper boundaries for

local standard deviation). Measurements at low (< 5 kn) or zero ship speed, as typically

collected in harbor, were disregarded.

A moving window mean filter of 25 observations (approximately 8.3 mi n) was ap-

plied to records of ship speed, and a filter of 100 observations (33.3 mi n) was applied to
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Figure 5.1: Transect of M/S Finnmaid and M/S Finnpartner through the Baltic Sea from
Travemünde (Germany) to Helsinki (Finland). This paper elaborates on the transect sub-
section in the shaded area (Gulf of Finland and Northern Baltic Proper).

flow rate and temperature records, to remove erroneous records, e.g. caused by instru-

ment communication errors.

Low flow rates can indicate blocked passages, pump failure, or leaks. Flow meter

readings were available for approximately one-third of all records. A proxy for flow dis-

ruption was obtained from the difference in ship-hull temperature and in-line tempera-

ture. Flow rates < 0.3 l/mi n or a temperature difference > 2 ◦C were used to flag records

as suspect.

Instrument failure or digitizing errors may lead to constant (’stuck’) values, which can

be detected by calculating standard deviation in a moving window procedure. This was

carried out for all CHLa and PC fluorescence measurements, turbidity, and GPS-derived

latitude. Observations corresponding to low standard deviations (σ < 1e−4) were disre-

garded. GPS-derived latitude was additionally filtered for exceptionally high variability

(σ > 0.5), caused by poor satellite reception. All further calculations were carried out

with the quality controlled data set.

A transect-wise normalization (division by transect mean) of CHLa fluorescence, was

carried out to compensate for changes in the instrumentation setup and data processing

over the years, as well as for changes in sensor gain due to contaminations, such as bio-

fouling.

Extensive sampling was carried out routinely by the technicians and scientists that
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maintained the ferrybox to resolve the rapid changes in quantum yield of fluorescence,

which is governed by species composition, nutrient, light and temperature levels, and

other factors. Typically every 5th transect up to 24 samples were collected and stored for

laboratory analysis of CHLa concentration, nutrient levels, and sporadic species counts.

Transect-normalized CHLa fluorescence was converted to CHLa concentration (in

mg /m3) in three steps. First, a linear regression (generalized least squares) of normal-

ized CHLa fluorescence to matching lab measurements of CHLa concentration was car-

ried out for each sampled transect. In a second step, the linear model was applied to

each sampled transect. The third step covered the transects for which no dedicated

bottle samples were collected. For each of these transects a linear model was applied

twice, using the regression parameters of the two neighboring sampled transects. These

two solutions were then interpolated linearly, weighted by their temporal distance to the

transect.

5.2.4. INTERPOLATION AND SMOOTHING

Gridded total particle backscattering bbp (555 nm) was smoothed with a three-day mov-

ing average filter (discarding missing values), prior to interpolation, to reduce the effect

of data gaps due to cloud cover. The remaining data sets were treated equally to enable a

comparison on equal grounds. Spatial and temporal interpolation was carried out on all

datasets to allow for comparison on a common grid. Gridded data sets (meteorological

and remote sensing) were interpolated with a 3r d -order spline interpolator, whereas for

the sparse Algaline data a linear nearest neighbor interpolation was applied. Daily aver-

ages were extracted from each data source every 0.01 degree latitude along the transect

depicted in figure 5.1.

5.2.5. STATISTICAL ANALYSIS

Two sets of parameters, ENV and ENV+FB (ENV: SST, WAVE, PAR), were related to the RS-

derived surfacing bloom flag (BLOOM), by means of a maximum likelihood estimation

for model coefficients β0, ...,βn of a logistic model P :

P =
[

1+exp
[−(β0 +β1 · x1 + ...+βn · xn)

]]−1
, (5.1)

with x1, ..., xn representing the parameters in ENV and ENV+FB, and a total observation

count of N = 233964. These models were then used to calculate surfacing bloom proba-

bilities, as depicted in figure 5.2. Wind speed and average cloud cover had been consid-

ered in an initial model run but added less explanatory power to the model than WAVE
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and PAR. Multivariate adaptive regression splines (MARS) were fitted to the data set to

estimate influences of higher-order effects and interactions between the explanatory

variables. A second-order MARS model performed consistently slightly better than the

conceptually simplistic logistic model, for both parameter sets (results not presented).

For operational purposes such more sophisticated, non-linear models might allow for

most accurate predictions, while the logistic model brought forward here allows for an

intuitive interpretation of the results: the exponentiated regression coefficients can be

interpreted as the change in odds for surface bloom appearance, given a one-unit in-

crease of the respective variable. The statistical assessment was carried out on spatial

averages of the predicted bloom probabilites, representing bloom timing in the studied

area. The calculations were carried out in Python with the logistic regression models

built into StatsModels (http://statsmodels.sourceforge.net/).

Figure 5.2: Processing scheme. The surface bloom occurrence (BLOOM) is defined as
the third quartile of all remotely sensed observations Q3(RS) = 0.0140m−1. FB observa-
tions are added to the regression in a second step, indicated by brackets.

5.3. RESULTS
Bloom timing and spatial extent differ only slightly for the bloom development phase in

June 2008, when derived from RS and FB observations (figure 5.3 and figure 5.4, lower

right panel). While FB observations peak mid-July, the RS-peak is delayed until end-July.

Early in August RS observations drop to pre-bloom values, while FB measurements re-

main high. Figure 5.4 depicts WAVE, SST, PAR and FB observations. Wave heights below

1.5 m, constantly high PAR, and rising SST throughout end-June to beginning of August
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coincide with the bloom extent observed by RS and FB. Exceptionally calm weather char-

acterizes the period of approximately 20 July to 3 August: very low wave heights (WAVE

< 0.5 m), high water surface temperatures (SST > 17 ◦C ) at high radiation levels (PAR >
25 W m−2) prevail. After 3 August, wave heights resume to higher levels, coincident with

a decrease of SST and PAR.

Figure 5.3: Remote (RS) sensing derived total particulate backscattering at 555 nm
bbp (555nm) along the transect depicted in figure 5.1 for the 2008 summer bloom period.

After optimization of the logistic models, all input parameters added significantly to

the explained variability of the RS-based bloom flag, on the 0.01 level of significance,

with z-values above |z| > 32 and the p-value for the log-likelihood ratio less than 0.01 for

both models. Table 5.1 lists the exponentiated regression coefficients exp(β0), ...,exp(βn)

and their confidence intervals.

The large-scale spatial patterns (figure 5.5) of both modeled probability maps resem-

ble those of RS observations (see figure 5.3). The dissipation of surface accumulations

beginning of August coincides with a prominent drop in surface bloom probabilities.

Small scale spatial patterns observed by RS are not represented in the probability map

based purely on environmental conditions (5.5, left panel); the probability distribution

that involves FB observations (right panel) is spatially more distinct.

Two bloom peaks can be observed in the normalized spatial averages (normalized

with standard scores) of RS- and FB observations and the modeled bloom probabilities

(figure 5.6). The first peak (beginning of July) is captured by both RS and FB observations.

The second (end of July), is the dominant peak of RS measurements and is not registered

by FB observations at 5 m depth. Both bloom-probability distributions resemble this

bimodal behavior perceived by RS. When FB observations are included in the regression

analysis, the bloom probability remains high throughout July, with a slight emphasis on
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Figure 5.4: Daily means of significant height of sea surface temperature (SST) from the
GHRSST Level 4 AVHRR_OI globally blended data set, photosynthetically active radia-
tion (PAR), combined wind waves and swell (WAVE) from the ECMWF ERA-interim re-
analysis data set, and ferrybox-derived (FB) chlorophyll-a, along the transect depicted
in figure 5.1 for the 2008 summer bloom period.

Table 5.1: Exponentiated model coefficients exp(β0), ...,exp(βn) and confidence inter-
vals (1% significance level) resulting from a logistic regression of environmental param-
eters ENV (sea surface temperature (SST), photosynthetically active radiation (PAR), and
significant height of combined wind waves and swell (WAVE)) against remote sensing-
derived surface bloom. In a second regression, ferrybox chlorophyll-a (FB) is added as
an explanatory variable (ENV+FB). The exponentiated coefficients can be interpreted as
the change in odds of surface bloom after a one-unit increase of a parameter, with all
other parameters kept constant. For example, PAR(ENV)=1.10 indicates that an increase
of PAR by 1 W /m2 increases the chance for surface bloom by 10%.

ENV ENV+FB

Intercept 0.00 ± 0.00 0.00 ± 0.00
SST [◦C ] 1.40 ± 0.01 1.40 ± 0.01
PAR [W /m2] 1.10 ± 0.00 1.11 ± 0.00
WAVE [m] 0.58 ± 0.03 0.51 ± 0.02
FB [mg /m3] - 1.68 ± 0.01
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Figure 5.5: Surface bloom probabilities in percent derived from environmental condi-
tions (ENV) alone, and from ENV and ferrybox observations (ENV+FB), along the tran-
sect depicted in figure 5.1 for the 2008 summer bloom period.

the beginning-July peak.

In figure 5.7 squared Pearson’s correlation coefficients are listed for linear regressions

(OLS) of daily-averaged model results against RS observations (analogous to figure 5.6,

without smoothing). The bloom probabilities based on SST, PAR and WAVE (ENV), are

highly correlated with RS (R2 > 0.5), except for 2002, 2007 and 2009. Regression with

FB observations (ENV+FB) improves the correlation for most years, especially in 2007

(∆R2 = 0.33). The correlation of FB- with RS observations exceeds R2 = 0.3 only in 2010

(R2 = 0.55). The exceptionally weak correlation in 2003 resulted from only few FB ob-

servations recorded that summer bloom period. All regressions were statistically signifi-

cant, on the 5 %-level, except for FB vs. RS regression of 2001.

5.4. DISCUSSION AND CONCLUSIONS

The derived logistic regression parameters support the initial assumption that

cyanobacterial summer surface bloom stives under calm and warm weather conditions.

Strong stratification can lead to discrepancies in bloom timing as derived from RS and

FB observations. Consistently low correlations between RS- and FB-derived bloom

timing support this interpretation. The odds for surface bloom with a one-unit increase

in SST, PAR and WAVE remained approximately constant with the addition of FB obser-

vations to the regression, while an increase of FB-derived chlorophyll-a by 1 mg /m3

caused a 68 % increase in surfacing bloom-probability. The combined prediction model

(ENV + FB) might therefore be interpreted as a modulation of the ferrybox signal at 5 m

depth with the prevailing surface bloom-probability.

Spatial resolution of environmental observations is low in comparison to FB
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Figure 5.6: Bloom timing derived from ferrybox (FB) and remote sensing (RS), as well
as surface bloom probabilities derived from environmental conditions (ENV) alone, and
from ENV and FB observations, along the transect depicted in figure 5.1 for the 2008
summer bloom period. Each time series is normalized (standard score) and smoothed
(14-days moving average filter) to enable visual comparison.

Figure 5.7: Squared Pearson correlation coefficients (R2) for linear regressions of daily-
averaged remotely sensed (RS) backscattering against ferrybox (FB) measurements and
surface bloom probabilities derived from environmental conditions (ENV) alone, and
from ENV and FB observations (ENV+FB). The dashed line indicates R2 = 0.5.
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chlorophyll-a (figure 5.4). Consequently, surface bloom predictions gain significantly

in spatial detail by the addition of FB observations to the prediction model (figure

5.5). In contrast, the temporal domain is better resolved by environmental than by

FB observations. The cargo-ships carrying FB systems on the route depicted in figure

5.1 have a typical revisit time of three days, while environmental parameters were

extrapolated from data sets stored at 6-24 h resolution. Here, we focused exclusively on

the temporal aspect, which might explain why the logistic model performance improved

only relatively little by the addition of FB observations (figure 5.7). Any spatially explicit

application will likely benefit significantly incorporating FB signals, highly-resolved SST

observations, or region-specific WAVE and PAR models.

In 2002 and 2009 the predictions are only weakly correlated with RS observations

(figure 5.7). For both summers, intense surface bloom in July was followed by prevailing

calm weather during mid- to end-August (results not shown). Nutrient-deplete condi-

tions and decreasing average light levels might have hampered cell growth, despite high

predicted bloom probabilities due to calm weather. Including nutrient information in

the regression might help to capture such conditions, although nutrient levels are usu-

ally sampled rather sparsely. During the summer of 2007 frequent high-wave events

disturbed surface bloom accumulation in July and caused patchy bloom patterns that

could not be adequately resolved by the considered environmental parameters (results

not shown). Such erratic forcing patters might be resolvable if FB obsevations were avail-

able at a higher temporal resolution, e.g in regions where several FB transects are sailed

per day.

In the summer of 2008, relatively calm weather prevailed for several weeks, yet espe-

cially calm periods end of June and end of July seem to have amplified bloom intensity

as observed with RS and predicted from SST, PAR and WAVE. However, only the first peak

beginning of July was observed also by FB at a depth of approximately 5 m. These ob-

servations indicate that the vertically integrated biomass peaked beginning of July, while

the second peak merely represented a shallow layer of (re-)surfacing cyanobacteria. This

situation was similarly observed for several years (results not shown). Based on com-

parable observations in the Gulf of Finland Kanoshina et al. (2003) concluded that FB

systems might be most suitable to resolve bloom formation, while subsequent poten-

tially stratified bloom phases are better resolved by RS. For most years in the analyzed

data set, the environmental parameter-based model predictions correlate well with RS

observations (figure 5.7). This indicates that variability observed with RS is related to me-

teorological forcing patterns. This adds to the findings of Ueyama and Monger (2005),

who attributed bloom patterns derived from RS to wind-induced mixing in the North
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Atlantic. The presented models may serve as proxies for vertical bloom distribution and

therefore also for phytoplankton biomass and underwater light climate. These param-

eters are valuable input to models of biogeochemical cycles and could lead to a better

understanding of the impact of potentially stratified bloom on ecology and economy, as

well as climate change. However, for reliable predictions into the future, model parame-

ter calibration should be carried out on longer time series that allow for model evaluation

on a sample set that is different from the training data set.

Our results demonstrate that a holistic interpretation of cyanobacterial bloom tim-

ing throughout all bloom phases is possible if RS and FB observations, as well as envi-

ronmental constraints are taken into account.
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Cyanobacterial bloom detection from flow-through optical sensors on ships-of-

opportunity (’ferryboxes’) is challenging in periods of strong stratification and due

to varying cell physiology and phytoplankton community composition. Wavelet coher-

ence analysis between ferrybox parameters (chlorophyll-a fluorescence, phycocyanin

fluorescence, turbidity) was used to delineate blooms in a dataset of ten ferrybox transects,

recorded during the 2005 cyanobacterial bloom season in the Baltic Sea. Independent

wind speed and sea-surface temperature data were used to classify areas of cyanobacterial

dominance as mixed, stratified, or surfacing bloom. These classified subsets of ferrybox

observations were compared against remotely sensed chlorophyll-a concentrations, which

resulted in a scheme for the interpretation of surface water phytoplankton biomass from

multi-source observations. Ferrybox optical signals were significantly coherent from the

onset until the end of the cyanobacterial bloom period under both stratified and mixed

conditions. This suggests that the coherence analysis is sensitive to high-level community

composition. Strongly stratified and suspected surfacing bloom was associated with

unrealistically high remotely sensed chlorophyll-a estimates, indicating the need to

flag stratified bloom areas when interpreting remote sensing imagery. The ferrybox

fluorescence and turbidity signals at the 5-m sampling depth were, paradoxically, low

under these conditions, suggesting that direct comparison between remote sensing and

flow-through observations is not useful for stratified blooms. Correlations between

ferrybox measurements and remotely sensed observations improved consistently when

stratified or surfacing cyanobacterial bloom was excluded from the regression. It is

discussed how coherence analysis of ferrybox observations can aid the interpretation of

remotely sensed data in situations where meteorological observations suggest incomplete

vertical mixing.
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6.1. INTRODUCTION

Detection and quantification of phytoplankton blooms is essential to understand their

role in biogeochemical cycling and to manage the economical and health impacts of

harmful species (Anderson, 1997; Carstensen et al., 2004). Increase in bloom duration

and intensity can indicate eutrophication (Anderson et al., 2002; Hallegraeff, 1993;

Heisler et al., 2008) and is increasingly used in the context of climate change research

(e.g. Gnanadesikan and Anderson, 2009; Paerl and Huisman, 2009). Blooms are a target

for monitoring due to potential accumulation of toxin-producing species and their

ecosystem-destabilizing effects (Hansson and Håkansson, 2007). Reliable observations

of phytoplankton blooms with high spatiotemporal coverage are prerequisite to pro-

duce bloom metrics. Remote sensing techniques have been successfully applied in this

context in the open oceans, whereas the optical complexity of coastal waters calls for a

combined use of remote sensing and in situ observation techniques. The high spatial

and temporal resolution of in situ measurements with flow-through optical sensors

on ships-of-opportunity (’ferryboxes’) theoretically supports assimilation with optical

remote sensing measurements. The resulting synoptic information is essential for

coastal management and risk assessment (Pulliainen, 2004; Vepsäläinen et al., 2005).

Fluorescence from the main photosynthetic pigment chlorophyll-a (CHLa) is the

most common biological parameter measured from ferryboxes and is used as a proxy

for phytoplankton biomass (Campbell and Hurry, 1998; Kiefer, 1973). Fluorescence ob-

servations are non-ideal proxies of surface water phytoplankton biomass, due to cell

physiological variability (nutrient and light adaptation, including diurnal cycles), as well

as variable phytoplankton group composition (Campbell and Hurry, 1998). Ferrybox

parameters may be calibrated against bottle samples analysed in the laboratory, to over-

come some of this variability. Such procedures may or may not reconcile the funda-

mentally different optical signals measured with fluorescence sensors at the ferrybox in-

take depth (3-5 m) and remotely sensed reflectance (representing the first optical depth,

(Gordon and McCluney, 1974b)). As long as the mixing depth exceeds the first optical

depth both, remotely sensed and ferrybox observations of phytoplankton biomass, can

be seen as representative of surface layer processes. However, the variable response be-

tween remote and in situ optical sensors of choice must be taken into account in moni-

toring practises, particularly in situations where steep vertical gradients in light and nu-

trient availability are expected, such as is the case during phytoplankton bloom.

Some of the clearest examples of discrepancies between in situ and remotely sensed

observations are for blooms of motile or buoyant cyanobacterial species (Walsby et al.,

1997) under prevalent calm wind conditions (Kanoshina et al., 2003; Wynne et al., 2010).
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Ship-induced mixing may or may not break such stratified layers (Kanoshina et al., 2003),

whereas remote sensing observations will always represent the first optical depth. Op-

tical remote sensing does not provide information about the degree of vertical mixing,

hence algorithms for the retrieval of water constituent concentrations from remote sens-

ing imagery assume vertically mixed water columns. Kutser et al. (2008) simulated re-

mote sensing reflectance for various concentration-depth profiles found under bloom

conditions, concluding that large errors in the concentration retrieval can result from

the wrong assumption of mixing depth. Therefore, neither remote sensing nor ferry-

box observations are expected to yield consistently reliable estimates of cyanobacterial

biomass in highly stratified situations. Consequently, unknown mixing conditions are

accepted as a source of uncertainty in most approaches for the assimilation of ferrybox

and remote sensing data (e.g. Pulliainen, 2004).

In this study, we explore the spatial variability of high-frequency ferrybox optical sig-

nals as a means to identify cyanobacteria-dominated sections of ferrybox transects. We

hypothesize that coherence between signals will be less sensitive to stratification com-

pared to the interpretation of signal magnitude as an indicator for bloom conditions.

Including signal coherence and stratification in the interpretation and assimilation of

multi-source observation data can then lead to more robust monitoring practises.

