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Chapter 1
Introduction

1.1 Background
The North Sea is a marine area of high economic and ecological value. It is a relatively
shallow shelf sea, receiving nutrients from a large part of northern Europe. These factors
contribute to a relatively high primary production by phytoplankton (also called microalgae). This primary production forms the basis of the marine food chain and supports
populations of many species of fish, shellfish, marine mammals and other valuable marine
organisms. The area is intensively used for shipping, fisheries, aquaculture, recreation and
energy production.

1.1.1 Changes in the North Sea
The North Sea ecosystem is subject to several pressures: eutrophication, climate change,
increasing fishing pressure, pollution and many developments in coastal and marine
infrastructure. In response to changing pressures the ecosystem has changed during
recent decades and will most likely continue to change in the future.
During the 20th century concentrations of nutrients in rivers have increased due to the
use of fertilizers in agriculture and increasing populations in western Europe. Klein and
van Buuren (1992) estimated that nitrate concentrations in the Rhine were 3 to 4 times
higher in 1990 than in 1935 while phosphate concentrations were 7 times higher. The
increasing input of nutrients to the North Sea led to eutrophication issues, such as oxygen
depletion in seasonally stratified waters in the Oystergrounds area and the German Bight
(Niermann et al., 1990). Also the duration of nuisance algal blooms of Phaeocystis in the
Marsdiep area has increased from the mid-seventies to the nineties due to eutrophication
and decreased thereafter (Cadée and Hegeman, 2002). Phaeocystis blooms form a large
part of the seasonal spring phytoplankton bloom in the southern North Sea, and cause
foam accumulation on beaches (Figure 1.1). In response to these eutrophication issues
North Sea bordering countries have joined forces to reduce the input of nutrients into
the North Sea. This resulted in a reduction in phosphorus inputs of circa 50% on average
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in the years 2000 – 2005, compared to 1985. Also modest reductions in nitrogen inputs
have been achieved (OSPAR Commission, 2008).

Figure 1.1: A) Phaeocystis colony, showing the spherical gel of mucus in which Phaeocystis cells
are embedded (courtesy of Louis Peperzak) ; B) foam on beach attributed to Phaeocystis blooms
(http://cfb.unh.edu/phycokey/Choices/Prymnesiophyceae/PHAEOCYSTIS/ Phaeocystis_Image_
page.html ).

More recently, global warming has led to increasing temperatures and other climaterelated changes in the North Sea (Edwards and Richardson, 2004; Dulvy et al., 2008).
Changes in river discharges and associated nutrients due to shifts in rainfall patterns
have in the past affected phytoplankton dynamics, for example in Belgian coastal waters
(Breton et al., 2006). Variation in currents and exchanges with Atlantic water, due to
changes in wind patterns and ocean circulation, have also shown to have a significant
impact on marine plankton (Beaugrand et al., 2002; Weijerman et al., 2005; McQuattersGollop et al., 2011).
Fishing activities have strongly intensified since modern technology was introduced
in the early 1900s. Fish stocks have declined considerably since then, which is clearly
expressed in the 94% decrease in the landings of demersal fish per unit of fishing power
since 1880 (Thurstan et al., 2010, Figure 1.2). During the same period the abundance of
benthic fauna in the North Sea has dramatically decreased, especially large slow-growing
species, such as the ocean quahog (Arctica islandica) and common brittle star (Ophiothrix
fragilis) (Callaway et al., 2007). Also many long-lived pelagic fish species including tuna,
sharks and rays have experienced strong declines in abundance during the same period
(Lindeboom, 1995; MacKenzie and Myers, 2007).

Chapter 1
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Figure 1.2: Tonnes of bottom-living fish landed per unit fishing power by bottom-trawl fisheries
in the UK (from Thurstan et al., 2010).

Other pressures that may affect marine ecosystems include pollution with a wide range of
chemical pollutants and large construction projects, such as the development of marine
wind farms and harbours and deepening of shipping channels. These may influence
transport and mixing processes in the water and thereby the growth conditions and
spatial dispersal of planktonic organisms.

1.1.2 Need for monitoring
Coastal areas are often intensively used for different types of economic activity. The many
different users, pressures and impacts on the North Sea described above are similar in
many coastal areas worldwide. In such intensively used marine areas conflicts of interest
may arise when different uses impact each other. For example, there is a long-standing
debate between the conflicting interests of fisheries and nature conservation. Nature
conservation organisations accuse fisheries of destroying populations and habitats
of many marine species. Conversely, fisheries organisations blame the reduction of
nutrient inputs, especially P, for declining fish stocks. Large infrastructure projects, such
as the development of harbours or wind farms, need to perform environmental impact
assessments to prove that nature will not be negatively impacted to get the required
permits. And recreation along coasts benefits from attractive, healthy and safe waters,
without bad odours, suspect discoloration or floating scums. Aquaculture requires good
water quality as well, without bacterial and viral pollution from sewage or toxic algal
blooms, but with high concentrations of phytoplankton as food source.

12 | Chapter 1

To manage these conflicting interests in coastal waters, arguments on the changing
status of the North Sea due to pressures or mitigating measures should be supported by
sound data. To this end many monitoring programmes are in place to assess changes in
nutrient and phytoplankton concentrations, oxygen depletion events and populations of
economically or ecologically important marine species.
Preferably, these monitoring programmes should enable to answer not only the
question if a key variable is changing, but also why it is changing, so appropriate measures
can be taken. Therefore, additional variables need to be measured, that may provide
a better understanding of natural and human-induced variation in the key variables
of the monitoring programme. For example, in the Dutch eutrophication monitoring
programme for coastal waters, not only nitrogen, phosphorus, oxygen and chlorophyll
(as an approximation of total phytoplankton biomass) are measured, but also dissolved
silicate, water transparency, temperature and salinity. Data from this monitoring
programme show that nutrient concentrations in coastal waters have decreased from
1988 to 1995, following the decrease in nutrient inputs from rivers. However, chlorophyll
concentrations measured by the same monitoring programme do not show a significant
decline (De Vries et al., 1998). The Marsdiep station, which is sampled much more
frequently, also does not show a decrease of yearly averaged chlorophyll concentrations or
of the magnitude of the spring bloom (Philippart et al., 2010). However, here a significant
decrease of chlorophyll concentrations in autumn is observed from the early nineties to
2007. This example illustrates that the detection of changes in phytoplankton abundance
is affected by the monitoring location, monitoring frequency and by the method used for
quantification of phytoplankton abundance (average concentration, peak concentration,
bloom duration, timing of blooms etc.).
Traditionally, measurements of phytoplankton and supporting variables are made by
taking water samples from ships at weekly to monthly intervals. Increasing the sampling
frequency of such monitoring programmes to better capture the natural variability of
phytoplankton, is expensive. In recent decades, alternative monitoring methods are
being developed such as automated buoys and satellite remote sensing, that enable
monitoring of phytoplankton abundance at a high temporal and/or spatial resolution,
without additional cruises by dedicated monitoring vessels. However, these monitoring
methods are so far only used for research and not for trend and compliance checking.
Reasons for not using these high resolution data include limited access and experience
with these data.

1.1.3 Objectives of this thesis
In this thesis phytoplankton variability in the North Sea is investigated with a range of
traditional and novel monitoring methods. Phytoplankton variability is characterized in
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various methods for data analysis and modeling. In this way experience is gained with the
analysis and interpretation of data from automated monitoring methods. Furthermore,
the results will show how traditional and sensor-based monitoring strategies affect the
information that can be gained from the resulting data sets.
This chapter starts with a description of available monitoring methods for
phytoplankton (section 1.2). Subsequently, I give an overview of phytoplankton in
the North Sea and the processes affecting its dynamics (section 1.3), followed by an
introduction to relevant methods for data analysis and modeling (section 1.4). I conclude
with an outline of the thesis (section 1.5).

1.2 Monitoring phytoplankton abundance
Phytoplankton abundance can be defined and measured in many ways, for instance in
terms of chlorophyll concentration, chlorophyll fluorescence, number of phytoplankton
cells, biovolume and dryweight. In ecosystem models phytoplankton is usually defined
in carbon units, so it is consistent with units of carbon dioxide, oxygen and primary
production. However, there are no methods available to measure phytoplankton directly
in carbon units under field conditions. All these measures give a different approximation
of phytoplankton abundance. Available methods to measure phytoplankton abundance
are described below (section 1.2.1). Subsequently, the different platforms (moorings,
ships, satellites etc.) are described that are used to measure phytoplankton abundance
in the North Sea (section 1.2.2). Measurement methods differ in their applicability from
different platforms and thus the attainable spatial and temporal resolution.