In the last decade, Baltic Sea ferrybox systems have been increasingly equipped with

PC fluorescence sensors to record regularly occurring cyanobacterial summer blooms

(Kahru et al., 2007). Seppälä et al. (2007) observed that a combination of PC and CHLa

fluorescence serves as a better proxy of extracted CHLa than CHLa fluorescence alone,

due to the different expression of CHLa fluorescence in cyanobacteria compared to al-

gae (Johnsen and Sakshaug, 1996). Hence, CHLa fluorescence and PC fluorescence are

expected to vary coherently in cyanobacterial blooms. Bloom-forming cyanobacteria

are often efficient light scatterers (colony formation, gas vesicles), so signal coherence

between turbidity (a light scattering measurement) and PC fluorescence may also be ex-

pected under bloom conditions.

To determine spatial coherence in transect data we must look beyond analytical tech-

niques that determine the correlation between two stationary signals whose statistical

parameters such as mean or variance do not change in time or space. Here, we se-

lect wavelet coherence analysis to overcome this restriction and to simultaneously re-

solve changes in the coherence between signals in the spatial dimension. Wavelet co-

herence is based on continuous wavelet transform (CWT), an analytical technique that

resolves changes in the frequency distribution of a given signal. In a wavelet coherence

analysis, two wavelet-transformed signals are compared, exposing locations and scales
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of coherent variation. In contrast to short-time Fourier transform or windowed cross-

correlation, CWT and wavelet coherence require no arbitrary choice for window sizes

and associated spatial/temporal resolution. CWT has been used independently and in

conjunction with wavelet coherence analysis to examine frequency and scaling prop-

erties of non-stationary data in various disciplines, including phytoplankton ecology

(Blauw et al., 2012) and water remote sensing (Ampe et al., 2014).

The present study applies wavelet coherence analysis to ferrybox data from the sum-

mer bloom period of 2005 in the Baltic Sea, when frequent surfacing of cyanobacte-

ria biomass was observed. Ferrybox fluorescence of CHLa and PC, as well as turbidity

are submitted to wavelet coherence analysis. Sea-surface temperature (SST) and wind

speed are used as independent indicators of potentially stratified conditions. Kahru

et al. (1993) previously demonstrated that elevated SST can be associated with surface-

accumulated cyanobacteria, while George and Edwards (1976); Hunter et al. (2008) and

Wynne et al. (2010) found that wind-induced mixing dissipates stratified surface layers

for wind speeds exceeding 4 - 7.7 ms−1 .

Following the wavelet coherence interpretation of ferrybox transect data, we asses

whether the method provides a consistent delineation of the cyanobacterial bloom. Au-

tomated platforms on ships-of-opportunity do not provide the means for independent

validation of mixing depth, and offer only sparse documentation of community com-

position. Hence, we focus on a corroborating interpretation of the seasonal succession

of the phytoplankton from ferrybox and meteorological observations. Further evidence

of an improved interpretation is sought by comparing the bloom-delineated transects

against CHLa interpreted from remote sensing imagery of the area, treating stratified

and surfacing bloom areas separately from well-mixed situations.

The presented scheme is intended to improve exploitation of remote and in situ ob-

servation sources to provide better estimates of column biomass for models of primary

production, (surface) bloom occurrence for risk assessment, as well as mixing depth for

the interpretation of spatiotemporal trends in observed biomass.

6.2. MATERIALS AND METHODS

6.2.1. INPUT DATA

Average wind speed (longitudinal and latitudinal components) and sea surface temper-

ature were extracted from the ECMWF Interim Reanalysis archives (Dee et al., 2011) for

the period 20 June until 31 July 2005, along the ferrybox transect in Figure 6.1 and plotted

in Figure 6.2. These data were stored on a reduced Gaussian grid with a spatial resolu-
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tion of 0.75 deg (≈ 83 km) and a temporal resolution of six hours (12 am, 6 am, 12 pm

and 6 pm UTC). Spatio-temporal interpolation was carried out to match the resolution

of the in situ data and to avoid discontinuities when extracting the variables along the

ferry transect. For both spatial and temporal interpolation a bivariate 5th-order spline

was used. Absolute wind speeds were calculated from the longitudinal and latitudinal

components.

Figure 6.1: Route of M/S Finnpartner from Travemünde (Germany) to Helsinki (Fin-
land). Black bar-markers are drawn every 100 km along the transect.

The in situ data used in this study were collected from the Alg@line network of Baltic

Sea ferryboxes, from the route sailed by the cargo vessel M/S Finnpartner, which com-

muted between Travemünde (Germany) and Helsinki (Finland) as depicted in Figure 6.1.

Twelve transects were recorded on that transect in the period 23 June to 27 July 2005, two

of which were omitted due to failure of one of the instruments. The system recorded in

vivo fluorescence of CHLa and PC pigments as well as turbidity, salinity and tempera-

ture. Details about the instrumentation of the the Alg@line systems are given in (Lep-

pänen et al., 1994; Rantajärvi et al., 2003; Ruokanen et al., 2003; Seppälä et al., 2007). A

sampling interval of 20 s resulted in a nominal spatial resolution of 200 m, depending

on ship speed. Uncalibrated fluorescence values were used for the analysis because the

calibration against laboratory extracts (e.g. multiplication by a constant and adding an

offset) would not influence the variability of the signal and therefore the wavelet coher-

ence results.

MEdium Resolution Imaging Spectrometer (MERIS) FR L1b data (3r d reprocessing,

IPF6.0, MEGS8) with a nominal spatial resolution of 300 m were processed to CHLa
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Figure 6.2: ECMWF Interim Reanalysis full resolution absolute wind speed (top panel)
and sea surface temperature (bottom panel) along the transect in Figure 6.1. The dis-
tance is measured from Travemünde, Germany (0 km) to Helsinki, Finland (1091 km)
and the dates (MM-DD) refer to 2005. The vertical black and grey lines mark the remote
sensing scene date/time and the tilted black and grey lines indicate the ship transects.
Black line color indicates a in situ-remote sensing match-up.

concentrations using the WeW/FUB algorithm (Schroeder and Behnert, 2007; Schroeder

et al., 2007), which is integrated in VISAT BEAM (V. 4.11). This algorithm is commonly

used for operational monitoring of cyanobacteria in the Baltic Sea region and was val-

idated with Baltic Sea data sets (Kratzer et al., 2008; Stelzer et al., 2008). WeW/FUB re-

lies on a neural network, which regards the atmosphere and the water column as one

physical system and therefore solves the atmospheric correction and water constituent

retrieval simultaneously. CHLa concentrations along the transect in Figure 6.1 were ex-

tracted from the satellite image (data shown in the last panel of Figure 6.3). Gaussian

blur (σ=0.5) was applied to the image prior to the transect extraction to avoid aliasing ef-

fects and the flags provided by the WeW/FUB algorithm were used to mask invalid pixels.

The ferrybox data sets covered the transect with typically 6000-7000 observations. These,

and the extracted remote sensing observations were linearly interpolated to a common

length of 10000 data points to facilitate data handling and comparison efforts.

6.2.2. WAVELET ANALYSIS

Continuous wavelet transform (CWT) translates temporal or spatial data into the

wavelet domain. Conceptually CWT is similar to a Fourier series where a signal is

decomposed into sines and cosines. However, in the wavelet domain the signal is
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Figure 6.3: Measurements of ferrybox (IS) CHLa fluorescence, PC fluorescence, turbidity
and remote sensing (RS) CHLa concentration. All measurements were collected along
the transect in Figure 6.1. See Figure 6.2 for further information on distance and dates.
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expressed with scaled and translated versions of a mother-wavelet. Other than sine and

cosine, mother-wavelets are localized functions and thus changes in scaling properties

within a data set can be resolved (Torrence and Compo, 1998). We used the Morlet

mother-wavelet because its resolution of scale and location are approximately equal

(Maraun and Kurths, 2004). Here, CWT is applied to spatial data and thus we refer to

the wavelet domain as resolved both in scale and location. After the transformation, we

applied an extension of wavelet analysis - wavelet coherence transform (WCT) (Maraun

et al., 2007; Torrence and Webster, 1999) - to pairs of ferrybox data (CHLa fluorescence ,

PC fluorescence, turbidity) to resolve locations and scales of coherent variation.

Convolution of the signals with scaled and translated versions of the mother-wavelet

was carried out in Fourier space, using discrete fast Fourier transform (DFFT). The fi-

nite length of the data sets would have caused edge effects when calculating the DFFT,

which was mitigated by zero-padding the signal to a length of the next power of two.

The effect of this procedure to the wavelet transform can be noticed within the cone

of influence (COI). Outside the COI, discontinuities at the edges are contributing to the

wavelet-transformed signal by less than a factor e−2 (two e-folding length), and can be

considered negligible (Torrence and Compo, 1998). For the Morlet mother-wavelet, the

two e-folding length at wavelet-scale s is
p

2s. Wavelet coherence was assumed signifi-

cant if the coherence was higher, on the 95 % significance level, than that between two

random data sets with the same statistical properties. These red-noise data sets were

calculated with Monte Carlo simulations, using an autoregressive AR1 model (Torrence

and Compo, 1998).

All calculations were carried out according to the recommendations by Torrence and

Compo (1998), with the routines described by Grinsted (2004), who also implemented

the functionality as a freely available (non-profit use) Matlab (The Mathworks) module.

The open-source package ’PiWavelet’ (Pereira, 2014) offers an easy-to-use implementa-

tion of these routines for Python and is used here. For a full theoretical treatment of

wavelet analysis we refer to Daubechies (1992).

6.2.3. BLOOM DETECTION AND CLASSIFICATION SCHEME

Wavelet coherence transforms (WCT) between all ferrybox parameter combinations (PC

fluorescence and CHLa fluorescence: ’PC-CHLa coherence’, CHLa fluorescence and tur-

bidity: ’CHLa-turbidity coherence’, PC fluorescence and turbidity: ’PC-turbidity coher-

ence’) were calculated and averaged over wavelet scales 40 to 60, which corresponds to

distances of 20.2 to 64.0 km with a COI ranging from 57 to 85 km. For our data set,

smaller scales tend to be affected by noise, whereas larger scales are spatially not suf-
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ficiently resolved to be useful in the context of bloom delineation. We note that the

optimal range for the wavelet scale lies in the range where signal coherence can be de-

tected, which need not bear relevance to the spatial extent of phytoplankton bloom. The

bloom detection scheme is based only on the parameter combinations that include PC

fluorescence, to ensure that cyanobacterial blooms rather than blooms of highly scat-

tering algae are detected. Significant PC-CHLa and PC-turbidity coherence, on the 95

% significance level and at wavelet scales 40 - 60 outside the COI, classify a potentially

cyanobacteria dominated section (’cyano’). Wind speed and SST are used to delineate

conditions that could lead to or indicate near-surface stratification along the ferrybox

transects. Wind speeds ≥ 6 m/s are assumed to lead to mixed conditions (’mixed’) even

when strongly buoyant cells are present. Situations with wind speed ≤ 6 m/s are consid-

ered potentially stratified (’stratified’). If, in addition, SST exceeds the transect average

by more than 0.75 ◦C , surface accumulations are likely (’floating’). In section 6.4, we

further elaborate on these specific choices and thresholds.

6.3. RESULTS
We first present the temporal and spatial trends in the ferrybox, remote sensing and

weather observations, followed by the results of the cyanobacterial bloom detection and

stratification classification. In section 6.3.3 we compare in situ and matching remote

sensing observations for stratified and mixed bloom conditions.

6.3.1. TEMPORAL AND SPATIAL TRENDS

Relatively high average wind speeds were observed in the beginning and at the end of

the study period, while low wind speed prevailed during the weeks in between (Figure

6.2, top panel). SST increased from 15 - 18 ◦C at the start of the study period to 19 - 21 ◦C

during mid-July, then decreased to 17 - 19 ◦C towards the end of July (Figure 6.2, bottom

panel).

Transect averages of ferrybox (IS) and remotely sensed (RS) variables are plotted for

the study period in Figure 6.4. PC peaked in early July, whereas CHLa(IS) shows relatively

low values from early July through mid-July. An approximately inverse temporal rela-

tionship observed between CHLa(IS) and PC suggests that the community composition

changed towards cyanobacterial dominance during July. CHLa(RS) and turbidity peaked

mid-July. Water samples were collected along several transects and analysed for CHLa

concentration. These ranged from 2 ± 1 mg /m3 during end of June to 6 ± 3 mg /m3 early

July and 5 ± 2 mg /m3 during the second half of July.

The spatial distributions of the recorded CHLa fluorescence, PC fluorescence, tur-
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Figure 6.4: Normalized transect averages of ferrybox in situ (IS) observations (CHLa flu-
orescence, PC fluorescence, turbidity) and CHLa concentrations from remote sensing
(RS), plotted as a function of time.

bidity and remotely sensed CHLa concentration are shown in Figure 6.3. CHLa fluores-

cence was high in the area 800 - 950 km for the four transects sailed from 23 June to 1

July, henceforth referred to as ’late-June CHLa peak’. This peak is not apparent from PC

fluorescence, turbidity or remotely sensed CHLa concentrations. The later transects do

not show similar consecutive sections of high CHLa fluorescence, although the 13 and

25 July transects contain short sections of high fluorescence around 450 - 600 and 700 -

900 km from Travemünde, respectively. PC fluorescence exhibited a very different distri-

bution. The transects on 1 and 5 July show high PC fluorescence signals over the entire

northern part, but infrequent high fluorescence in transects 11 until 17 July. Turbidity

resembled the patterns observed in the PC fluorescence measurements. The highest re-

motely sensed CHLa concentrations (> 115 mg /m3) were observed in scenes 10, 11, 14

and 19 July.

6.3.2. CYANOBACTERIAL BLOOM DETECTION AND CLASSIFICATION

Figure 6.5 shows the results of the wavelet coherence analysis for the in situ observations

of CHLa fluorescence, PC fluorescence and turbidity along the transect in Figure 6.1.

All WCT plots show consecutive stretches of high coherence in the period 5 - 25 July
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between approximately 350 - 950 km, with isolated sections of high coherence outside

this area. Coherence close the the edges of the transect, and therefore within the cone

of influence (COI, ranging 57 to 85 km from the edges), should be interpreted with care.

For example, close to the harbour of Helsinki coherences are generally high, which might

be caused by edge effects. In this particular case, however, CHLa(IS) and turbidity were

both elevated, indicating high biomass. The COI areas are conservatively excluded from

the bloom classification scheme in our analysis. In the supplement to this paper, the full

scale information is given for each coherence product, which also includes the COI at

each scale.

Figure 6.6 depicts the result of the bloom classification scheme (see section 6.2.3),

applied to the coherence transforms from all transects outside of the COI. Transects 5 to

25 July were classified as ’cyano’ from approximately 350 to 950 km distance and pre-

dominantly flagged as ’stratified’ or ’floating’. Outside this area, very few and short sec-

tions were classified as cyanobacteria dominated. Transect 13 July was flagged as ’mixed’

from approximately 350 to 600 km with a subsequent stretch of floating cyanobacteria

from approximately 650 to 800 km. Transect 11 July was also marked as floating from

approximately 675 to 850 km.

6.3.3. CORRELATION BETWEEN IN SITU AND REMOTE SENSING OBSERVA-

TIONS

Multiple linear (generalized least squares) regression of remotely sensed CHLa concen-

trations against in situ observations (CHLa fluorescence, PC fluorescence, turbidity) was

carried out for various subsets (Table 6.1). Only data sets collected when the satellite

overpass was concurrent with ferrybox observations were evaluated. Four matching

data sets are indicated with black lines in Figure 6.2. M/S Finnpartner sailed the dis-

tance of 1091 km in typically 30 h, resulting in a maximal time difference of 22 h be-

tween the observations. The correlations for unmasked transects (’all’) was stronger for

the pre-bloom scenes 6 and 28 June than for the bloom scenes 6 and 14 July. Subsets

characterized as ’mixed’ consistently yielded higher coefficients of determination (R2)

than stratified subsets. Similarly, sections characterized as ’non-cyano’ show stronger

correlations than cyanobacteria-dominated sections. By excluding stratified (including

floating) cyanobacteria dominated sections from the analysis (’non-(cyano+strat)’), R2

for all match-ups either remained constant or improved by up to 0.32 (14 July).

The match-up of transect 13 July with the remote sensing scene 14 July stands out

in the result set because this scene captured the bloom peak and allows comparison of

mixed and stratified conditions. A summary of all available information for this match-
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Figure 6.5: Wavelet coherence between PC fluorescence and CHLa fluorescence (top
panel), PC fluorescence and turbidity (middle panel) and CHLa fluorescence and tur-
bidity (bottom panel) for all analyzed transects. Coherence on wavelet scales from 40 to
60 (corresponds to distances of 20.2 to 64.0 km) were averaged. The 95 % significance
level varies between 0.70 and 0.72 for all of these scales. See Figure 6.2 for further infor-
mation on distance and dates.
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Figure 6.6: Bloom classification. Stratification conditions are marked as: mixed (light
blue), stratified (yellow) and floating (red). Flags within the cone of influence (COI, see
section 6.2.2) are omited. See Figure 6.2 for further information on distance and dates.

Table 6.1: Coefficients of determination (R2) from a multiple regression (generalized
least squares) of remotely sensed CHLa against in situ observations (CHLa fluorescence,
PC fluorescence, turbidity) for all match-ups. The first row indicates the dates of satellite
overpass (MM-DD in 2005). Figure 6.2 shows match-up times and locations. Different
masks were applied: ’all’ (no mask), ’mixed’ (only vertically mixed water columns), ’strat’
(only stratified or floating conditions), ’cyano’ (only sections classified as cyanobacteria
dominated), and combinations thereof. In brackets the number of observations for each
mask is indicated. The p-value of the F-statistics for all correlations is < 0.05.

06-24 06-28 07-06 07-14
all 0.63 (8066) 0.55 (7365) 0.48 (6891) 0.36 (7419)
mixed 0.79 (3458) 0.70 (3691) - 0.66 (2668)
strat 0.66 (4608) 0.38 (3674) 0.48 (6891) 0.37 (4751)
cyano 0.44 (127) 0.53 (32) 0.17 (1403) 0.09 (2930)
non-cyano 0.81 (7939) 0.55 (7333) 0.48 (5488) 0.61 (4489)
cyano+mixed - 0.53 (32) - 0.55 (1673)
cyano+strat 0.44 (127) - 0.17 (1403) 0.08 (1257)
non-(cyano+strat) 0.81 (7939) 0.55 (7365) 0.48 (5488) 0.68 (6162)
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up is given in Figure 6.7. In sections marked as ’mixed’, increased remote sensing con-

centrations are resembled by elevated in situ observations at 5 m depth. In contrast,

the stratified section between approximately 650 and 750 km exhibited exceptionally

high remotely sensed concentrations, which are not evident from in situ observations.

This is reflected by stronger correlations for mixed (Table 6.1, R2 = 0.66, N=2668) than

for stratified observations (R2 = 0.37, N=4751), suggesting that ship-induced mixing was

not able to overcome stratification. However, regardless of the stratification situation, all

wavelet coherence products indicate cyanobacteria dominated observations. The sub-

set marked as cyanobacteria dominated is weakly correlated (R2 = 0.09, N=2930), which

is explained by a weak correlation in the subset of stratified observations (R2 = 0.08,

N=1257), whereas the wind-mixed subset renders an R2 of 0.55 (N=1673). Consequently,

when the stratified cyanobacteria dominated subset is excluded, the overall correlation

increases from R2 = 0.36 to R2 = 0.68. An exclusion of all cyanobacteria dominated ob-

servations increases R2 only to 0.61.