1.2.1 Measurement methods for phytoplankton
The most commonly used measure for phytoplankton abundance is the chlorophyll a
concentration. Chlorophyll a is a pigment that is present in all cyanobacteria and algae,
and therefore it is commonly used as approximation of total phytoplankton abundance.
However, the chlorophyll content per cell varies over time and between species, so
total chlorophyll per sample can also vary through other processes than changes in
phytoplankton abundance (Riemann et al., 1989). The approach can be generalized to
the measurement of different photosynthetic pigments, which provides information on
the concentrations of different taxonomic groups (Mackey et al., 1996). Measurement of
the full range of photosynthetic pigments can be done with high-performance liquid
chromatography (HPLC). Another measurement method that is commonly used is
spectrophotometry. This method can measure chlorophyll a, in a 2-step procedure. But
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space and time, and the drivers of this variability are analyzed at different time scales with
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often the second step is omitted and chlorophyll is measured, including by-products of
chlorophyll a.
Through the microscope phytoplankton cells can be counted and the species
composition can be identified. Generally samples are concentrated before analysis, by
letting the phytoplankton cells settle in an Utermohl chamber. This classic approach
can provide highly detailed information on the species composition. However, small
picocyanobacteria and pico-eukaryotes may not settle and/or are too small to be
identified, resulting in an underestimation of their numbers and total phytoplankton
abundance Another potential bias in microscope cell counts is due to differences in
interpretation and identification of phytoplankton species by different specialists
handling the microscopic analysis (Culverhouse et al., 2003; Peperzak, 2010).
Flow cytometers automatically count particles in water and measure their
fluorescence, scatter and absorption characteristics at different wavelengths in order to
cluster phytoplankton particles in groups with similar properties (Sosik and Olson, 2007;
Thyssen et al., 2008; Pomati et al., 2011). The number of different groups that can be
distinguished is limited, compared to microscopic cell counts. However, flow cytometers
can count large numbers of cells and are very effective in distinguishing the smaller
pico-cyanobacteria and pico-eukaryotes. Some make pictures of each cell, to aid the
identification of different species. Flow cytometers are being tested for flow-through
operation along ships of opportunity (Thyssen et al., 2009).
Fluorometers measure fluorescence: the light emitted by phytoplankton pigments
at specific wavelengths to get rid of excess light. Fluorometers are commonly used
on moorings, such as the Smartbuoy (Greenwood et al., 2010; Capuzzo et al., 2013)
and moorings of the BATS program (Dickey et al., 2001), in CTD profiles and on ships
of opportunity (Petersen et al., 2008). Fluorescence can also be measured at different
wavelengths, characteristic for different pigment types, to get a rough estimate of the
major taxonomic groups (Jakob et al., 2005; Smythe-Wright et al., 2014). Fluorescence
measurements are susceptible to non-photochemical quenching, causing an
underestimation of chlorophyll levels when light intensities are high (Kiefer, 1973).
The Continuous Plankton Recorder (CPR) uses silk to filter water along transects of
ships of opportunity since the 1940s (Beaugrand, 2004; McQuatters-Gollop and Vermaat,
2011; Edwards et al., 2013). The coloration of the silk (the phytoplankton colour index
PCI) is classified in the lab and the species attached to the silk are identified. This method
is biased towards the larger phytoplankton groups in the surface layer, that cannot pass
through the silk. The resulting dataset has an exceptional spatial and temporal coverage,
dating back to long before most other phytoplankton time series started and covering
much of the North Atlantic.
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leaving radiance based on scattering and absorption characteristics of phytoplankton and
other substances in the surface layer (Ruddick et al., 2001; Van der Woerd and Pasterkamp,
2008; Tilstone et al., 2012). Algal blooms that reach high biomass near the surface, such as
Phaeocystis and Karenia blooms, can be observed with satellite remote sensing (Stumpf
et al., 2003, 2009; Kurekin et al., 2014). However, many toxic dinoflagellates are already
toxic at low concentrations, when they form only a small part of the total phytoplankton
population. Also dinoflagellates often form subsurface blooms near the pycnocline,
where they are too deep to be observed by satellite remote sensing.
Various molecular monitoring methods for specific harmful species are being
developed. Rinta-Kanto et al. (2005), for example, used qPCR (quantitative polymerase
chain reaction) for real-time monitoring of Microcystis in Lake Erie. In marine waters,
Greenfield et al. (2008) could accurately measure time series of several potentially
harmful algal species using two molecular probe techniques: a sandwich hybridization
assay (SHA) and fluorescent in situ hybridization (FISH).