Figure 6.7: Combined graph of all data sources (IS: in situ, RS: remote sensing) for tran-
sect 07-13 and the matching remote sensing scene 07-14. Each parameter is normalized
to its respective minimum and maximum values. For the ’Stratification flag’, stratifica-
tion conditions are marked as: mixed (blue), stratified (green) and floating (red). For the
’Cyanobacteria Flag’, stratification conditions are marked as: mixed (light blue), strati-
fied (yellow) and floating (red). See Figure 6.2 for further information on distance and
dates.
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6.4. DISCUSSION

6.4.1. CONTRADICTING FERRYBOX AND REMOTE SENSING OBSERVATIONS

In situ fluorescence of CHLa and PC as well as remote sensing derived CHLa concentra-

tions are widely used for bloom detection and trend analysis (Fleming and Kaitala, 2006;

Frank et al., 2010) (Kutser, 2009; Matthews et al., 2010). All these parameters are expected

to be positively correlated with bloom development. However, each of the trends in Fig-

ure 6.4 leads to a different conclusion about bloom development status. Two factors

hamper a consistent evaluation: 1) PC fluorescence increased with the bloom develop-

ment, while CHLa fluorescence decreased, and 2) PC fluorescence and remotely sensed

CHLa concentrations did not reach their peak values at the same time.

An explanation for 1) may be the different sources of pigment fluorescence between

algae and cyanobacteria. In cyanobacteria, a significantly lower fraction of cellular CHLa

is connected to the fluorescing photosystem II compared to algae (Johnsen and Sak-

shaug, 1996). This leads to a lower fluorescence response from the CHLa fluoroprobe

when cyanobacteria become dominant. At the same time, PC fluorescence will increase

with increasing cyanobacteria dominance, at least under nutrient replete conditions

(i.e., during bloom development). Consistently, Seppälä et al. (2007) found that the vari-

ability in extracted CHLa pigment concentration is better explained by PC and CHLa

fluorescence trends than CHLa fluorescence alone when cyanobacterial dominance in-

creases.

We interpret 2), the time-delay between ferrybox and remote sensing observations,

as the time that the cyanobacterial bloom needs from its initiation until formation of

large-scale stratified patches or even floating layers, when weather conditions allow.

This supports the conclusion of Kanoshina et al. (2003) that first bloom phases are well

captured by ferrybox systems at the sampling depth of 5 m, whereas later, potentially

stratified phases are better resolved by remote sensing.

Despite the contrasting trends in the optical signals recorded from ferryboxes and re-

mote sensing platforms, the approach presented in this paper allows for a corroborative

interpretation of these observations with complementary meteorological data.

6.4.2. CYANOBACTERIAL BLOOM DETECTION AND CLASSIFICATION

Our classification of bloom sections as mixed, stratified, or floating depends on thresh-

olds for wind speed and SST. Wind velocities varying from 4 - 7.7 ms−1, have been re-

ported to cause sufficient vertical mixing of the water column in various studies (George

and Edwards, 1976; Hunter et al., 2008; Wynne et al., 2010). For the purpose of our clas-
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sification, mixing down to the measurement depth of the ferrybox system is sufficient.

For SST, Kahru et al. (1993) explain that cyanobacteria can contribute to heating of the

sea surface up to 1.5 ◦C . Suitable thresholds for wind speed and SST were selected based

on these published observations and visual inspection of the classification results. We

adopted the threshold of 6 ms−1 from Hunter et al. (2008) for Microcystis aeruginosa in a

eutrophic shallow lake, considered appropriate for buoyant filamentous cyanobacteria

in the thermally stratified Baltic Sea. The threshold for SST leading to a classification as

’floating’ was set at 0.75 ◦C elevation over the transect average. In some cases, a thresh-

old definition based on a global transect mean is problematic, for example in mid-July

transects when SST was high throughout the transect (see Figure 6.2). Operationally, a

dynamic threshold could be determined from multi-year climatologies or sufficiently re-

solved hydrodynamic models. SST anomalies (difference between day- and night-time

SST) could also be derived from geostationary satellites, as recently demonstrated for

the Baltic Sea by Karagali et al. (2012).

The resolution of the SST and wind speed data was relatively coarse compared to the

ferrybox and satellite data. Meteorological data of higher spatial and temporal resolution

could offer more detailed insights into bloom structure and development. The global,

near-real-time and free-of-charge availability of ECMWF proved sufficiently resolved for

the purpose of interpreting multi-source optical data in this study. A ’pixel-wise’ classi-

fication of floating vegetation using spectral reflectance properties (e.g. Matthews et al.,

2012) could complement this method.

The spatial resolution of the current analysis is determined by the coherence analy-

sis. Coherence at very small scales, and thus distances, tends to be erratic (see full coher-

ence graphs provided in the supplement). We were not able to find consistent coherent

variation at very small scales (e.g. < 20 km). We can speculate about the causes for this

distinct scaling behavior. One possible reason might be that at very small scales instru-

ment noise plays a dominant role. It might also be the case that small-scale structures

are masked by ship-induced mixing and water transport from the intake to the instru-

ments. Consequently, we excluded coherence at wavelet scales corresponding to dis-

tances smaller than 20 km. Coherence on very large scales (e.g. > 64 km), in turn, were

excluded because they do not allow to delineate cyanobacteria dominated subsections.

However, it is very likely that coherence on other scales and ratios thereof can offer ad-

ditional information about underlying biogeochemical processes, such as typical bloom

structure sizes or phytoplankton group composition.

Conventional bloom metrics are based on regionally established threshold values

(e.g. Metsamaa et al., 2006), which can lead to misleading interpretations at highly strat-
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ified conditions. We introduce the concept of significant coherence between indepen-

dent in situ optical transect measurements as a different criterion for cyanobacterial

blooms. Each coherence product comes with its own interpretation: 1) PC-CHLa coher-

ence implies that sample-to-sample variation in phytoplankton biomass (CHLa fluores-

cence) corresponds to the variation in cyanobacterial accessory photosynthetic pigment

(PC fluorescence), which is increasingly likely with increasing cyanobacteria dominance.

Similar to the previous, 2) PC-turbidity coherence indicates that a dominant cyanobacte-

ria presence exists. This is provided that the particle population does not include signif-

icantly variable, highly scattering, non-cyanobacterial components. Positively buoyant

cyanobacteria are frequently considered efficient light scatterers either due to the pres-

ence of gas vacuoles or colony formation. Based on this, PC-turbidity coherence is likely

to indicate bloom-forming cyanobacteria. Finally, 3) CHLa-turbidity coherence should

be interpreted as the dominant presence of phytoplankton in the particle population.

For turbidity sensors with limited signal resolution, this product is more likely to be sig-

nificant when the dominant phytoplankton is an efficient light scatterer.

Seppälä et al. (2007) reported the presence of Anabaena spp., Aphanizomenon flos-

aquae and N. spumigena in the studied period, all of which were found to be efficient

light scatterers (Metsamaa et al., 2006). This suggests that high coherence in all three

products was caused by abundant cyanobacteria. Turbidity originating from other scat-

tering substances, e.g. suspended matter and sea water, is not expected to be coher-

ent with the fluorescence signals. Variability induced by e.g. suspended matter might

however decrease the level of coherence between turbidity and fluorescence measure-

ments to below the applied 95 % significance threshold for wavelet coherence. In our

data set, PC-turbidity coherence and CHLa-turbidity coherence were similar or even

stronger than PC-CHLa coherence, suggesting that scattering was indeed dominated by

cyanobacteria.

Elevated CHLa fluorescence (Figure 6.3) in the northern parts of the late June tran-

sects (’late-June CHLa peak’) coincided with high wind-forced mixing (Figure 6.2). Flu-

orescence measured at 5 m depth should therefore be representative of the remotely

sensed concentration in the first optical depth during this period. Surprisingly, the re-

mote sensing derived CHLa concentrations were not elevated despite the suggestion

of phytoplankton bloom from the CHLa fluorescence in this area. The late-June CHLa

peak is also not apparent from the ferrybox turbidity measurements, suggesting that the

source of the CHLa fluorescence peak was a weak light scatterer.

Low light scattering efficiency in visible wavebands by small flagellates is consis-

tent with results from Steen (2004) on Chrysochromulina ericina. This explanation, and
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the general correspondence between the WeW/FUB CHLa concentrations and turbidity

measurements at 5 m depth, suggest that the WeW/FUB CHL a algorithm is more sensi-

tive to increased scattering by certain phytoplankton species than to the specific absorp-

tion features of the CHLa pigment. The late-June CHLa peak is also not visible in any of

the coherence products. This supports our conclusion that PC-turbidity and PC-CHLa

coherence are not sensitive to algal blooms but specifically to cyanobacterial blooms.

However, our data set does not allow us to verify whether CHLa-turbidity coherence is

also sensitive to non-cyanobacterial, strongly scattering phytoplankton. We recommend

to test the approach on additional data sets that would capture the occurrence of such

species, e.g. from Baltic Sea spring blooms. Similarly, phycocyanin-lacking cyanobacte-

ria such as prochlorophytes may not be distinguished with the same set of fluorescence

parameters.

Based on the 2005 bloom description given by Seppälä et al. (2007) we conclude that

wavelet coherence successfully delineates the spatial and temporal extent of the anal-

ysed cyanobacterial bloom. We observed significant coherence in mixed, stratified and

even surface bloom subsections (e.g. 11 July, ≈700 - 850 km and 13 July, ≈650 - 800 km)

- independent of the corresponding fluorescence or turbidity signal strength. Within the

resolution limits of the stratification classification, we conclude that wavelet coherence

between ferrybox measurements appears to be largely independent of concentration

and thus stratification. Further research is however necessary to quantify the relation-

ship between the level of coherence and absolute pigment concentrations, community

composition, and the presence of other particulate matter.

6.4.3. CORRELATION BETWEEN FERRYBOX AND REMOTE SENSING OBSER-

VATIONS

Figure 6.7 illustrates a situation where remote sensing and in situ observations do not

match. The subsection of the 13 July transect marked as floating bloom (≈650 - 800 km)

could not be detected using only magnitudes of the measured in situ signals. Exception-

ally high remotely sensed CHLa concentrations, low wind speed and high SST make the

presence of surfacing cyanobacteria patches very likely. Several remotely sensed pixels

within that patch are indeed flagged as ’floating vegetation’, according to the definition

of Matthews et al. (2012) (results not shown). This interpretation is reflected by the au-

tomatically produced ’Cyanobacteria Flag’ in Figures 6.6 and 6.7. By excluding stratified

and floating cyanobacteria dominated sections, the correlation between in situ and re-

motely sensed observations could be increased significantly (from R2 = 0.36 to 0.68 for

scene 14 July, Table 6.1). In this case, only 17 % of the observations had to be masked to
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achieve this result. The difference in correlation between stratified and mixed cyanobac-

teria dominated sections (R2 = 0.08 and 0.55) indicates that only the latter are suitable

for comparison with remotely sensed concentration estimates. The correlation for the

remaining match-up scenes is also either unaffected or improved by the masking.

It may be argued that large cargo ships and passenger ferries mix the water col-

umn sufficiently to avoid effects from stratification in ferrybox measurements (Ranta-

järvi et al., 1998). Our findings suggest that in highly stratified conditions up to surfacing

blooms, ship-induced mixing might not be sufficient to avoid discrepancies between

remote sensing and in situ observations. Such discrepancies may be caused by incom-

plete mixing or lingering cell physiological effects of light exposure on pigment produc-

tion and fluorescence. We recommend to exclude observations of stratified or floating

cyanobacterial blooms in the direct comparison of ferrybox and optical remote sensing

data. Mixed bloom sections should be explicitly included, as they represent the upper

reliably observable concentration limits. If data assimilation is desired, we recommend

to anticipate and interpret deviations between the observation sources according to the

presented scheme.

6.4.4. IMPLICATIONS FOR THE BALTIC SEA

In the Baltic Sea in situ observations are carried out routinely from ships-of-opportunity,

buoys, research vessels, and increasingly by citizens. It is challenging to combine these

observations into a comprehensive monitoring network. This problem born out of lux-

ury makes automatic interpretation of data from operational sensor networks essential:

near real-time data access is reduced to a technical detail if interpretation and evalua-

tion cannot be carried out at the same pace. Decision making processes, e.g. harmful-

algae early warning systems, require near real-time interpretation and harmonization of

the diverse data sources. The approach presented in this study is one answer to this re-

quirement. It is particularly useful in the context of Baltic Sea ferryboxes, because these

systems resolve three independent measures of cyanobacterial presence: fluorescence

of CHLa and PC as well as turbidity. We found coherence between these observations

to be high throughout cyanobacteria dominated water bodies, independent of the ac-

tual cell abundance at the measurement depth. This makes the detection less sensitive

to wind mixing or cell migration. The presented method assimilates these coherences,

along with wind speed and SST, to a synoptic product of cyanobacterial bloom presence

and stratification status, and can be readily applied in near real-time data analysis.
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6.5. CONCLUSION
Using ferrybox instruments and weather data, a harmonized cyanobacterial bloom

presence and qualification method was developed. Coherent in situ measurements are

interpreted as driven by the same source – cyanobacterial cells. Wavelet coherence anal-

ysis was applied to spatially resolve this coherence. Combinations of PC fluorescence,

CHLa fluorescence, and turbidity vary coherently in a cyanobacteria dominated bloom

in the Central Baltic Sea. Coherence was found to be significant at all encountered levels

of stratification. In highly stratified conditions, e.g. at low wind speed and elevated

sea surface temperature, coherent observations indicate where surface accumulations

will highly affect remote sensing measurements while ferrybox-derived concentrations

of PC and especially CHLa can be rather low. In well-mixed cyanobacteria dominated

blooms, concentrations derived from space and in situ can be compared directly.

Both conditions can automatically be identified with the developed approach, which

is a precursor to near-real time processing efforts and further data assimilation. We

demonstrated that resolving coherence between independent ferrybox measurements

supports corroborative interpretation of multi-platform cyanobacterial bloom obser-

vations. Thus we recommend that ferrybox systems operated in regions of abundant

cyanobacteria be equipped with CHLa and PC fluorometers as well as turbidity sensors.

Also wind speed should be among the recorded parameters in ferrybox systems to

facilitate near real-time processing. The approach might be particularly valuable for

automated cyanobacteria monitoring and early warning systems.
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Phytoplankton spring bloom phenology was derived from a 15-year time-series (2000-

2014) of ship-of-opportunity chlorophyll-a fluorescence observations collected in the

Baltic Sea through the Alg@line network. Decadal trends were analysed against inter-

annual variability in bloom timing and intensity, and environmental drivers (nutrient

concentration, temperature, radiation level, wind speed). Spring blooms developed from

the south to the north with the first blooms peaking mid-March in the Bay of Mecklenburg

and the latest bloom peaks occurring mid-April in the Gulf of Finland. Bloom duration

was similar between sea areas (43±2 day), except for shorter bloom duration in the Bay

of Mecklenburg (36± 11 day). Variability in bloom timing increased towards the south.

Bloom peak chlorophyll-a concentrations were highest (and most variable) in the Gulf

of Finland (20.2± 57 mg m−3) and the Bay of Mecklenburg (12.3± 52 mg m−3). Bloom

peak chlorophyll-a concentration showed a negative trend of −0.31 ± 10 mg m−3 yr−1.

Trend-agnostic distribution-based (Weibull-type) bloom metrics showed a positive

trend in bloom duration of 1.04 ± 20 day yr−1, which was not found with any of the

threshold-based metrics. The Weibull bloom metric results were considered representative

in presence of bloom intensity trends. Bloom intensity was mainly determined by winter

nutrient concentration, while bloom timing and duration co-varied with meteorological

conditions. Longer blooms corresponded to higher water temperature, more intense

solar radiation, and lower wind speed. It is concluded that nutrient reduction efforts

led to decreasing bloom intensity, while changes in Baltic Sea environmental conditions

associated with global change correspond to a lengthening spring bloom period.
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7.1. INTRODUCTION

Human influence and climate change transform terrestrial and marine ecosystems

worldwide at unprecedented rates (Cleland et al., 2007; Cloern et al., 2016). Coastal ma-

rine systems experience anthropogenic pressure as well as indirect changes in climatic

conditions, which affect the marine food-web (Heisler et al., 2008; Paerl and Huisman,

2008; Zhai et al., 2013). Ecosystem responses to these changes are difficult to relate

to unique causes (HELCOM, 2007b; Neumann et al., 2012; Winder and Cloern, 2010).

Experiments designed to support biogeochemical model scenarios (e.g. Neumann

et al., 2002; Seppälä and Olli, 2008; Tamminen and Andersen, 2007) help to disentangle

observed trends. However, the predictive capabilities of biogeochemical models (e.g

Gnanadesikan and Anderson, 2009; Kuusisto et al., 1998; Meier et al., 2011) remain

dependent on calibration against long and consistent multi-variable time series.

Phytoplankton bloom intensity and timing (bloom phenology) are indicators for

ecosystem health at the base of the food web (e.g. Adrian et al., 2009; Hays et al., 2005;

Vargas et al., 2009). Phenological studies are increasingly used to inspect regional

ecosystem response to nutrient reduction efforts (Fleming-Lehtinen et al., 2015; HEL-

COM, 2007a; Voss et al., 2011) and changing climatic conditions (Paerl and Huisman,

2009; Sommer and Lengfellner, 2008). The Baltic Sea is a coastal ecosystem affected

by eutrophication (Korpinen et al., 2012), which intensifies naturally occurring spring-

and summer bloom (Bianchi and Engelhaupt, 2000; HELCOM, 2007a). The Helsinki

Commission formulated a nutrient reduction scheme aimed at improving ecosystem

health in 1992 (HELCOM, 1992), which entered into force in 2000. Monitoring of key

ecosystem health indicators is implemented in the national monitoring programmes

of HELCOM contracting parties. These programmes include traditional dedicated

sampling campaigns at sea and increasingly the use of highly resolving observation

platforms.

Ships-of-opportunity (typically cargo ships or passenger ferries) offer a largely

weather-independent, reliable, and cost-effective platform for the collection of high

frequency in situ observations (Ainsworth, 2008; Leppänen et al., 1995). Phytoplankton

pigment fluorometers are included in most of these ferryboxes. In the Baltic sea,

such systems have recorded phytoplankton blooms on the route from Helsinki to

Travemünde (v.v.) since 1992 (Rantajärvi et al., 2003). On this route, ferryboxes have

collected over 9.5 million chlorophyll-a pigment fluorescence observations from 1926

transects with a median revisit time of under two days in the last 15 years (2000-2014).

Ship-based observations from merchant vessels provide continuity in monitoring,

which is particularly important in seasons when other observation systems are less
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reliable. In spring, satellite observations are rare due to high average cloud cover,

while high costs of dedicated research cruises and coastal laboratories limit their

spatio temporal coverage. Ferrybox observations are therefore the primary source of

observations to study spring bloom dynamics in this region.

Phytoplankton abundance and succession in the Baltic Sea is controlled by nutri-

ent (Neumann et al., 2002; Tamminen and Andersen, 2007) and light availability (Nel-

son and Smith, 1991; Siegel et al., 2002; Smetacek and Passow, 1990; Sverdrup, 1953),

mixing-status (Sharples et al., 2006; Ueyama and Monger, 2005), temperature (Grayek

et al., 2011), ice cover (Kahru and Nommann, 1990; Omstedt et al., 2004; Sommer and

Lengfellner, 2008), and salinity (Fennel, 1999; Tamminen and Andersen, 2007). In addi-

tion, the quantum yield of fluorescence is influenced by solar irradiance (Dandonneau

and Neveux, 1997; Kiefer, 1973; Marra, 1997; Sackmann et al., 2008), species composi-

tion, and physiology (Kiefer et al., 1989). Hence, interpretation of unattended pigment

fluorescence measurements in terms of phytoplankton biomass presents a number of

challenges (Roesler and Barnard, 2013). Firstly, phytoplankton distribution exhibits high

spatial and temporal variability, while ferryboxes measure pigment fluorescence at fixed

depth (Ruokanen et al., 2003). Therefore, stratified conditions may not be well repre-

sented in the data (Groetsch et al., 2014b). Secondly, in a typical ferrybox setup fluores-

cence yield is at best determined as a daily regional average, which disregards variability

on smaller spatio-temporal scales. Despite these challenges, Fleming and Kaitala (2006)

demonstrated that ferrybox observations in the Baltic Sea can be used to derive bloom

timing and intensity for biomass-rich sea areas. They report a slightly negative trend

in bloom initiation in the Northern Baltic Proper and the Gulf of Finland for the period

1992-2004. Recent studies also reported shifts in phytoplankton spring bloom biomass

or species composition (e.g. Klais et al., 2011; Wasmund et al., 2013, 2011). Kahru and

Elmgren (2014) reported that the timing of cyanobacterial surface accumulations has

advanced approximately 20 days from 1979 to 2013. However, information about shifts

in Baltic Sea spring bloom timing are still lacking.

Choosing an adequate bloom metric is not trivial as no clear guidelines exist that

conclusively support one metric over others. Bloom metrics for both remotely sensed

and in situ sampled time series are commonly divided into three groups: 1) fixed or

variable concentration threshold metrics (Fleming and Kaitala, 2006; Lips et al., 2014;

Racault et al., 2015; Siegel et al., 2002), 2) growth-rate-based metrics (Rolinski et al., 2007;

Wiltshire et al., 2008), and 3) distribution-based metrics (Platt et al., 2009; Rolinski et al.,

2007; Vargas et al., 2009; Zhai et al., 2011). Threshold- and growth-rate based metrics typ-

ically require data pre-processing (e.g. interpolation and smoothing), to mitigate the im-
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pact of gaps, noise, outliers, and multi-modal bloom distributions on the derived bloom

phenology (Cole et al., 2012; Ferreira et al., 2014; Rolinski et al., 2007). Distribution-

based metrics fit an analytical expression to observations using fitting routines designed

to cope with imperfections in the input data while optimally preserving natural vari-

ability. Distribution-based bloom metrics are considered more robust than threshold-

or growth-rate-based metrics, in the presence of complex, multi-modal bloom obser-

vations (Ji et al., 2010). Interpretation based on several, conceptually different bloom

metrics can be used to obtain uncertainty estimates (Ho and Michalak, 2015). It also al-

lows to screen for long-term trends in bloom phenology. The latter is because threshold-

based metrics are biased by long-term bloom intensity trends, whereas growth-rate and

distribution-based metrics are not. Figure 7.1 illustrates how a gradual decline (negative

trend) in bloom peak concentration causes any metric based on fixed thresholds (e.g.

derived from climatology or expert-judgement) to introduce an artificial negative trend

in bloom duration. In contrast, metrics based on growth rate, distribution, or annually

derived thresholds yield a single bloom duration in this example because bloom inten-

sity does not influence these metrics.

Figure 7.1: Illustration of threshold-based bloom metric behaviour when applied to a
dataset with a negative peak concentration trend.

The aims of this study are twofold: (1) to report long-term trends for Baltic Sea spring

bloom intensity and timing, and (2) to attribute these trends to changes in environmen-

tal conditions. To meet these objectives, we describe a methodology to derive quality
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controlled time-series of chlorophyll-a concentrations from observations collected un-

der the Baltic Sea Alg@line program over a period of 15 years (2000-2014). Uncertainties

arising from variability in the phytoplankton pigment fluorescence yield are estimated.

Bloom phenology parameters, derived from threshold- and distribution-based bloom

metrics, are explored for long-term trends. Inter-annual variability of bloom phenology

parameters are attributed to nutrient availability and meteorological conditions (tem-

perature, radiation level, wind speed), which might help to relate long-term trends to

unique causes. Finally, we summarize how these results contribute to the discussion on

recent changes in the Baltic Sea, and the monitoring practices that need to be in place to

detect such changes.

7.2. MATERIALS AND METHODS

7.2.1. ALG@LINE DATA

In situ data in this study were collected until 2009 by the Finnish Institute of Marine

Research, and by the Finnish Environment Institute (SYKE) from 2009 onwards, within

the Alg@line network of Baltic Sea ferryboxes. Here we consider systems installed on

two cargo vessels, M/S Finnpartner (2000-2006) and M/S Finnmaid (2007-2014), which

served between Travemünde (Germany) and Helsinki (Finland) as depicted in Figure 7.2.

Three routes were sailed during the study period. Depending on weather conditions

the passage between Gotland and the mainland of Sweden (39 % of all transects) was

favoured over the direct route east of Gotland (52 %), while the route with a lay-over in

Gdansk (Poland) was only occasionally served during 2009 to 2012 (7 %). Several tran-

sects (2 %) were sailed for refuelling or maintenance in other ports and not used for this

study.

Details on the instrumentation of the Alg@line ferrybox systems can be found in Lep-

pänen et al. (1994); Rantajärvi et al. (2003); Ruokanen et al. (2003); Seppälä et al. (2007).

In summary, the systems record in vivo fluorescence of chlorophyll-a (CHLa), salinity

and temperature throughout the studied period (2000-2014). Turbidity and (in summer)

phycocyanin pigment fluorescence were recorded from 2005 onwards and are not used

here. At cruising speed (20-23 knots) the sampling interval of 20 s resulted in a nominal

spatial resolution of 200 m.

Quality control flags were derived from (1) sensor reading thresholds on speed, flow

rate, hull and sampled water temperature, and (2) data variability, expressed as lower

and upper bounds for standard deviation between neighbouring measurements, as de-

scribed below. Measurements at low (< 5 knots) or zero ship speed are typically collected
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Figure 7.2: Transect of M/S Finnmaid and M/S Finnpartner through the Baltic Sea from
Helsinki (Finland) to Travemünde (Germany) (v.v.). The following sea areas are consid-
ered in this study: the Western Gulf of Finland (gof : >59.5 ◦ N latitude, along transect),
the Northern Baltic Proper (nbp: 58.4-59.5 ◦ N latitude, along transect), the Western and
Eastern Gotland basins (got: 56.2-58.4 ◦ N latitude, along transect), the Southern Baltic
Proper (sbp: 54.5-56.2 ◦ N latitude, along transect) and the Bay of Mecklenburg (bom:
<54.5 ◦ N latitude, along transect). Depending on weather conditions the North- or
South of Gotland routes were sailed.
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Table 7.1: Quality control flag definitions and statistics. Observations were omitted if
any of the flags exceeded the respective threshold. Absolute temperature difference is
measured between the water intake and the flow-through sensors. Availability and re-
jection rates were calculated relative to the total number of observations.

Sign Threshold Availability [%] Rej. Rate [%]
Speed, [knots] < 5 100 1.33
Flow, [L min−1] < 0.3 35.95 1.38
Abs. Temp. Diff. [◦ C] > 2 67.17 2.12
STD Latitude, [◦] <,> 1e−4, 0.5 100 0.96
STD CHLa Fl., [mg m−3] < 1e−4 87.65 0.75
All 4.55

in harbour and were omitted. Erroneous records, e.g. caused by instrument communi-

cation errors, were removed using a moving window mean filter. A window length of 25

observations (approximately 8.3 min) was used for records of ship speed, and a window

length of 100 observations (33.3 min) was used for flow rate and temperature records.

Low flow rates can indicate blocked passages, pump failure, or leaks. Flow meter read-

ings were available for approximately one-third of all records. A proxy for flow disrup-

tion is the difference in ship-hull temperature and in-line temperature. Flow rates < 0.3

L min−1 or a temperature difference > 2 ◦C were used to flag records as suspect. Instru-

ment failure, communication and digitizing errors may lead to ’stuck’ values, which were

detected by calculating standard deviation in a moving window of 100 samples. Obser-

vations corresponding to low standard deviation (σ < 1e−4) of CHLa fluorescence mea-

surements or GPS-derived latitude were omitted. GPS-derived latitude was additionally

filtered for exceptionally high short-term variability (σ > 0.5, window size 50 samples),

caused by poor satellite reception or serial communication errors. Table 7.1 provides an

overview of the applied quality control flags.

CHLa fluorescence data were corrected for sensor drift and discontinuities by

transect-wise normalization (division by transect mean). This was necessary to account

for changes in instrumentation, signal contamination due to bio-fouling, trapped

bubbles and particles, and changes in sensor sensitivity due to deterioration or manual

adjustments. Laboratory analysis results of bottle samples are typically available from

every 6th transect, with up to 24 samples collected by automated, refrigerated water

samplers (Teledyne Isco). Laboratory analyses included inorganic nutrient concentra-

tions (nitrate+nitrite, phosphate and silicate), CHLa concentration, and occasionally

inverted light microscopy counts of phytoplankton species. Laboratory CHLa concen-

tration results were used to convert transect-normalized CHLa fluorescence to units of
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CHLa concentration (in mg m−3). First, a linear (generalized least squares) regression fit

of normalized CHLa fluorescence against corresponding CHLa lab measurements was

carried out for each sampled transect. If the regression failed (R2 < 0.3 or p > 1) a moving

window regression was carried out (window length 10 samples) and the subset with

the highest R2 was used to determine the correction factor. The threshold for R2 was

determined manually based on the distribution of R2, while p > 1 indicates numerical

instabilities during the fitting procedure. Each transect without corresponding bottle

samples was corrected by individually applying the regression parameters of the two

neighbouring sampled transects. These two solutions were then interpolated linearly,

weighted by their temporal distance to the respective transect. Negative concentration

values occasionally occurred for weak fluorescence signals, and were set to zero.

The diurnal variability of the fluorescence signal was estimated from quality-

controlled observations in all seasons. First, these observations were divided by their

respective transect mean to remove biomass-driven first-order variability in the fluo-

rescence signal. Then, diurnal cycles were derived by dividing these observations into

hourly bins and sun elevation angle ranges (0.1 rad bins).

7.2.2. METEOROLOGICAL DATA

Photosynthetically active radiation (par), sea surface temperature (sst) and wind speed

(wind) were derived from the ECMWF ERA-Interim reanalysis data set (Dee et al., 2011).

The spatial resolution of the model is constrained by the underlying atmospheric model,

which is stored on a spatial T255 grid corresponding to approximately 79 km cell size

when projected to a reduced Gaussian grid. Four values per day were retrieved for each

parameter and the entire Baltic Sea. Parameter values for each Alg@line observation

were extracted using spatio-temporal spline interpolation of third order. The first order

seasonal signal (e.g. rising par and sst in spring) was removed from the observations

by subtracting multi-year (2000-2014) daily sea area averages, approximated by second

order polynomials. The seasonally detrended parameters were then averaged over the

bloom period and are further referred to as par, sst, and wind.

7.2.3. NUTRIENT CONCENTRATION AND DEPLETION TIMING

A single term for nutrient availability was adopted from Fleming and Kaitala (2006), cal-

culated as nut = 3
√

(NO3 +NO2)×PO4 ×SiO4, where NO3 +NO2, PO4 and SiO4 are the

concentrations of nitrite+nitrate, phosphate, and silicate, respectively. These concen-

trations were derived from laboratory analysis of bottle samples that were regularly col-

lected along the transect (further detail in section 7.2.1). nut was spatially binned for
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each investigated sea area and re-sampled to daily averages and consecutively smoothed

with a 21-day centred-running-mean filter. This treatment resembles the processing of

Alg@aline observations (see section 7.2.4) to enable consistent interpretation of the joint

data set. Nutrient concentrations and depletion timing are described using the following

metrics. The nutrient concentration prior to bloom start (nut-peakvalue) was defined

as the yearly maximum nutrient concentration (day-of-year between 31 and 160). The

day-of-year when the nutrient concentrations equalled 100 %, 50 %, and 25 % of their

peak values are referred as nut-peakday, nut-deplday-50, and nut-deplday-25. The day

and value of the lowest nutrient concentration index are referred to as nut-minday and

nut-minvalue. The rate of nutrient depletion between 75 % and 25 % of the peak value

(nut-slope) was determined through linear regression.

7.2.4. EXTRACTION OF BLOOM TIMING AND INTENSITY

Extraction of bloom timing and intensity was carried out for five Baltic Sea areas, where

each area follows definitions of the HELCOM Combine program (HELCOM, 2013). Fig-

ure 7.2 illustrates the location of the areas: the Western Gulf of Finland (gof : >59.5 ◦N

latitude, along-transect), the Northern Baltic Proper (nbp: 58.4-59.5 ◦N latitude, along-

transect), the combined Western and Eastern Gotland basins (got: 56.2-58.4 ◦N latitude,

along-transect), the Southern Baltic Proper (sbp: 54.5-56.2 ◦N latitude, along-transect),

and the Bay of Mecklenburg (bom: <54.5 ◦N latitude, along-transect). For the got and

sbp areas only routes that passed by Gotland were selected whereas routes via Gdansk

were excluded. This is because the route through Gdansk was sailed only from 2009

to 2012. If not otherwise stated, all further steps are carried out individually for each

of these areas and for day-of-year between 31 (31 January) and 160 (9 June). The ship-

of-oppportunity (Alg@line) measurements typically commenced in the second half of

January, which is why 31 January was chosen as the start of our analysis. The end date

was chosen such that it covers all spring bloom events in all basins but excludes summer

bloom.

Alg@line CHLa concentrations (see section 7.2.1) were resampled to daily sea area

averages, using linear interpolation, and subsequently smoothed with a 21-day centred-

running-mean filter (e.g. Ferreira et al., 2014; Racault et al., 2015) to fill in gaps and re-

duce short-term variability. We derive several metrics, all of which have in common that

the bloom peak concentration (peakheight, see Table 7.2 for explanations of acronyms)

and timing (peakday) are defined as the maximum CHLa value at the corresponding day-

of-year, respectively. Two threshold-based metrics and one distribution-fit-based metric

were calculated:
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1) CHLa concentration exceeding a fixed-threshold of 5 mg m−3 was defined

as bloom by Fleming and Kaitala (2006), further referred to as const5. A 21-day

centred-running-mean filter was used to keep results comparable to the other metrics

considered, whereas Fleming and Kaitala (2006) used a 7-day centred-running-median

filter.

2) Siegel et al. (2002) proposed a spatially variable-threshold metric based on the 5 %-

above-median concentration, but reported small quantitative differences for thresholds

between 1 and 30 %-above-median. Their threshold is based on the complete annual

cycle, while here only the spring bloom period from day-of-year 31 to 160 is considered.

We refer to this metric as median5.

3) Distributions proposed to describe bloom phenology include shifted-Gaussian

(Platt et al., 2009), Gamma (Vargas et al., 2009), and Weibull distributions (Rolinski et al.,

2007). The shifted Gaussian is symmetric in shape, whereas Gamma distributions al-

low for different slopes of bloom rise and decline. In addition, Weibull functions recog-

nize non-zero offsets before and after the bloom phase. The latter has proven essential

to obtain a good fit for the transition phase between spring and summer bloom with

the here analysed data set. A modified Weibull-function, as proposed by Rolinski et al.

(2007), was fitted non-linearly to the preprocessed and scaled (to a range of zero to one)

CHLa concentrations. The bloom initiation and end are defined as the 10th and 90th

percentiles before and after the bloom peak, respectively. This metric is further referred

to as weibull.

For each metric, bloom initiation, peak, and end dates (startday, peakday, and end-

day) were extracted from the data set. Based on these dates, bloom duration (duration),

concentration average (concavg), and the sum of daily CHLa concentrations (bloomidx)

were calculated. The latter was proposed by Fleming and Kaitala (2006) to character-

ize bloom intensity. We assumed the bloom to have started prior to Alg@line service

commence if the first data point already satisfied the bloom criterion for a given metric.

Such cases were identified for 30 out of 225 combinations of sea region, year, and bloom

metric (9 times for bloom metric const5, 16 times for median5, and 5 times for weibull).

Corresponding bloom start days were replaced by the median value for the region over

the 15 years studied in all subsequent calculations.

7.2.5. PRINCIPAL COMPONENT ANALYSIS

Principal component analysis (PCA) was carried out to attribute seasonally detrended

meteorological conditions (sst, par, wind) and nutrient concentrations (nut-peakvalue,

nut-minvalue) to the inter-annual variability in bloom intensity (bloomidx, concavg,
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peakheight) and timing (startday and peakday, duration). Outliers were defined for each

parameter as departure by more than 3 standard deviations from the parameter mean,

and replaced with the region-median. Z-score normalization (subtraction of mean, di-

vision by standard deviation) was carried out on a per-region basis. Region-equalized,

zero-mean and unit-variance data were then subjected to the PCA function in the python

framework scikit-learn (Pedregosa and Varoquaux, 2011).

7.3. RESULTS

7.3.1. QUALITY-CONTROLLED CHLOROPHYLL-a CONCENTRATION TIME

SERIES

The Alg@line ferrybox systems collected over 9.5×106 observations between 2000 and

2014, of which 3.8×106 observations were sampled during spring (day-of-year 31 to 160).

Availability and rejection rates for each quality control parameter are listed in Table 7.1.

In total, quality control procedures removed 4.55 % of all observations.

Determination of the fluorescence yield was supported by an ’adaptive regression’

method. Where necessary (R2 < 0.3 or p > 1), it selected the subset of bottle-sampled

and laboratory-analysed CHLa concentrations that yielded the best linear fit to CHLa

fluorescence observations for a given transect. This procedure allowed to successfully fit

318 (98 %) out of 324 transects for which bottle samples were collected. Only 266 (82 %)

transects could have been used (R2 >= 0.3 and p ¿ 1) without applying this technique.

Figure 7.3A shows normalized fluorescence observations as a function of sampling

time-of-day. Results are presented separately for summer (May to August), winter

(November to February) and the transition periods (autumn, spring). Diurnal variability

was most pronounced in summer, when the fluorescence signal varied on average 50 %

over the course of a day. In winter and during the transition periods (spring, autumn)

a diurnal variability of 35 and 38 %, respectively, was contained in the fluorescence

signals. This seasonal effect is likely caused by variations in average irradiance intensity,

which are modulated primarily by sun elevation, but also by atmospheric conditions

(e.g. cloud cover, aerosol optical thickness) and optical properties of the water body

(e.g. ice cover, attenuation). Figure 7.3B depicts normalized fluorescence as a function

of solar elevation. In this representation seasonal differences in diurnal variability

are essentially absent and the correspondence between solar elevation and average

fluorescence response was approximately linear for daytime observations.
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Figure 7.3: Diurnal variability in the chlorophyll-a fluorescence yield: (A) normalized
(division by transect-mean) chlorophyll-a fluorescence observations plotted against
time-of-day, and (B) sun elevation angle. The analysis was carried out on four subsets:
winter (November - February), summer (May - August), and transition periods (March,
April, September, October) using all ferrybox observations along the routes shown in
Figure 7.2.

7.3.2. BLOOM INTENSITY AND TIMING

Blooms generally developed first in the south and progressed towards the north (see Fig-

ure 7.4 and Table 7.3). Bloom peak timing (not influenced by choice of metric) followed

this pattern, as did metric-dependent bloom start and end dates. The fixed-threshold

bloom metric const5 suggested longer blooms in high-biomass sea areas like the gof,

compared to low-biomass areas such as the sbs. The spatially variable-threshold metric

median5 applies area-specific bloom thresholds (nbp: 3.52 mg m−3, gof : 4.95 mg m−3,

got: 2.51 mg m−3, sbs: 2.62 mg m−3, bom: 4.02 mg m−3) and resulted in approximately

stable bloom duration in all sea areas. The weibull metric, which is not sensitive to ab-

solute bloom intensity, also resulted in comparable bloom durations for all sea areas.

The year-to-year variability of start, peak, and end days generally increased towards the

south for all metrics.