1.2.2 Platforms for phytoplankton monitoring
Based on spatial coverage, monitoring data can be clustered into “point” data at fixed
stations, “line” data along transects and “map” data. Table 1.1 gives an overview of the
applicability of the methods described above to measure phytoplankton abundance for
different platforms. Methods that require extensive processing and analysis in a laboratory
are most suitable for monitoring at fixed stations. Automated sampling methods that can
measure phytoplankton directly in the water are suitable for application at fixed stations
and along transects. For a map view of phytoplankton abundance, remote sensing
methods are needed that estimate phytoplankton abundance from some distance above
the water.
Table 1.1: Applicability of measurement methods for different monitoring platforms.
Method \ platform

Remote sensing
Automated sampling
Laboratory analysis
(cameras on satellites,
(moorings, Ferrybox,
(water samples from
gliders, vertical profilers) airplanes, watchtowers,
piers or ships)
ships)

Chlorophyll concentration

X

Microscopy

X

Flow cytometry

X

X

Fluorescence

X

X

Molecular techniques

X

depends on method

Water colour: absorption
and scatter

X

X

X

Chapter 1

Chlorophyll maps from satellite remote sensing are estimated from observed water-
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“Point” data at fixed stations
Many monitoring programs use fixed monitoring locations, assuming that these stations
are representative of the surrounding area. The temporal resolution of such “point” data
can vary from several observations per hour from moorings, one to seven observations
per week from piers to weekly, biweekly or monthly observations from ships. An example
of a monitoring programme with moorings in the North Sea is provided by CEFAS. They
have deployed so-called Smartbuoys (Figure 1.3) at several stations in the North Sea,
measuring chlorophyll fluorescence, turbidity, temperature, salinity, light, oxygen and
nitrate for many years at high resolution (Kröger et al., 2009; Greenwood et al., 2010). Data
from four of these Smartbuoys are analyzed in chapters 6 and 7 of this thesis. Examples of
pier monitoring stations in the North Sea include Helgoland (Wiltshire et al., 2010; Kraberg
et al., 2011), Flødevigen (Dahl and Johannessen, 1998; Naustvoll et al., 2012) and Marsdiep
(Cadée and Hegeman, 2002; Philippart et al., 2010). Time series of weekly phytoplankton
measurements from ships are collected at station L4 along the English south coast since
1992 (Harris, 2010; Widdicombe et al., 2010) and at Stonehaven in Scottish coastal waters
since 1997 (Bresnan et al., 2009). Furthermore, fortnightly to monthly phytoplankton
measurements are collected by national governments bordering the North Sea at various
locations: station 330 in Belgian coastal waters since 1989 (Breton et al., 2006) and 18
stations in Dutch coastal waters since 1991 (Baretta-Bekker et al., 2009; Blauw et al., 2010;
Peperzak, 2010). Measurements are mostly collected at the water surface or integrated
over the top few meters. Occasionally, water samples are taken at different depths or
vertical profiles of fluorescence are measured.

Figure 1.3: A Smartbuoy mooring being deployed from a ship (courtesy of CEFAS).

“Line” data along transects
Ships that automatically collect data on phytoplankton on their way are called shipsof-opportunity or voluntary observing ships (VOS). Often ferries are equipped with
automated sampling devices as they go back and forth along fixed transects. The
temporal resolution of such “line” data depends on the frequency of the ferry service,
typically between daily and monthly. The intake of water for sampling by these ships
is typically at a fixed depth, a few meters below the surface. Well-known examples of
phytoplankton monitoring along transects are the Continuous Plankton Recorder (CPR)
(Edwards et al., 2013), the Alg@line (Ruokanen et al., 2003) and Ferrybox (Petersen et al.,
2008). Figure 1.4 shows an example of measurement results from the Ferrybox.

Figure 1.4: Example of results of a Ferrybox: chlorophyll fluorescence along a transect between
Cuxhaven (Germany) and Harwich (Great Britain) from March 2005 through June 2005 (from
Petersen et al., 2008).

Map data
Satellite remote sensing data can provide “map” data of various variables, including
chlorophyll, total suspended matter and temperature in the surface layer, with a temporal
resolution depending on the satellite frequency (typically daily) and cloud cover (Figure
1.5). Cloud cover varies between regions of the world and with seasons. The depth of the
surface layer for which the satellite remote sensing data are representative varies with the
transparency of the water. Capuzzo et al. (2013) estimated these “optical depths” at three
sites in the North Sea: satellites can see up to 2 m depth in the English turbidity plume,
4.5 m in the seasonally stratified central North Sea (Oystergrounds) and 10 m in the clear
waters north of the Dogger bank.
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Figure 1.5: Median chlorophyll concentrations in spring 2003 based on MERIS satellite data (from
REVAMP atlas, Peters et al., 2005).