Spring bloom intensity was described by three parameters: the metric-independent

bloom peak concentration (peakheight), the CHLa concentration average during bloom

conditions (concavg), and the sum of daily CHLa concentrations over the bloom period

(bloomidx). Similar patterns were observed for all these parameters and bloom met-

rics, as illustrated in Figure 7.5. The highest bloom intensity was found in the gof and
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Figure 7.4: Bloom timing (bloom start, peak, and end day) for each sea area along the
routes in Figure 7.2, averaged over the period 2000 to 2014, and for all applied bloom
metrics. Whiskers indicate standard deviations over the 15-year study period. The
bloom peak-day is independent of the chosen metric and plotted separately. The sea
areas are ordered by latitude, from south to north.
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nbp, followed by the bom. Low-intensity blooms were observed in the sbp and the got.

Variability was generally proportional to bloom intensity, highest in the high-biomass

and coastal gof and bom. Variability in bloomidx was comparable to that in peakheight,

while concavg was considerably more stable. All calculated bloom phenology parame-

ters can be found in the supplementary material.

Figure 7.5: (A) Concentration average and (B) bloom intensity index for each sea area
along the routes in Figure 7.2, averaged over the years 2000 to 2014, and for all applied
bloom metrics. Whiskers indicate standard deviations over the 15-year study period.
The sea areas are ordered by latitude. The metric-independent bloom peak concentra-
tion is added in both plots for visual comparison.

7.3.3. TRENDS

Figure 7.6 shows normalized (subtraction of area-average concentration) concavg and

peakheight for all sea areas combined, as a function of bloom year. peakheight is inde-

pendent of bloom metric and shows a highly significant (R2 = 0.12, p ¿ 0.01) negative

trend of −0.30 ± 10 mg m−3 yr−1. concavg is dependent on bloom start and end days

and was therefore calculated for all applied metrics. Statistically significant, negative

trends resulted from all metrics: −0.12±4 mg m−3 yr−1 for const5 (R2 = 0.11, p ¿ 0.01),

−0.11±5 mg m−3 yr−1 for median5 (R2 = 0.12, p < 0.05), and −0.22±7 mg m−3 yr−1 for

weibull (R2 = 0.11, p ¿ 0.01).

No significant trends were found for bloomidx, startday, and peakday with any of

the applied metrics, while endday showed weakly correlated but statistically significant

(R2 = 0.06,0.08, p < 0.05) positive trends for const5 and weibull with slopes 0.6 to 0.7±3

day yr−1), respectively.
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Bloom duration resulting from the weibull metric stands out in the result set with a

positive trend of 1.04±20 day yr−1) (R2 = 0.28, p ¿ 0.01, Figure 7.7). No significant trend

in bloom duration was found for any fixed- or variable-threshold metric.

Peak nutrient concentrations showed no significant trend, in contrast to post-bloom

nutrient concentrations with a highly significant, negative trend−0.020±4µmol L−1 yr−1

(R2 = 0.23, p ¿ 0.01). Peak nutrient concentration timing shifted to earlier dates (−0.7±3

day yr−1) (R2 = 0.06, p < 0.05)), while the 25 %-of-peak-value was reached progressively

later (0.67±31 day yr−1), (R2 = 0.06, p < 0.05)). No significant trends were found for nu-

trient depletion slope, 50 %-of-peak-value-timing, or day of minimal nutrient concen-

trations.

Figure 7.6: (A) Decadal trend of average (concavg) and (B) peak (peakheight)
chlorophyll-a concentration during bloom conditions, derived from the Weibull-
distribtion metric. Concentrations were normalized prior to regression (subtraction of
area-average concentration). Dashed lines indicate the trend line (bold) and its confi-
dence intervals (5 %, small dashes).

7.3.4. INTER-ANNUAL VARIABILITY

Pre-bloom nutrient concentrations were positively correlated to bloom peak height (no

normalization, R2 = 0.39, p ¿ 0.01) and concentration average (no normalization, R2 =
0.37−0.57, p ¿ 0.01, depending on metric). After applying area-wise mean and variance

(z-score) normalization, however, a negative correlation was found for peakheight (R2 =
0.11, p ¿ 0.01, metric independent) and concavg (R2 = 0.12,0.11, p ¿ 0.01 for const5 and

weibull, respectively).

The timing of nutrient depletion, specifically nut-deplday-50, was positively corre-
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Figure 7.7: Decadal trend of bloom duration (duration), calculated with the Weibull-
distribution metric. Durations were normalized prior to regression (subtraction of area-
average duration). Dashed lines indicate the trend line (bold) and its confidence inter-
vals (5 %, small dashes).

lated to the bloom peak day (R2 = 0.47, p ¿ 0.01), and to bloom-averaged, detrended

par-levels (R2 = 0.14−0.29, p ¿ 0.01). Average wind speed and par were negatively cor-

related during bloom conditions (R2 = 0.10 − 0.23, p ¿ 0.01). The bloom timing pa-

rameters (startday, peakday, endday) were weakly but statistically significantly inter-

correlated (results not shown).

PCA scores and loadings of the first three principal components (PC) are shown as bi-

plots in Figure 7.8. The first PC is dominated by negative correlations to bloom intensity

parameters (peakheight, concavg, bloomidx). This component is positively correlated to

pre-bloom nutrient concentration (nut-peakvalue) and bloom duration, illustrating that

bloom intensity is driven by pre-bloom nutrient availability. The second PC is linked to

bloom timing, with strong positive correlations to startday and peakday. Correlations

to par (positive), sst (positive), and wind (negative) suggest that weather conditions af-

fect bloom timing. Bloom duration is positively correlated to the third PC, as well as to

bloomidx. Additional negative correlations to nut-minvalue and wind, as well as a posi-

tive correlation to par, suggest a link between favourable meteorological conditions (low

wind-mixing, high light level) and efficient nutrient depletion.
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Figure 7.8: Principal component analysis bi-plots: arrows indicate correlation of a pa-
rameter with the principal components (bottom- and left-axes, percentages refer to the
variability explained by the principal component), and black dots indicate scores of in-
dividual observations (top- and right-axes) on the principal components (A: component
1 and 2, B: component 2 and 3).

7.4. DISCUSSION

Trends in spring bloom phenology can be interpreted as responses to nutrient reduction

as well as to slowly acting environmental processes, such as climate change. To disen-

tangle or even quantify these trends, suitable observation platforms and subsequent an-

alytical approaches must be chosen. We present evidence that fundamental challenges

of ferrybox observations can be overcome to yield an internally consistent data source.

Subsequently, the behaviour of commonly used bloom metrics in presence of decadal

trends can be scrutinized in the context of previously reported system knowledge. Fi-

nally, we attempt to disentangle the effects of nutrient availability and meteorological

conditions on inter-annual variability in bloom phenology.

7.4.1. AUTOMATED PROCESSING OF FERRYBOX OBSERVATIONS

Thresholds for speed, flow rate, and data variability were iteratively adjusted to the data

set and may not be applicable to other ferrybox implementations. Particularly flow rate,

derived from differences in line and hull temperature will likely require tuning to each

ferrybox installation. However, here we analysed data from two ferrybox installations,

which could be treated with the same set of thresholds. Transect-wise normalization of

the quality controlled fluorescence data was adequate to consistently interpret obser-

vations collected by different generations of instrumentation. However, this approach
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crucially depends on continuous temporal coverage of reference measurements for cal-

ibration to CHLa concentrations. Adaptive regression analysis improved the handling of

statistical outliers which would otherwise hamper determination of fluorescence yield,

while transects for which no bottle samples are available were corrected with an in-

terpolated fluorescence yield derived from the closest bottle-sampled transects. The

present procedure allows for automated and reproducible processing which is an im-

provement over manual quality control. Applying the proposed interpolated fluores-

cence yield helps in reprocessing and long-term data analysis of ferrybox fluorescence

observations to better represent natural variability.

7.4.2. VARIABILITY IN FLUORESCENCE YIELD

Diurnal fluorescence patterns showed low seasonal dependence after accounting for so-

lar elevation. Unsurprisingly, light intensity is the predominant factor in Baltic Sea phy-

toplankton fluorescence yield variability. Other seasonal differences in fluorescence re-

sponse can be attributed to typically higher cloud cover in winter compared to summer

and spring/autumn, which was not accounted for in our analysis. The seasonal cycle

of species composition, from dinoflagelate and diatom dominated spring communities

(Klais et al., 2011) to cyanobacterial summer bloom (Kahru and Elmgren, 2014), influ-

enced fluorescence yield considerably less than diel cycles.

The diurnal variability in fluorescence response of 50 % during an average summer

day is within the range of earlier findings, e.g. 66 % (±33 %) for near surface observa-

tions in upwelled waters of the equatorial Pacific reported by Dandonneau and Neveux

(1997) or 30 % for near-surface seaglider observations in Northeast Pacific waters off the

Washington coast, USA (Sackmann et al., 2008), although differences in normalization

impede direct comparison. The sampling depth of 5 m for Alg@line systems and the

high attenuation of the Baltic Sea in comparison to clear Pacific Ocean waters are likely

to dampen the observed diurnal variability.

In this study, fluorescence observations during spring, when diurnal variability

reached on average 38 %, were binned for five large Baltic Sea areas. At a typical cruising

speed of approximately 23 knots each sea area is sampled for at least several hours.

This limits the influence of diurnal variability in fluorescence yield along a transect

on derived CHLa concentration, which is therefore of lesser relevance for the present

study. However, if fluorescence measurements were to be quantitatively evaluated at

a higher spatial resolution, locally varying fluorescence yield should be accounted for.

Analysis of signal-coherence (Groetsch et al., 2014b) offers an alternative to quantitative

interpretation of fluorescence observations and can be used to qualitatively detect
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cyanobacterial surface bloom. If light history is known, e.g. from a dedicated irradiance

sensor, a correction of diurnal fluorescence yield variability might be possible and

further research in this direction is recommended.

7.4.3. SPRING BLOOM TIMING AND INTENSITY

The presented bloom phenology expands the time series presented by Fleming and

Kaitala (2006) and is in good agreement for the overlapping period (2000 - 2004) when

comparing the const5 metric results. Remaining differences are likely due to quality-

control and pre-processing procedures on the fluorescence records. The authors

reported for gof, nbp, and the Arkona Sea that bloom typically started in the south and

ended in the north, while bloom intensity increased towards the north. These obser-

vations are confirmed here. Sea areas not covered in Fleming and Kaitala (2006), e.g

the high-biomass bom and low-biomass sbp and got, followed the reported south-north

trend in bloom development. Present results also support and expand the findings

of Fennel (1999), who showed with simulations and monitoring data from 1994-1996

for the Western Baltic Sea that surface heating in early spring needs to overcome the

temperature of maximum density to repress convective mixing and allow spring bloom

to emerge. The temperature of maximum density increases with decreasing salinity, so

that convective mixing is sustained longer in less saline northern Baltic Sea waters when

spring temperature is on the rise. At the same time, incident solar radiation increases

slower in the north due to lower solar elevation.

7.4.4. TRENDS

Interannual variability in coastal systems exceeds long-term trends by orders of magni-

tude (Cole et al., 2012). Consequently, trends were observed at relatively low coefficients

of correlation. The importance of appropriate data preprocessing and gap handling (e.g

Cole et al., 2012; Racault et al., 2014a) and choice of metric (Ferreira et al., 2014) has

been demonstrated in literature and is further emphasized by the present analysis. Ro-

bustness of the reported decadal trends is documented by high statistical significance

levels (p ¿ 0.01, Figures 7.7 and 7.6), which were supported by spatially binning phenol-

ogy parameters from all examined Baltic Sea areas. Similar trends were observed earlier

for individual Baltic Sea areas, however, usually outside 95 % confidence intervals (e.g

Wasmund, 2003).

Łysiak-Pastuszak et al. (2014) reported stable or increasing CHLa concentrations for

the period 2007-2011 in several Baltic Sea areas despite signs of declining nutrient con-

centrations. More recently, eutrophication trend reversal and oligotrophication pro-
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cesses were reported by Andersen et al. (2017), based on analysis of 112 years of con-

solidated Baltic Sea observations. Both reports considered surface-layer CHLa concen-

tration in summer as one of the direct indicators for eutrophication, but did not include

spring bloom in their assessment. The time series for 2000-2014 that we present here fills

this gap: a negative trend in bloom intensity was also found for spring bloom, providing

further evidence for their hypothesis of gradual nutrient load reduction.

Thresholds of const5 and median5 are fixed for the whole time series. The observed

negative trend in peak concentration was expected to introduce an artificial negative

trend in bloom duration because an increasingly higher percentile of the distribution

is seen below the bloom threshold (Figure 7.1). Contrary to this expected behaviour,

however, const5 and median5 revealed no significant trends in bloom duration. This

indicates that the anticipated negative trend in bloom duration was countered by a

positive trend, e.g. in bloom intensity. The Weibull-metric is based on concentra-

tion distribution-ratios that are calculated individually for each bloom. Therefore,

Weibull-metric results for bloom duration are not sensitive to long-term trends in peak

concentration. Weibull-distribution metrics confirmed a highly significant, positive

trend in bloom duration. These two sets of results corroborate the conclusion that

spring blooms in the Baltic Sea have become longer, while CHLa peak and average

concentration levels declined.

This ’flattening’ of the concentration distribution is supported by the absence of a

trend in time-integrated biomass bloomidx and by shifts in nutrient concentration tim-

ing (earlier nutrient peak concentration, later 25 %-of-peak-value day). These results in-

dicate that annually generated spring bloom biomass has not changed significantly over

the study period, in contrast to bloom timing. Kahru and Elmgren (2014) found a similar

development for cyanobacterial summer surface bloom, and reported decadal oscilla-

tions, yet no long-term trend, of surface area covered by cyanobacteria in the period

1979-2013. In the same period, summer bloom initiation moved to earlier dates by -0.6

day yr−1). These results suggest that the gap has decreased between dinoflagelate- and

diatom-dominated spring bloom and cyanobacterial summer bloom. Due to the shorter

period covered here as compared to the time series presented by Kahru and Elmgren

(2014), it cannot be ruled out that the spring bloom trends are caused by decadal oscil-

lation. Moreover, Alg@line nutrient records often did not commence sufficiently early in

the season to record bloom onset. Trends in bloom start and nutrient peak timing can

therefore not be derived at the same accuracy and precision as the other phenological

parameters. In future, additional data and longer time series may revise this analysis. To

this end, nutrient metrics derived in this work are provided in the appendix.
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Our findings emphasize that bloom timing is an essential indicator to monitor ma-

rine ecosystem dynamics, and thus eutrophication status. Observations at high tempo-

ral resolution and choice of bloom metrics are crucial to derive bloom timing trends. Eu-

trophication status assessment frameworks such as HEAT3.0 (Andersen et al., 2017) may

be adapted to embrace available high-frequency data sources to include bloom timing in

their analysis. The present results may also prove useful in the calibration and validation

of ecosystem models of the Baltic Sea.

7.4.5. ENVIRONMENTAL FORCING

Gradually decreasing nutrient concentrations (Andersen et al., 2017; Łysiak-Pastuszak

et al., 2014), as well as rising average air- and sea-surface temperatures (Borsenkova

et al., 2013; Omstedt et al., 2004) have been reported for recent years, corresponding to

a combination of nutrient reduction efforts and global climate change. Several scenar-

ios for future change are plausible (Duarte et al., 2009) but extrapolation of the present

results to climate scenarios is beyond the scope of this study. We nevertheless make an

attempt to attribute the observed bloom phenology shifts to reported changes in envi-

ronmental drivers.

Winter-time nutrient concentration and bloom intensity were positively correlated

if no spatial normalization was applied. This supports the paradigm that the first-order

driver of bloom intensity is nutrient availability. Lacking alternative explanations, we

attribute the reported negative trend in bloom peak concentration to declining nutrient

concentrations. First-order spatial trends in bloom intensity and timing can be removed

by an area-wise z-score normalization, which effectively constrains the analysis to inter-

annual variability. After this normalization both regression and PCA resulted in negative

correlation between winter-time nutrient concentration and bloom intensity. This neg-

ative feedback can be understood as a subtle interaction between meteorological forcing

and nutrient supply: strong wind-forced mixing can cause upwelling of deep, nutrient

rich waters to surface layers. Wind speed, however, was found to be negatively correlated

to the prevalent light level, as well as to bloom duration and bloom index. Therefore, in

years when additional nutrients are available due to strong wind forced mixing, low-light

regimes that can slow down bloom development are also likely to prevail.

Bloom duration co-varied primarily with weather conditions, e.g. high irradiance

levels and low wind speeds were frequently observed for long-lasting blooms (and vice

versa). Although the same pattern was observed for bloom timing, no trend was found

for bloom start- and peak-day. Increasingly favourable meteorological conditions in

late bloom phases are thus a likely driver for the observed increase in bloom duration.



7.5. CONCLUSIONS

7

121

Similar weather-driven modulations of bloom timing were reported earlier (Fleming

and Kaitala, 2006; Meier et al., 2011; Neumann et al., 2012) for spring, and especially

cyanobacterial summer bloom (Kanoshina et al., 2003; Wasmund, 1997; Wynne et al.,

2010, 2011).

7.5. CONCLUSIONS
A Baltic Sea spring bloom phenology was derived from 15 years of automated ferrybox

CHLa fluorescence observations. Procedures for automated quality control and process-

ing were introduced and uncertainty due to diurnal variability in phytoplankton fluores-

cence response was resolved. Both innovations promote increased use of ferrybox obser-

vations for scientific research and monitoring purposes, such as the periodic HELCOM

eutrophication status assessments. Negative trends in spring bloom peak- and average-

concentration were found and an increase in bloom duration was derived from concep-

tually differing bloom metrics. Inter annual variability in bloom intensity was primarily

linked to nutrient availability, while bloom timing and duration was found to be related

to meteorological conditions. In the future, these findings might help to better disentan-

gle ecosystem response to changing nutrient availability and climatic conditions.
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8
SYNTHESIS

This chapter summarizes the main findings of this thesis. Implications and recommen-

dations for current monitoring strategies are discussed, and an outlook is presented to

future developments.

8.1. SYNTHESIS OF THE MAIN FINDINGS
The main objective of this thesis was to quantify the impact of environmental forcing on

phytoplankton abundance and distribution, based on optical monitoring at a range of

scales and perspectives. The following research questions were formulated in chapter 1

to pursue this objective:

• RQ 1: What are the dominant sources of apparent variability in above-surface op-

tical observations, and what is their impact on derived parameters?

• RQ 2: How can optical observations from independent perspectives foster unbi-

ased assessment of phytoplankton bloom?

• RQ 3: How can long-term variability in phytoplankton bloom be quantified and

attributed to trends in environmental conditions?

123
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RQ 1: SOURCES OF APPARENT VARIABILITY IN ABOVE-SURFACE OBSER-

VATIONS

Reflections at the water surface were identified as the major source of apparent variabil-

ity in above-surface reflectance measurements, and need to be corrected for to obtain

water colour. Most existing correction approaches are based on the assumption that the

water surface acts as a mirror and reflects exactly the patch of sky that is measured as sky

radiance in specular direction to the sea-viewing sensor. This assumption holds if the

water surface is perfectly flat, which is rarely the case in natural environments. Wind-

roughened water surfaces also reflect parts of the sky that are not covered by specular

sky radiance measurements. This is problematic since sky light intensity and spectral

shape vary throughout the sky. Furthermore, reflections of the sun disc on the water sur-

face – sun glint – can contribute significantly to the upwelling radiance signal. Sun glint

is distinctly different in spectral shape from diffuse sky light, and thus cannot be approx-

imated with sky radiance measurements. Measurement geometries may be constrained

such that sun glint contributions are minimized. These constraints, however, can often

not be met when recording from e.g. fixed-position moorings or ships-of-opportunity.

As a result, the majority of observations from such platforms are not available for further

analysis, or need to be assigned large error margins. In chapter 3, an analytical mod-

elling approach (3C) is proposed to mitigate these limitations. Fundamental to 3C is a

spectral approximation for sun and sky radiance that is not observationally covered by

sky radiance measurements. 3C treats sun glint separately from diffuse Rayleigh- and

aerosol-scattered radiance and was validated with a data set of matching above- and

below-water radiometric measurements collected in the Baltic Sea. The improvement

over an exclusively sky radiance-based correction was most pronounced under inho-

mogeneous sky conditions when measurements of sky radiance tend to be less repre-

sentative of surface-reflected radiance. For cloudless skies, it was demonstrated that 3C

can completely replace sky radiance measurements. Sky radiance measurements are

crucial for overcast sky observations since cloud cover is not accounted for in the atmo-

spheric model that underlies 3C. Sky radiance measurements could be made redundant

by amending a model component for cloud cover to future versions of 3C. It was further

demonstrated that accounting for sun glint relaxes constraints on measurement geome-

try. This will help to utilize observations from fixed-position or ship-borne instruments

that previously had to be discarded.

Adjacency effects are negligible for open-ocean applications, but can contribute con-

siderably to the downwelling light field in coastal regions and lakes. This is because

land typically reflects orders of magnitude stronger than water. Extensive cyanobacte-
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rial surface bloom may cause adjacency effects also at sea, due high scattering of some

cyanobacterial species. Remote sensing reflectance of water is defined as water-leaving

radiance normalized to downwelling irradiance. This normalization is commonly as-

sumed to compensate for any adjacency effects that may have contributed to the down-

welling light field. However, as detailed above, reflectance observations need to be cor-

rected for water-surface reflections that are rarely represented by sky radiance measure-

ments in specular direction to the sea-viewing sensor. Adjacency effects can not be as-

sumed constant throughout the sky, and thus may not be completely corrected for with a

specular sky radiance measurement. The magnitude of this artefact was studied in chap-

ter 4 in the context of inland water in situ reflectance observations. We analysed a semi-

continuous sky reflectance data set that was recorded in two viewing directions and over

a complete vegetation period of the terrestrial land cover background. It was concluded

that adjacency effects contributed a) predominantly in the near-infra-red, b) indepen-

dent of diffuse sky light intensity, c) dependent on season, and d) dependent on viewing

direction. Scaling differences were the dominant source of variability in sky radiance due

to adjacency effects. This supports earlier findings that illumination conditions have a

noticeable effect on apparent ground albedo, e.g. due to inhomogeneous bidirectional

reflectance distribution functions (BRDFs) of surrounding land cover. Adjacency effects

that differ only by scaling could easily be incorporated in water reflectance correction

approaches such as 3C, if a realistic approximation for the spectral shape of surround-

ing ground albedo is available. A lawn/grass reference ground albedo spectrum enabled

reasonable modelling of observed adjacency effects. Alternatively, ground albedo may

be derived from sky reflectance measurements. This is viable if the ground albedo is

dominated by surfaces that have negligible effects on large parts of the covered spectral

range. The exploited atmospheric modelling approach is the same as in 3C and limited

to clear sky observations. Clouds reflect more efficiently than air molecules and aerosols,

and are thus likely to increase adjacency effects. Further research into a cloud correction

term is therefore encouraged also here. In situ reflectance measurements often serve as

ground truth in validation efforts of remote sensing products. Quantifying the impact of

adjacency effects on these observations is therefore an important contribution to earth

observation frameworks, and will enhance data quality of inland water and coastal area

water quality products.

In summary, sky and sun glint, as well as adjacency effects were identified as pri-

mary sources of apparent variability in above-surface reflectance measurements. Open

source software libraries were developed to correct reflectance measurements for sky

and sun glint, and to quantify the potential impact of adjacency effects under clear sky
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conditions.

RQ 2: EXPLOITING INDEPENDENT PERSPECTIVES ON PHYTOPLANKTON

BLOOM

Highly variable vertical mixing makes the Baltic Sea a great challenge for optical moni-

toring approaches. Bright cyanobacterial surface blooms are in stark contrast to other-

wise predominantly dark Baltic Sea waters, which facilitates reporting on surface bloom

occurrences based on remotely sensed observations. Several in the Baltic Sea commonly

encountered cyanobacterial species can adjust their buoyancy to actively migrate in the

water column, which can cause their vertical distributions to be highly variable on small

spatial scales. Neither cell abundance at depth nor at the surface can be considered rep-

resentative of bloom biomass when most cells are concentrated in the surface layers.

Remotely sensed surface bloom occurrence is therefore a weak proxy for cell abundance

or bloom biomass, which are key parameters for ecosystem models and assessments of

eutrophication status. Vertical stratification further introduces opposing biases to satel-

lite and ferrybox-derived bloom estimates.

In chapters 5 and 6 it was demonstrated that a mechanistic understanding of poten-

tially stratified cyanobacterial bloom throughout all bloom phases can still be achieved

if remote sensing and ferrybox observations, as well as environmental constraints are

accounted for in the interpretation. Thirteen years of cyanobacterial summer bloom

timing were derived from remote sensing and ferryboxes in the Baltic Sea and found

to differ markedly for most years. Occasional periods of calm and warm weather were

shown to promote these discrepancies in bloom timing by supporting vertical stratifica-

tion. Correlations between remotely sensed and ferrybox observations improved consis-

tently when stratified or surfacing cyanobacterial bloom was excluded from the regres-

sion. Varying cell physiology and phytoplankton community composition are other con-

founding factors in the interpretation of phytoplankton fluorescence sampled at depth.

In cyanobacterial blooms, coherent dynamics of ferrybox measurements can be inter-

preted as driven by the same source – cyanobacterial cells. Combinations of phyco-

cyanin fluorescence, chlorophyll-a (CHLa) fluorescence, and turbidity varied coherently

in the 2005 central Baltic Sea cyanobacterial bloom. In chapter 6 wavelet coherence

analysis was applied to spatially resolve this coherence, which was found to be signifi-

cant at all encountered levels of stratification. It was concluded that in highly stratified

conditions, e.g. at low wind speed and elevated sea surface temperature, coherent ob-

servations indicate where surface accumulations will greatly affect remote sensing mea-

surements while ferrybox-derived concentrations of phycocyanin and especially CHLa
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can be rather low. In well-mixed cyanobacteria dominated blooms, concentrations de-

rived from space and in situ are directly comparable. Both conditions can automatically

be identified with the developed approach, which is a precursor to near-real time pro-

cessing efforts and further data assimilation.

In summary, discrepancies in cyanobacterial bloom observations from space and at

depth due to vertical stratification were predicted from environmental forcing factors,

i.e. the short-term history of wind-forced mixing, radiation, and sea surface temper-

ature. Interpretation of in situ sampled spatial variability by means of wavelet coher-

ence analysis adds a stratification-independent perspective to distinguish high- from

low-biomass surface bloom. These results are going to improve bloom biomass estima-

tions and ecosystem status assessments at arbitrary levels of bloom stratification.

RQ 3: EFFECTS OF ENVIRONMENTAL TRENDS ON PHYTOPLANKTON

BLOOM

Spring bloom observations in the Baltic Sea are scarce. High average cloud cover in

the region limits use of satellite remote sensing, and high costs of dedicated research

cruises and coastal laboratories limit their spatio-temporal coverage. For this reason,

fluorescence measurements from ships-of-opportunity are the primary source of

observations to study spring bloom dynamics in this region. Deriving phytoplankton

spring bloom phenology from such unattended and automated pigment fluorescence

measurements presents a number of challenges that were met in chapter 7. Existing

procedures for automated quality control and processing had to be revised to ensure

consistently high quality of data collected by generations of instrumentation, and thus

to separate apparent variability from ecosystem variability. As part of these efforts,

variability in phytoplankton fluorescence efficiency was studied. Diel changes in light

intensity could be confirmed as the predominant source of Baltic Sea phytoplankton

fluorescence efficiency variability. The seasonal cycle of species composition, from

dinoflagellate and diatom dominated spring communities to cyanobacterial summer

bloom, influenced fluorescence yield considerably less than diel cycles. Based on

these results, temporal averaging was recommended to resolve uncertainty due to

diurnal variability in phytoplankton fluorescence response. This groundwork yielded a

15-year phytoplankton spring bloom phenology, which was tested for decadal trends.

Trend-agnostic distribution-based (Weibull-type) bloom metrics were applied in

addition to a set of threshold-based metrics. Negative trends in spring bloom peak-

and average-concentration were found and an increase in bloom duration was derived

corroboratively from these conceptually differing bloom metrics. Significant decadal
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trends were then analysed against inter-annual variability in bloom timing and intensity,

and environmental drivers (nutrient concentration, temperature, radiation level, wind

speed). Bloom intensity was mainly determined by winter nutrient concentration,

while bloom timing and duration co-varied with meteorological conditions. Longer

blooms corresponded to higher water temperature, more intense solar radiation, and

lower wind speed. These findings help to better disentangle ecosystem response to

changing nutrient availability and climatic conditions. The suggested improvements in

automated processing and quality control promote increased use of ferrybox observa-

tions for scientific research and monitoring purposes, such as the periodic HELCOM

eutrophication status assessments.

In summary, it was concluded that over the period 2000 to 2014, nutrient reduction

efforts led to a decreasing bloom intensity trend of−0.31±10 mg m−3 yr−1, while changes

in Baltic Sea environmental conditions associated with global change correspond to a

lengthening spring bloom duration of 1.04±20 day yr−1.

8.2. RECOMMENDATIONS FOR OPERATIVE MONITORING

SCHEMES

IN SITU REFLECTANCE OBSERVATIONS

The spectrally resolved reflectance offset presented in chapter 3 accounts for sun glint,

therefore it is no longer a strict requirement to constrict measurement geometries such

that minimal sun glint contributions are observed, i.e. at 135 degrees from the sun in

the azimuthal plane and 40 degrees from nadir (Mobley, 1999, 2015). For instruments

installed on fixed or moving platforms, i.e. ships-of-opportunity, measurements are of-

ten observed in other geometries. For most of these observations, reflectance can still

be accurately derived with 3C, and corresponding measurements should not a priori be

invalidated during quality control.

Variability of upwelling radiance is typically high when compared to downwelling

radiance or irradiance due to reflections at the wavy water surface. Since 3C resolves

the apparent variability in these observations analytically, there is no reason to average a

series of upwelling radiance measurements prior to analysis. Such averaging could even

introduce undesirable spectral effects, e.g. due to variable sun glint contributions, and it

discards statistic evaluation of derived model parameters and corrected reflectances for

quality control.

Rayleigh- and aerosol-scattered diffuse sky light, as well as sun light, are accounted

for in 3C. Other reflections on the water surface, such as of measurement platforms,
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animals, or floating debris, are not included in the model. This should be kept in mind

when choosing measurement locations and when interpreting corrected reflectances.

The bio-optical model currently built into 3C relies, to some extent, on realistic spe-

cific inherent optical properties (sIOPs) to accurately separate the water-leaving signal

from surface-reflected radiation. This model may be replaced by a more suitable pen-

dant for water bodies that are not covered by the model specifications. Temporal and

spatial variability of sIOPs can be large (Babin et al., 2003; Simis et al., 2017), and fre-

quent sIOP measurements should therefore be integral part of operational measurement

schemes. Rayleigh-scattering in the atmosphere introduces spectral effects similar to

CDOM absorption in the water, and thus, at the very least, the CDOM absorption slope

should be regularly determined in situ to rule out spectral misinterpretation during 3C

model optimization.

Sky radiance represents diffuse sky light in a specific viewing direction. Wind-

roughened water surfaces reflect light from most directions in the sky, thus a

measurement of diffuse downwelling irradiance would be more representative of

surface-reflected sky light. Such a diffuse downwelling irradiance measurement would

also also yield the direct light field component, i.e. by calculating the difference to total

downwelling irradiance. These measured irradiances could replace corresponding an-

alytically separated components, and therefore reduce uncertainty in the correction of

reflectance measurements with 3C. If recording such an additional diffuse downwelling

irradiance component is not viable, sky radiance observations in several directions of

the sky can be used to approximate diffuse downwelling irradiance.

In the context of inland waters, recording sky radiance in a number of directions

would be helpful for estimating the spatial variability of adjacency effects. When inter-

preting water reflectance spectra recorded close to land, approximate ground albedo can

be deduced e.g. from satellite remote sensing observations or in situ measurements, to

support an accurate assessment of adjacency effect contamination with the approach

presented in chapter 4. Cloud cover and haze can aggravate adjacency effects, thus clear

sky conditions with low aerosol concentrations should be considered optimal measure-

ment conditions for minimizing adjacency effects.

SHIPS-OF-OPPORTUNITY

The coherence analysis approach presented in chapter 7 requires concurrent mea-

surements of related parameters. For this reason, we encourage equipping ferryboxes

with at least two sensor types, e.g. for CHLa fluorescence, turbidity, and phycocyanin

pigment fluorescence in the context of cyanobacterial bloom monitoring. Sampling
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rates should be increased such that the transition from passive-scalar behaviour to

biologically-driven regimes can be resolved with fractal analysis (see section 1.1). This

would require to resolve spatial patterns at scales on the order of 10 m, and thus a

sampling rate of approximately 1 sample per second at a typical cruising speed of 20

knots.

Fluctuating fluorescence efficiency is typically corrected for with laboratory-derived

CHLa reference concentrations from sparsely collected water samples. Ideally, these

samples should be collected daily or for every transect, to accurately derive changes

in fluorescence efficiency due to shifts in species composition. More short-term vari-

ability may be accounted for if light history can be taken into consideration. For this

purpose, ships-of-opportunity carrying ferryboxes should be equipped with light sen-

sors, measuring photosynthetically active radiation or spectrally resolved downwelling

irradiance. The latter would be a precursor to recording above-water reflectance, which

in combination with sub-surface fluorescence observations, could enable an objective

assessment of vertical bloom distribution. The same could be approached by sampling

pigment fluorescence and turbidity at several depths, i.e. operating an array of verti-

cally displaced water inlets and corresponding ferryboxes. Resolving the status of pho-

toprotective mechanisms in sampled phytoplankton (e.g. Houliez et al., 2015) might also

reveal clues regarding prior vertical position in the water column.

Flow-through instruments for IOP measurements recently became available

(Wollschlaeger et al., 2013), which could help to resolve variability in fluorescence

efficiency, or replace fluorescence observations altogether. In combination with above-

surface reflectance observations, these measurements are the missing link for optical

closure in operational monitoring schemes, and would therefore be a leap forward

for quality control and uncertainty budgets. I therefore recommend to strive towards

a variety of conceptually and perspectively distinct optical monitoring approaches

aboard ships-of-opportunity.

SATELLITE REMOTE SENSING

In recent years, monitoring of coastal and inland waters has attracted considerable at-

tention not only in the scientific community. In comparison to oceanic waters, these

targets require observations at higher spatio-temporal resolution and additional spec-

tral bands to adequately capture ecosystem variability (Blondeau-Patissier et al., 2014;

Dekker et al., 2017). Spatially highly resolved imagery can help augment the spectrally

resolved, but spatially coarse information from established ocean colour sensors in these

regions. In situ reflectance observations, i.e. from ships-of-opportunity, can play a piv-
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otal role in such an assimilation procedure, by providing accurate ground truth observa-

tions for spectroradiometric equalization and atmospheric correction. Instruments on

geostationary satellites offer temporally highly resolved observations that can be used to

monitor rapidly changing phenomena in the aquatic domain (Kwiatkowska et al., 2016;

Ruddick et al., 2014, 2012). Active radar remote sensing can help to fill the gaps in opti-

cally acquired data sets due to cloud cover, e.g. by recording surface roughness changes

for cyanobacterial scum tracking (Bresciani et al., 2013).

Most processing chains for retrieving water constituent concentrations from

reflectance observations implicitly assume vertically mixed water columns. Unrealisti-

cally high water-column concentration estimates result if, for example, cyanobacteria

accumulate near the water surface. Threshold-based flagging of these results is treating

a symptom rather than the cause of the problem, which is a lack of information about

the vertical phytoplankton distribution. Assimilation methodologies for in situ pigment

fluorescence profiles and satellite-derived CHLa concentrations, (e.g. Lavigne et al.,

2012, 2015), are promising approaches to mitigate this fundamental problem where

vertical profiles are available. The methodologies presented in chapters 5 and 6 reveal

conditions where vertical mixing can be assumed, and enable approximation of bloom

intensity also during stratified conditions.

8.3. OUTLOOK

The United Nations have called for a data revolution to monitor progress on the Sustain-

able Development Goals (SDGs) (United Nations General Assembly, 2015). In this con-

text, international interest in timely, affordable, and reliable data has grown. Expanding

access to clean water (SDG 6), preserving aquatic ecosystems (SDG 14), and mitigating

human impact on climate change (SDG 13) are ambitions that crucially rely on exten-

sive and targeted monitoring and management of aquatic environments. Quality and

quantity, as well as timeliness and accessibility of environmental observations have dra-

matically improved over the last decades as a result of increased storage and computing

capacities, and international efforts towards consolidated measurement protocols and

open access. We are currently witnessing a historic shift towards ’big data’, i.e. an un-

precedented abundance of data that requires and enables innovative approaches to ex-

tract relevant information from it. In the context of aquatic ecosystem monitoring, we

still stand at the beginning of this transition.

Future research should strive towards a fully assimilated 4D monitoring product that

incorporates high quality observations at a wide range of temporal and spatial scales,

also in the vertical domain. The vertical component may be initialized with simplis-
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tic meteorological forcing assumptions or fully-fledged hydrodynamic models, and be

updated wherever in situ observations are available. Machine learning could aid assim-

ilation and interpretation of these multivariate observations, but should be restricted

by physical frameworks such that a mechanistic understanding of the marine ecosys-

tem can be promoted. Statistical methods like coherence analysis are precursors to

approaches that fully exploit intricate correlations between variables, to derive causal

relationships. This thesis contributes to these advancements by unravelling the poten-

tial of corroborative interpretation and assimilation of readily available observational

resources.
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Niedźwiedź, T., Niemelä, P., Rasmus, S., Rutgersson, A., Schneider, B., Viitasalo, M.,

Wibig, J., and Zorita-Calvo, E. (2013). Climate Change in the Baltic Sea Are, HELCOM

thematic assessment in 2013. Technical report, Helcom.

Boyce, D. G., Lewis, M. R., and Worm, B. (2010). Global phytoplankton decline over the

past century. Nature, 466(7306):591–596.

Bresciani, M., Adamo, M., De Carolis, G., Matta, E., Pasquariello, G., Vaiciute, D., and Gi-

ardino, C. (2013). Monitoring blooms and surface accumulation of cyanobacteria in

the Curonian Lagoon by combining MERIS and ASAR data. Remote Sensing of Envi-

ronment, 146:124–135.



BIBLIOGRAPHY 135

Brewin, R. J., Sathyendranath, S., Müller, D., Brockmann, C., Deschamps, P.-Y., Devred,

E., Doerffer, R., Fomferra, N., Franz, B., Grant, M., Groom, S., Horseman, A., Hu, C.,

Krasemann, H., Lee, Z., Maritorena, S., Mélin, F., Peters, M., Platt, T., Regner, P., Smyth,

T., Steinmetz, F., Swinton, J., Werdell, J., and White, G. N. (2015). The Ocean Colour

Climate Change Initiative: III. A round-robin comparison on in-water bio-optical al-

gorithms. Remote Sensing of Environment, 162:271–294.

Bricaud, A., Babin, M., Morel, A., and Claustre, H. (1995). Variablility in the chlorophyll-

specific absorption coefficients of natural phytoplankton: Analysis and parameteriza-

tion. Journal of Geophysical Research, 100(C7):13,321–13,332.

Buiteveld, H., Hakvoort, J. H. M., and Donze, M. (1994). Optical properties of pure water.

SPIE, 174(Ocean Optics XII):2258.

Byrd, R. H., Lu, P., Nocedal, J., and Zhu, C. (1995). A Limited Memory Algorithm for

Bound Constrained Optimization. SIAM Journal on Scientific Computing, 16(5):1190–

1208.

Campbell, D. and Hurry, V. (1998). Chlorophyll fluorescence analysis of cyanobacte-

rial photosynthesis and acclimation. Microbiology and Molecular Biology Reviews,

62(3):667–683.

Campbell, J. B. (1996). Introduction to Remote Sensing. Guilford, New York, 5th edition.

Carstensen, J., Conley, D., and Henriksen, P. (2004). Frequency, composition, and causes

of summer phytoplankton blooms in a shallow coastal ecosystem, the Kattegat. Lim-

nology and Oceanography, 49(1):191–201.

Cleland, E. E., Chuine, I., Menzel, A., Mooney, H. a., and Schwartz, M. D. (2007). Shift-

ing plant phenology in response to global change. Trends in Ecology and Evolution,

22(7):357–365.

Cloern, J. E., Abreu, P. C., Carstensen, J., Chauvaud, L., Elmgren, R., Grall, J., Greening,

H., Johansson, J. O. R., Kahru, M., Sherwood, E. T., Xu, J., and Yin, K. (2016). Human

activities and climate variability drive fast-paced change across the world’s estuarine-

coastal ecosystems. Global Change Biology, 22(2):513–529.

Cole, H., Henson, S., Martin, A., and Yool, A. (2012). Mind the gap: The impact of missing

data on the calculation of phytoplankton phenology metrics. Journal of Geophysical

Research, 117(C08030):1–8.



136 BIBLIOGRAPHY

Cox, C. and Munk, W. (1954). Measurement of the Roughness of the Sea Surface from

Photographs of the Sun’s Glitter. Journal of the Optical Society of America, 44(11):838–

850.

Cui, S., Zhen, X., Wang, Z., Yang, S., Zhu, W., Li, X., Huang, H., and Wei, H. (2015). Toward

a new radiative-transfer-based model for remote sensing of terrestrial surface albedo.

Optics Letters, 40(16):3842–3845.

Cui, T.-W., Song, Q.-J., Tang, J.-W., and Zhang, J. (2013). Spectral variability of sea surface

skylight reflectance and its effect on ocean color. Optics Express, 21(21):24929–41.

Curtarelli, M., Ogashawara, I., Alcântara, E., and Stech, J. (2015). Coupling remote sens-

ing bio-optical and three-dimensional hydrodynamic modeling to study the phyto-

plankton dynamics in a tropical hydroelectric reservoir. Remote Sensing of Environ-

ment, 157:185–198.

Dandonneau, Y. and Neveux, J. (1997). Diel variations of in vivo fluorescence in the east-

ern equatorial Pacific: an unvarying pattern. Deep Sea Research Part II, 44(9):1869–

1880.

Daubechies, I. (1992). Ten Lectures on Wavelets, volume 61 of CBMS-NSF Regional Con-

ference Series in Applied Mathematics. Society for Industrial and Applied Mathematics.

Dee, D. P., Uppala, S. M., Simmons, a. J., Berrisford, P., Poli, P., Kobayashi, S., Andrae, U.,

Balmaseda, M. a., Balsamo, G., Bauer, P., Bechtold, P., Beljaars, a. C. M., van de Berg, L.,

Bidlot, J., Bormann, N., Delsol, C., Dragani, R., Fuentes, M., Geer, a. J., Haimberger, L.,

Healy, S. B., Hersbach, H., Hólm, E. V., Isaksen, L., Kållberg, P., Köhler, M., Matricardi,

M., McNally, a. P., Monge-Sanz, B. M., Morcrette, J.-J., Park, B.-K., Peubey, C., de Ros-

nay, P., Tavolato, C., Thépaut, J.-N., and Vitart, F. (2011). The ERA-Interim reanalysis:

configuration and performance of the data assimilation system. Quarterly Journal of

the Royal Meteorological Society, 137(656):553–597.

Dekker, A. G., Pinnel, N., Gege, P., Briottet, X., Court, A., Peters, S., Turpie, K. R., Sterckx,

S., Costa, M., Giardino, C., Brando, V. E., Braga, F., Bergeron, M., Heege, T., and Pflug, B.

(2017). Feasibility Study for an Aquatic Ecosystem Earth Observing System. Technical

Report submitted for endorsement by CEOS, Committee on Earth Observing Satellites

(CEOS).

Denman, K., Okubo, A., and Platt, T. (1977). The chlorophyll fluctuation spectrum in the

sea. Limnology and Oceanography, 22(6):1033–1038.



BIBLIOGRAPHY 137

Dickey, T. D. (2003). Emerging ocean observations for interdisciplinary data assimilation

systems. Journal of Marine Systems, 40-41:5–48.

Domingues, C. M., Church, J. A., White, N. J., Gleckler, P. J., Wijffels, S. E., Barker, P. M.,

and Dunn, J. R. (2008). Improved estimates of upper-ocean warming and multi-

decadal sea-level rise. Nature, 453(7198):1090–1093.

Dörnhöfer, K., Göritz, A., Gege, P., Pflug, B., and Oppelt, N. (2016). Water Constituents

and Water Depth Retrieval from Sentinel-2A - A First Evaluation in an Oligotrophic

Lake. Remote Sensing, 8(11):941.

Doubell, M. J., Seuront, L., Seymour, J. R., Patten, N. L., and Mitchell, J. G. (2006). High-

Resolution Fluorometer for Mapping Microscale Phytoplankton Distributions. Ap-

plied and Environmental Microbiology, 72(6):4475–4478.

Duarte, C. M., Conley, D. J., Carstensen, J., and Sánchez-Camacho, M. (2009). Return

to Neverland: Shifting Baselines Affect Eutrophication Restoration Targets. Estuaries

and Coasts, 32(1):29–36.

Elmegreen, B. G. and Falgarone, E. (1996). A fractal origin for the mass spectrum of in-

terstellar clouds. The Astrophysical Journal, 471(2):816–821.

Fargion, G. S. and Mueller, J. L. (2000). Ocean Optics Protocols For Satellite Ocean Color

Sensor Validation, Revision 2.

Fennel, K. (1999). Convection and the timing of phytoplankton spring blooms in the

western Baltic Sea. Estuarine, Coastal and Shelf Science, 49:113–128.

Ferreira, A. S., Visser, A. W., MacKenzie, B. R., and Payne, M. R. (2014). Accuracy and

precision in the calculation of phenology metrics. Journal of Geophysical Research:

Oceans, 119(12):8438–8453.

Fleming, V. and Kaitala, S. (2006). Phytoplankton spring bloom intensity index for the

Baltic Sea estimated for the years 1992 to 2004. Hydrobiologia, 554(1):57–65.

Fleming-Lehtinen, V., Andersen, J. H., Carstensen, J., Łysiak-Pastuszak, E., Murray, C.,

Pyhälä, M., and Laamanen, M. (2015). Recent developments in assessment method-

ology reveal that the Baltic Sea eutrophication problem is expanding. Ecological Indi-

cators, 48:380–388.

Frank, C., Schroeder, F., and Petersen, W. (2010). FerryBox: Using automated water mea-

surement systems to monitor water quality: Perspectives for the Yangtze river and

Three Gorges Dam. Journal of Earth Science, 21(6):861–869.



138 BIBLIOGRAPHY

Gege, P. (1998). Characterization of the phytoplankton in Lake Constance for classifica-

tion by remote sensing. Arch. Hydrobiol. Spec. Issues Advanc. Limnol, (53):179–193.

Gege, P. (2004). The water color simulator WASI: an integrating software tool for analysis

and simulation of optical in situ spectra. Computers & Geosciences, 30(5):523–532.

Gege, P. (2012). Analytic model for the direct and diffuse components of downwelling

spectral irradiance in water. Applied Optics, 51(9):1407–1419.

Gege, P. (2014a). A case study at Starnberger See for hyperspectral bathymetry mapping

using inverse modeling. In WHISPERS 2014, pages 1–4.

Gege, P. (2014b). WASI-2D: A software tool for regionally optimized analysis of imaging

spectrometer data from deep and shallow waters. Computers and Geosciences, 62:208–

215.

Gege, P. and Groetsch, P. (2016). A spectral model for correcting sun glint and sky glint.

In Proceedings of Ocean Optics XXIII.

Gege, P. and Pinnel, N. (2011). Sources of variance of downwelling irradiance in water.

Applied Optics, 50(15):2192–2203.

George, D. and Edwards, R. (1976). The effect of wind on the distribution of chlorophyll a

and crustacean plankton in a shallow eutrophic reservoir. Journal of Applied Ecology,

13(3):667–690.

Gholizadeh, M. H., Melesse, A. M., and Reddi, L. (2016). Spaceborne and airborne

sensors in water quality assessment. International Journal of Remote Sensing,

37(14):3143–3180.

Gnanadesikan, A. and Anderson, W. G. (2009). Ocean Water Clarity and the Ocean

General Circulation in a Coupled Climate Model. Journal of Physical Oceanography,

39(2):314–332.

Gons, H. J. (1999). Optical teledetection of chlorophyll a in turbid inland waters. Envi-

ronmental Science and Technology, 33(7):1127–1132.

Gordon, H. R., Brown, J. W., Brown, O. B., Evans, R. H., and Smith, R. C. (1988). A semi-

analytic radiance model of ocean color. Journal of Coastal Research, 93(D4):10,909–

10,924.

Gordon, H. R. and McCluney, W. R. (1974a). Estimation of the depth of sunlight penetra-

tion in the sea for remote sensing. Applied Optics, 1:413–416.



BIBLIOGRAPHY 139

Gordon, H. R. and McCluney, W. R. (1974b). Estimation of the depth of sunlight penetra-

tion in the sea for remote sensing. Applied Optics, 14(2):413–416.

Grayek, S., Staneva, J., Schulz-Stellenfleth, J., Petersen, W., and Stanev, E. V. (2011). Use

of FerryBox surface temperature and salinity measurements to improve model based

state estimates for the German Bight. Journal of Marine Systems, 88(1):45–59.

Gregg, W. and Carder, K. (1990). A simple spectral solar irradiance model for cloudless

maritime atmospheres. Limonology And Oceanography, 35(8):1657–1675.

Gregg, W. W. (2007). IOCCG Report Number 6: Ocean-Colour Data Merging. Technical

report.

Grinsted, A. (2004). Application of the cross wavelet transform and wavelet coherence to

geophysical time series. Nonlinear Processes in Geophysics, 11(5):561–566.

Groetsch, P. M. M., Eleveld, M. A., Simis, S. G. H., and Peters, S. W. M. (2012). Analysis

of Chlorophyll a patterns along a transect in the Baltic Sea. In Proceedings of Ocean

Optics XXI.

Groetsch, P. M. M., Eleveld, M. A., Simis, S. G. H., and Peters, S. W. M. (2014a). Mete-

orological Forcing of Remotely Sensed Summer Bloom Timing in the Baltic Sea. In

Proceedings of Ocean Optics XXII.

Groetsch, P. M. M., Gege, P., Simis, S. G. H., Eleveld, M. A., and Peters, S. W. M. (2017a).

Validation of a spectral correction procedure for sun and sky reflections in above-

water reflectance measurements. Optics Express, 25(16):A742–A761.

Groetsch, P. M. M., Gege, P., Simis, S. G. H., Eleveld, M. A., and Peters, S. W. M. (2017b).

Variability of adjacency effects in sky reflectance measurements. Optics Letters,

42(17):1–5.

Groetsch, P. M. M., Simis, S. G. H., Eleveld, M. A., and Peters, S. W. M. (2014b). Cyanobac-

terial bloom detection based on coherence between ferrybox observations. Journal of

Marine Systems, 140:50–58.

Groetsch, P. M. M., Simis, S. G. H., Eleveld, M. A., and Peters, S. W. M. (2016). Spring

Blooms in the Baltic Sea have weakened but lengthened from 2000 to 2014. Biogeo-

sciences, (13):4959–4973.

Gueymard, C. A. (2001). Parameterized transmittance model for direct beam and cir-

cumsolar spectral irradiance. Solar Energy, 71(5):325–346.



140 BIBLIOGRAPHY

Hajdu, S., Höglander, H., and Larsson, U. (2007). Phytoplankton vertical distributions

and composition in Baltic Sea cyanobacterial blooms. Harmful Algae, 6(2):189–205.

Hallegraeff, G. M. (1993). A review of harmful algal blooms and their apparent global

increase. Phycologia, 32(2):79–99.

Hansson, M. and Håkansson, B. (2007). The Baltic Algae Watch System - a remote sensing

application for monitoring cyanobacterial blooms in the Baltic Sea. Journal of Applied

Remote Sensing, 1(011507):1–10.

Harrison, A. and Coombes, C. (1988). An opaque cloud cover model of sky short wave-

length radiance. Solar Energy, 41(4):387–392.

Hays, G. C., Richardson, A. J., and Robinson, C. (2005). Climate change and marine

plankton. Trends in Ecology and Evolution, 20(6 SPEC. ISS.):337–344.

Heege, T. (2000). Flugzeuggestutzte Fernerkundung von Wasserinhaltsstoffen im Bo-

densee. PhD thesis, Freie Universitat Berlin.

Heisler, J., Glibert, P., Burkholder, J., Anderson, D., Cochlan, W., Dennison, W., Dortch,

Q., Gobler, C., Heil, C., Humphries, E., Lewitus, a., Magnien, R., Marshall, H., Sellner,

K., Stockwell, D., Stoecker, D., and Suddleson, M. (2008). Eutrophication and harmful

algal blooms: A scientific consensus. Harmful Algae, 8(1):3–13.

HELCOM (1974). Convention on the Protection of the Marine Environment of the Baltic

Sea Area , 1974 ( Helsinki Convention ).

HELCOM (1992). Convention on the Protection of the Marine Environment of the Baltic

Sea Area , 1992 ( Helsinki Convention ).

HELCOM (2007a). Baltic Sea Action Plan.

HELCOM (2007b). Climate Change in the Baltic Sea area. Baltic Sea Environment Pro-

ceedings, 111.

HELCOM (2013). Manual for Marine Monitoring in the COMBINE Program of HELCOM.

Technical report, Helcom.

Hieronymi, M. and Macke, A. (2010). Spatiotemporal underwater light field fluctua-

tions in the open ocean. Journal of the European Optical Society: Rapid Publications,

5:10019s.



BIBLIOGRAPHY 141

Ho, J. C. and Michalak, A. M. (2015). Challenges in tracking harmful algal blooms : A

synthesis of evidence from Lake Erie. Journal of Great Lakes Research, 41(2):317–325.

Hollmann, R., Merchant, C. J., Saunders, R., Downy, C., Buchwitz, M., Cazenave, A., Chu-

vieco, E., Defourny, P., De Leeuw, G., Forsberg, R., Holzer-Popp, T., Paul, F., Sandven,

S., Sathyendranath, S., Van Roozendael, M., and Wagner, W. (2013). The ESA climate

change initiative: Satellite data records for essential climate variables. Bulletin of the

American Meteorological Society, 94(10):1541–1552.

Hooker, S. B., Lazin, G., Zibordi, G., and Mclean, S. (2002). An evaluation of above- and

in-water methods for determining water-leaving radiances. Journal of Atmospheric

and Oceanic Technology, 19(4):486–515.

Horler, D. N. H., Dockray, M., and Barber, J. (1983). The red edge of plant leaf reflectance.

International Journal of Remote Sensing, 4(2):273–288.

Houliez, E., Lizon, F., Lefebvre, S., Felipe, L., and Schmitt, F. G. (2015). Phytoplankton

photosynthetic activity dynamics in a temperate macrotidal ecosystem ( the Strait of

Dover , eastern English Channel ): Time scales of variability and environmental con-

trol. Journal of Marine Systems, 147:61–75.

Hu, C., Lee, Z., Ma, R., and Yu, K. (2010). Moderate resolution imaging spectroradiome-

ter (MODIS) observations of cyanobacteria blooms in Taihu Lake, China. Journal of

Geophysical Research, 115(C04002):1–20.

Hunter, P. D., Tyler, A. N., Willby, N. J., and Gilvear, D. J. (2008). The spatial dynamics

of vertical migration by Microcystis aeruginosa in a eutrophic shallow lake: A case

study using high spatial resolution time-series airborne remote sensing. Limnology

and Oceanography, 53(6):2391–2406.

Jerlov, N. G. (1976). Marine optics. Elsevier Science, 2nd edition.

Ji, R., Edwards, M., Mackas, D. L., Runge, J. a., and Thomas, A. C. (2010). Marine plankton

phenology and life history in a changing climate: current research and future direc-

tions. Journal of Plankton Research, 32(10):1355–1368.

Johnsen, G. and Sakshaug, E. (1996). Light Harvesting in bloom-forming marine phyto-

plankton: species-specificity and photoacclimation. Scientia Marina, 60(1):47–56.

Kahru, M. and Elmgren, R. (2014). Multidecadal time series of satellite-detected accu-

mulations of cyanobacteria in the Baltic Sea. Biogeosciences, 11(13):3619–3633.



142 BIBLIOGRAPHY

Kahru, M., Leppänen, J., and Rud, O. (1993). Cyanobacterial blooms cause heating of the

sea surface. Marine Ecology Progress Series, 101(1):1–7.

Kahru, M. and Nommann, S. (1990). The phytoplankton spring bloom in the Baltic

Sea in 1985, 1986: multitude of spatio-temporal scales. Continental Shelf Research,

10(4):329–354.

Kahru, M., Savchuk, O., and Elmgren, R. (2007). Satellite measurements of cyanobac-

terial bloom frequency in the Baltic Sea: interannual and spatial variability. Marine

Ecology Progress Series, 343:15–23.

Kanoshina, I., Lips, U., and Leppänen, J.-M. (2003). The influence of weather conditions

(temperature and wind) on cyanobacterial bloom development in the Gulf of Finland

(Baltic Sea). Harmful Algae, 2(1):29–41.

Karagali, I., Høyer, J., and Hasager, C. (2012). SST diurnal variability in the North Sea and

the Baltic Sea. Remote Sensing of Environment, 121:159–170.

Kiefer, D. A. (1973). Fluorescence properties of natural phytoplankton populations. Ma-

rine Biology, 22(3):263–269.

Kiefer, D. a., Chamberlin, W. S., and Booth, C. R. (1989). Natural fluorescence of chloro-

phyll a: Relationship to photosynthesis and chlorophyll concentration in the western

South Pacific gyre. Limnology and Oceanography, 34(5):868–881.

Kirk, J. T. O. (1984). Dependence of Relationship Between Inherent and Apparent Optical

Properties of Water on Solar Altitude. Limnology and Oceanography, 29(2):350–356.

Kirk, J. T. O. (1994). Light and photosynthesis in aquatic ecosystems. Cambridge University

Press, New York.

Kiselev, V., Bulgarelli, B., and Heege, T. (2015). Sensor independent adjacency correc-

tion algorithm for coastal and inland water systems. Remote Sensing of Environment,

157:85–95.

Klais, R., Tamminen, T., Kremp, A., Spilling, K., and Olli, K. (2011). Decadal-scale changes

of dinoflagellates and diatoms in the anomalous baltic sea spring bloom. PloS one,

6(6):e21567.

Kolmogorov, A. (1991). The local structure of turbulence in incompressible viscous fluid

for very large Reynolds numbers. Proceedings: Mathematical and Physical Sciences,

434(1890):9–13.



BIBLIOGRAPHY 143

Korpinen, S., Meski, L., Andersen, J. H., and Laamanen, M. (2012). Human pressures and

their potential impact on the Baltic Sea ecosystem. Ecological Indicators, 15(1):105–

114.

Kraemer, B. M., Mehner, T., and Adrian, R. (2017). Reconciling the opposing effects of

warming on phytoplankton biomass in 188 large lakes. Scientific Reports, 7(1):10762.

Kratzer, S., Brockmann, C., and Moore, G. (2008). Using MERIS full resolution data to

monitor coastal waters—A case study from Himmerfjärden, a fjord-like bay in the

northwestern Baltic Sea. Remote Sensing of Environment, 112:2284–2300.

Krause, G., Vernotte, C., and Briantais, J.-M. (1982). Photoinduced quenching of chloro-

phyll fluorescence in intact chloroplasts and algae. Resolution into two components.

Biochimica et Biophysica Acta, 679:116–124.

Kutser, T. (2009). Passive optical remote sensing of cyanobacteria and other intense phy-

toplankton blooms in coastal and inland waters. International Journal of Remote Sens-

ing, 30(17):4401–4425.

Kutser, T., Metsamaa, L., and Dekker, A. G. (2008). Influence of the vertical distribution

of cyanobacteria in the water column on the remote sensing signal. Estuarine, Coastal

and Shelf Science, 78(4):649–654.

Kutser, T., Metsamaa, L., Strombeck, N., and Vahtmae, E. (2006). Monitoring cyanobac-

terial blooms by satellite remote sensing. Estuarine, Coastal and Shelf Science, 67:303–

312.

Kuusisto, M., Koponen, J., and Sarkkula, J. (1998). Modelled phytoplankton dynamics in

the Gulf of Finland. Environmental Modelling {&} Software, 13(5-6):461–470.

Kwiatkowska, E. J., Ruddick, K., Ramon, D., Vanhellemont, Q., Brockmann, C., Lebreton,

C., and Bonekamp, H. G. (2016). Ocean colour opportunities from Meteosat Second

and Third Generation geostationary platforms. Ocean Science, 12(3):703–713.

Laanen, M. L., Peters, S. W., Dekker, A., and van der Woerd, H. (2011). Assessment of the

scattering by sub-micron particles in inland waters. Journal of the European Optical

Society, 11046(6):1–8.

Lavigne, H., D’Ortenzio, F., Claustre, H., and Poteau, A. (2012). Towards a merged satellite

and in situ fluorescence ocean chlorophyll product. Biogeosciences, 9(6):2111–2125.



144 BIBLIOGRAPHY

Lavigne, H., D’Ortenzio, F., Ribera D’Alcalà, M., Claustre, H., Sauzède, R., and Gacic,

M. (2015). On the vertical distribution of the chlorophyll a concentration in the

Mediterranean Sea: a basin scale and seasonal approach. Biogeosciences Discussions,

12(5):4139–4181.

Lee, Z. (2006). IOCCG Report Number 5: Remote Sensing of Inherent Optical Properties

: Fundamentals , Tests of Algorithms , and Applications. Technical report.

Lee, Z., Ahn, Y.-h., Mobley, C., and Arnone, R. (2010). Removal of surface-reflected light

for the measurement of remote-sensing reflectance from an above-surface platform.

Optics Express, 18(25):171–182.

Lee, Z., Carder, K. L., and Arnone, R. A. (2002). Deriving inherent optical properties from

water color: a multiband quasi-analytical algorithm for optically deep waters. Applied

Optics, 41(27):5755–72.

Lee, Z., Carder, K. L., Mobley, C. D., Steward, R. G., and Patch, J. S. (1998). Hyperspec-

tral remote sensing for shallow waters. I. A semianalytical model. Applied Optics,

37(27):6329–38.

Lekan, J. and Wilson, R. (1978). Spatial variability of phytoplankton biomass in the sur-

face waters of Long Island. Estuarine and Coastal Marine Science, 6(181):239–251.

Leppänen, J.-M., Rantajärvi, E., Hällfors, S., Kruskopf, M., and Laine, V. (1995). Unat-

tended monitoring of potentially toxic phytoplankton species in the Baltic Sea in 1993.

Journal of Plankton Research, 17(4):891–902.

Leppänen, J. M., Rantajärvi, E., Maunumaa, M., Larinmaa, M., and Pajala, J. (1994).

Unattended algal monitoring system-a high resolution method for detection of phy-

toplankton blooms in the Baltic Sea. Proceedings of OCEANS94, 1:461–463.

Lips, I. and Lips, U. (2008). Abiotic factors influencing cyanobacterial bloom develop-

ment in the Gulf of Finland (Baltic Sea). Hydrobiologia, 614(1):133–140.

Lips, I., Rünk, N., Kikas, V., Meerits, A., and Lips, U. (2014). High-resolution dynamics of

the spring bloom in the Gulf of Finland of the Baltic Sea. Journal of Marine Systems,

129:135–149.

Lips, U. and Lips, I. (2013). Bimodal distribution patterns of motile phytoplankton in

relation to physical processes and stratification (Gulf of Finland, Baltic Sea). Deep Sea

Research Part II: Topical Studies in Oceanography, pages 1–13.



BIBLIOGRAPHY 145

Lips, U., Lips, I., Liblik, T., Kikas, V., Altoja, K., Buhhalko, N., and Rünk, N. (2011). Verti-

cal dynamics of summer phytoplankton in a stratified estuary (Gulf of Finland, Baltic

Sea). Ocean Dynamics, 61(7):903–915.

Łysiak-Pastuszak, E., Carstens, M., Leppänen, J.-M., Leujak, W., Nausch, G., Murray, C.,

and Jesper H., A. (2014). Eutrophication status of the Baltic Sea 2007-2011. Technical

Report 143, Helcom.

Maraun, D. and Kurths, J. (2004). Cross wavelet analysis: significance testing and pitfalls.

Nonlinear Processes in Geophysics, 11(4):505–514.

Maraun, D., Kurths, J., and Holschneider, M. (2007). Nonstationary Gaussian processes

in wavelet domain: Synthesis, estimation, and significance testing. Physical Review E,

75(1):016707.

Marra, J. (1997). Analysis of diel variability in chlorophyll fluorescence. Journal of Marine

Research, 55:767–784.

Martinez-Vicente, V., Simis, S. G. H., Alegre, R., Land, P. E., and Groom, S. B. (2013).

Above-water reflectance for the evaluation of adjacency effects in Earth observation

data: initial results and methods comparison for near-coastal waters in the Western

Channel, UK. Journal of the European Optical Society: Rapid Publications, 8:13060.

Matthews, M. W. (2011). A current review of empirical procedures of remote sensing in

inland and near-coastal transitional waters. International Journal of Remote Sensing,

32(21):6855–6899.

Matthews, M. W., Bernard, S., and Robertson, L. (2012). An algorithm for detecting

trophic status (chlorophyll-a), cyanobacterial-dominance, surface scums and floating

vegetation in inland and coastal waters. Remote Sensing of Environment, 124:637–652.

Matthews, M. W., Bernard, S., and Winter, K. (2010). Remote sensing of cyanobacteria-

dominant algal blooms and water quality parameters in Zeekoevlei, a small hyper-

trophic lake, using MERIS. Remote Sensing of Environment, 114(9):2070–2087.

Meier, H. E. M., Eilola, K., and Almroth, E. (2011). Climate-related changes in marine

ecosystems simulated with a 3-dimensional coupled physical-biogeochemical model

of the Baltic sea. Climate Research, 48(1):31–55.

Metsamaa, L., Kutser, T., and Strombeck, N. (2006). Recognising cyanobacterial blooms

based on their optical signature: a modelling study. Boreal Environment Research,

11:493–506.



146 BIBLIOGRAPHY

Mie, G. (1908). Beiträge zur Optik trüber Medien, speziell kolloidaler Metallösungen.

Annalen der Physik, 25(25):378–445.

Mobley, C. (1994). Light and water: Radiative transfer in natural waters. Academic Press.

Mobley, C. D. (1999). Estimation of the remote-sensing reflectance from above-surface

measurements. Applied Optics, 38(36):7442–55.

Mobley, C. D. (2008). Radiative Transfer in the Ocean. Encyclopedia of Ocean Sciences:

Second Edition, pages 619–628.

Mobley, C. D. (2015). Polarized reflectance and transmittance properties of windblown

sea surfaces. Applied Optics, 54(15):4828–4849.

Mora, C., Wei, C. L., Rollo, A., Amaro, T., Baco, A. R., Billett, D., Bopp, L., Chen, Q., Collier,

M., Danovaro, R., Gooday, A. J., Grupe, B. M., Halloran, P. R., Ingels, J., Jones, D. O. B.,

Levin, L. A., Nakano, H., Norling, K., Ramirez-Llodra, E., Rex, M., Ruhl, H. A., Smith,

C. R., Sweetman, A. K., Thurber, A. R., Tjiputra, J. F., Usseglio, P., Watling, L., Wu, T., and

Yasuhara, M. (2013). Biotic and Human Vulnerability to Projected Changes in Ocean

Biogeochemistry over the 21st Century. PLoS Biology, 11(10).

Morel, A. (1974). Optical properties of pure water and pure sea water. In Jerlov, N. G. and

Steemann Nielsen, E., editors, Optical Aspects of Oceanography, volume 1, chapter 1,

pages 1–24. Academic Press.

Morel, A. and Gentili, B. (1991). Diffuse reflectance of oceanic waters: its dependence

on Sun angle as influenced by the molecular scattering contribution. Applied Optics,

30(30):4427.

Morel, A., Huot, Y., Gentili, B., Werdell, P. J., Hooker, S. B., and Franz, B. a. (2007). Exam-

ining the consistency of products derived from various ocean color sensors in open

ocean (Case 1) waters in the perspective of a multi-sensor approach. Remote Sensing

of Environment, 111:69–88.

Morel, A. and Prieur, L. (1977). Analysis of variations in ocean color. Limnology and

oceanography, 22(4):709–722.

Mueller, P., Li, X.-p., and Niyogi, K. K. (2001). Update on Photosynthesis Non-

Photochemical Quenching. A Response to Excess Light Energy. Plant Physiology,

125(April):1558–1566.



BIBLIOGRAPHY 147

Nelson, D. and Smith, W. (1991). Sverdrup revisited: Critical depths, maximum chloro-

phyll and the control of Southern Ocean productivity by the irradiance-mixing regime.

Limnology and Oceanography, 36(8):1650–1661.

Neumann, T., Eilola, K., Gustafsson, B., Müller-Karulis, B., Kuznetsov, I., Meier, H. E. M.,

and Savchuk, O. P. (2012). Extremes of Temperature, Oxygen and Blooms in the Baltic

Sea in a Changing Climate. AMBIO, 41(6):574–585.

Neumann, T., Fennel, W., and Kremp, C. (2002). Experimental simulations with an

ecosystem model of the Baltic Sea: a nutrient load reduction experiment. Global Bio-

geochemical Cycles, 16(3):1–12.

Odermatt, D., Gitelson, A., Brando, V. E., and Schaepman, M. (2012). Review of con-

stituent retrieval in optically deep and complex waters from satellite imagery. Remote

Sensing of Environment, 118:116–126.

Omstedt, A., Pettersen, C., Rodhe, J., and Winsor, P. (2004). Baltic Sea climate: 200 yr

of data on air temperature, sea level variation, ice cover, and atmospheric circulation.

Climate Research, 25:205–216.

O’Neil, J., Davis, T., Burford, M., and Gobler, C. (2012). The rise of harmful cyanobacteria

blooms: The potential roles of eutrophication and climate change. Harmful Algae,

14:313–334.
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SUMMARY

Phytoplankton, i.e. algae and cyanobacteria, form the bottom of the marine food web

and thus their fate has repercussions on marine but also terrestrial ecosystems. Climate

change and other anthropological processes alter the marine habitat on a global scale

and affect phytoplankton abundance and composition in various, often unprecedented

ways. A comprehensive understanding of these complex biogeochemical interactions is

prerequisite to sustainable stewardship of oceans and lakes, and thus for maintaining life

on this planet, including that of a growing human population. The main objective of this

thesis was therefore to quantify the impact of environmental forcing on phytoplankton

abundance and distribution.

Satellites offer a synoptic view of water from space, complementary to localized ob-

servations recorded from just above or below the water surface (in situ), i.e. from re-

search vessels, ferries (so-called ships-of-opportunity), and coastal observatories. These

distinct perspectives on the ecosystem offer information at complementary temporal

and spatial scales that are required to derive long-term trends and to link these trends to

i.e. changing environmental conditions. However, each perspective comes with its own

conceptual and technological challenges. I utilized these distinct perspectives on water

to pursue my research objective. This was attempted in three stages, which also define

the structure of this book.

First, I assessed and revised methodologies for in situ measurements of water colour.

Second, I developed innovative approaches to analyse and corroborate observations

that were acquired from space, above-, and below-water. Third, I derived long-term

phytoplankton trends and attributed these to changing environmental conditions. In

the following, I will give a brief summary of the insights gained at each stage.

REVISED METHODOLOGIES FOR ABOVE-SURFACE WATER COLOUR OBSER-

VATIONS

Water surface reflections need to be corrected for to quantify the colour of water from

above the surface. Most existing correction approaches are based on the assumption

that the water surface acts as a mirror and reflects a well-defined patch of the sky. This

assumption holds for perfectly flat water surfaces, which are rarely found in natural en-
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vironments. Wind-roughened water surfaces reflect light from anywhere in the sky. This

is problematic because light intensity and colour vary throughout the sky, which is not

accounted for by existing approaches. Furthermore, reflections of the sun disc on the

water surface – sun glint – can contribute significantly to the observed water signal. Sun

glint is also not covered by existing approaches and thus measurement geometries need

to be constrained such that sun glint contributions are minimized. These constraints,

however, can often not be met when recording from e.g. fixed-position moorings or

ships-of-opportunity. As a result, the majority of observations from such platforms are

not available for further analysis, or need to be assigned large error margins. In chapter 3,

a new correction approach (3C) is proposed to mitigate these limitations. Fundamental

to 3C is a mathematical model to approximate sun and sky light. 3C was validated with

a data set of matching above- and below-water measurements collected in the Baltic

Sea. The improvement over conventional corrections was most pronounced under in-

homogeneous sky conditions. It was further demonstrated that accounting for sun glint

relaxes constraints on measurement geometry. 3C will help to utilize significantly more

observations from fixed-position or ship-borne instruments that previously had to be

discarded.

Adjacency effects are contaminations of the sky light that stem from surrounding

land cover, which typically reflects orders of magnitude stronger than water. Adjacency

effects in coastal regions and lakes may not be assumed constant throughout the sky, and

can thus contaminate measurements of water colour similar to sun and sky glint. The

magnitude of this artefact was studied in chapter 4. We analysed a data set of sky light

measurements that was recorded in two viewing directions and over a complete vege-

tation period of the terrestrial land cover background. It was concluded that adjacency

effects contributed considerably, dependent on viewing direction and season. In situ

water colour measurements often serve as ground truth in validation efforts of remote

sensing products. Quantifying the impact of adjacency effects on these observations is

therefore an important contribution to earth observation frameworks, and will enhance

data quality of inland water and coastal area water quality products.

In summary, sky and sun glint, as well as adjacency effects were identified as the

most important sources of non-water related variability in above-surface water colour

measurements. Open source software libraries were developed to correct water colour

measurements for sky and sun glint, and to quantify the potential impact of adjacency

effects on these measurements.



SUMMARY 161

CORROBORATING INDEPENDENT PERSPECTIVES ON PHYTOPLANKTON

BLOOM

Highly variable vertical mixing makes the Baltic Sea a great challenge for optical moni-

toring approaches. Bright cyanobacterial surface blooms are in stark contrast to other-

wise predominantly dark Baltic Sea waters, which facilitates reporting on surface bloom

occurrences based on remotely sensed observations. Several in the Baltic Sea commonly

encountered cyanobacterial species can adjust their buoyancy to actively migrate in the

water column, which can cause their vertical distributions to be highly variable on small

spatial scales. Neither cell abundance at depth nor at the surface can be considered rep-

resentative of bloom biomass when most cells are concentrated in the surface layers.

Remotely sensed surface bloom occurrence is therefore a weak proxy for cell abundance

or bloom biomass, which are key parameters for ecosystem models and assessments of

eutrophication status. Several passenger and cargo ferries in the Baltic Sea are equipped

with instruments that autonomously sample various parameters at several meters depth

in a flow-through set up (ferryboxes). Vertical stratification introduces opposing biases

to satellite and ferrybox-derived bloom estimates. This was demonstrated in chapter 5,

where thirteen years of cyanobacterial summer bloom timing were derived from remote

sensing and ferryboxes in the Baltic Sea and found to differ markedly for most years. Oc-

casional periods of calm and warm weather were shown to promote these discrepancies

in bloom timing by supporting vertical stratification.

In cyanobacterial blooms, coherent dynamics between distinct ferrybox measure-

ment channels can be interpreted as driven by the same source – cyanobacterial cells.

Combinations of cyanobacterial pigment fluorescence and turbidity varied coherently

in the 2005 central Baltic Sea cyanobacterial bloom. In chapter 6 wavelet coherence

analysis was applied to spatially resolve this coherence, which was found to be signifi-

cant at all encountered levels of stratification. It was concluded that in highly stratified

conditions, e.g. at low wind speed and elevated sea surface temperature, coherent ob-

servations indicate where surface accumulations will greatly affect remote sensing mea-

surements while ferrybox-derived pigment concentrations can be rather low. In well-

mixed cyanobacteria dominated blooms, concentrations derived from space and in situ

are directly comparable. Both conditions can automatically be identified with the de-

veloped approach, which is a precursor to near-real time processing efforts and further

data assimilation.

In summary, discrepancies in cyanobacterial bloom observations from space and at

depth due to vertical stratification were predicted from environmental forcing factors,

i.e. the short-term history of wind-forced mixing, radiation, and sea surface temper-
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ature. Interpretation of in situ sampled spatial variability by means of wavelet coher-

ence analysis adds a stratification-independent perspective to distinguish high- from

low-biomass surface bloom. These results are going to improve bloom biomass estima-

tions and ecosystem status assessments at arbitrary levels of bloom stratification.

EFFECTS OF ENVIRONMENTAL CHANGE ON PHYTOPLANKTON BLOOM

Spring bloom observations in the Baltic Sea are scarce. High average cloud cover in the

region limits use of satellite remote sensing, and high costs of dedicated research cruises

and coastal laboratories limit their spatio-temporal coverage. For this reason, fluores-

cence measurements from ships-of-opportunity are the primary source of observations

to study spring bloom dynamics in this region. Deriving phytoplankton spring bloom

phenology from such unattended and automated pigment fluorescence measurements

presents a number of challenges that were met in chapter 7.

Existing procedures for automated quality control and processing had to be revised

to ensure consistently high quality of data collected by generations of instrumen-

tation. This groundwork yielded a 15-year phytoplankton spring bloom phenology,

which was tested for decadal trends. Negative trends in spring bloom peak- and

average-concentration were found and an increase in bloom duration was derived

corroboratively from a set of conceptually differing bloom metrics. Significant decadal

trends were then analysed against inter-annual variability in bloom timing and intensity,

and environmental drivers (nutrient concentration, temperature, radiation level, wind

speed). Bloom intensity was mainly determined by winter nutrient concentration, while

bloom timing and duration co-varied with meteorological conditions. Longer blooms

corresponded to higher water temperature, more intense solar radiation, and lower

wind speed. These findings help to better disentangle ecosystem response to changing

nutrient availability and climatic conditions. The suggested improvements in auto-

mated processing and quality control promote increased use of ferrybox observations

for scientific research and monitoring purposes.

In summary, it was concluded that over the period 2000 to 2014, nutrient reduction

efforts led to a decreasing bloom intensity trend of−0.31±10 mg m−3 yr−1, while changes

in Baltic Sea environmental conditions associated with global change correspond to a

lengthening spring bloom duration of 1.04±20 day yr−1.
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