1.3 Phytoplankton in the North Sea
Important issues that are directly linked with phytoplankton variability in the North Sea
include eutrophication, carrying capacity and toxic blooms. Too high phytoplankton
biomass, due to eutrophication, may negatively affect ecosystem health through
mortality of benthic organisms after oxygen depletion or insufficient light near the
bottom to support sea grass meadows. Too low phytoplankton biomass may negatively
affect the carrying capacity of an area for shellfish and fish, if the primary production
by phytoplankton limits the growth of organisms feeding (indirectly) on phytoplankton.
For these issues the main interest is in the variables total phytoplankton abundance and
primary production. Additionally, Phaeocystis is considered an indicator of eutrophication,
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(Lancelot, 1995).
Toxic blooms of Dinophysis or Alexandrium species occasionally cause damage in the
aquaculture areas in the Oosterschelde estuary in the south of the Netherlands (Van der
Fels-Klerx et al., 2012; Burson et al., 2014), and in coastal waters of the UK (Brown et al.,
2001; Bresnan et al., 2009), Denmark (Hansen et al., 2003) and Norway (Naustvoll et al.,
2012).
Main factors that are known to influence temporal and spatial variability of marine
phytoplankton are physical transport and mixing patterns, the availability of nutrients
and light, and food web interactions.

1.3.1 Physical transport
The North Sea is a shelf sea between the United Kingdom and continental Europe.
Atlantic waters enter through the Channel on the southern end and along the Scottish
coast on the northern end. The Coriolis effect, caused by the rotation of the Earth, creates
a counter-clockwise residual current. Continental rivers entering the sea tend to stay
close to the coast and flow to the right. Atlantic waters entering the North Sea along
the Scottish coast flow south along the UK coast until they meet waters flowing north
from the Channel. There both currents join, cross the North Sea and flow north along
the Dutch, German and Danish coasts. Here, fresh water discharges from continental
Europe enter the North Sea through major rivers, such as the Meuse, Rhine, Ems and Elbe.
This river input forms a band of relatively fresh and nutrient-rich water along the eastern
shores of the North Sea. North of Denmark brackish water from the Baltic Sea enters the
North Sea through the Kattegat and Skagerrak. Most water leaves the North Sea with the
residual current along the Norwegian Coast (Figure 1.6).
The residual current pattern described above is perturbed by tidal and wind-driven
currents. Tidal currents are driven by ebb and flood, moving waters back and forth with a
12-hour periodicity. Wind-driven currents may cause strong deviations from the residual
current patterns described above, for example high concentrations of Rhine water may
occasionally be observed in Belgian coastal waters (Lacroix et al., 2004).
High-resolution time series of chlorophyll tend to show a distinct 12-hour periodicity
caused by waters with different phytoplankton concentrations moving back and forth
with the tidal ebb and flood currents (Brunet and Lizon, 2003; Chen et al., 2010). Also
phytoplankton blooms are transported with the current as they grow. This means that
large stretches of coast may be affected by the same bloom, as the currents carry a
growing phytoplankton population downstream. Hence, local conditions sometimes
cannot explain the development of blooms, if these blooms originated elsewhere.
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Figure 1.6: Map of the North Sea: bathymetry and residual currents (from http://www.eea.
europa.eu/data-and-maps/figures/).

1.3.2 Mixing processes
The southern part of the North Sea is relatively shallow and has relatively large tidal
ranges. Towards the north the sea becomes gradually deeper, with lower tidal ranges
(Figure 1.7). Therefore, the southern part of the North Sea is vertically mixed year-round,
whereas the northern part is seasonally stratified.
Stratification is caused by density differences between the upper and lower layers of
the water column. As these density differences increase, for example due to heating of
the surface layer by the sun, increasingly more energy is needed to mix the two water
layers. In seasonally stratified areas, such as the Oystergrounds area in the central North
Sea, a distinct warm surface layer of several meters deep is observed during the summer
months (Sharples et al., 2006). Since vertical mixing is strongly reduced in such stratified
systems, particles that have sunken to deeper water layers do not return to the upper layer
until the system is mixed again by autumn storms (Greenwood et al., 2010). Therefore, the
surface layer is very clear but also poor in nutrients. Nutrients that have been taken up for
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layer after remineralisation. Since the upper layer is depleted of nutrients, phytoplankton
abundance in such stratified systems is generally highest at the interface between the
upper and lower layer. Here, a so-called “deep chlorophyll maximum” is formed (Weston
et al., 2005).

Figure 1.7: Tides in the North Sea as derived from observations. Red lines are co-phase lines of the
M2 tide, labelled in hours after the moon’s transit through the meridian of Greenwich. Blue lines
give the mean tidal range at spring tide (from: http://gyre.umeoce.maine.edu/physicalocean/
Tomczak/IntroOc/notes/figures/fig11a5.html).

In addition to temperature stratification, salinity stratification due to inflows of fresh
and brackish waters also occurs in the North Sea. Due to the large discharge of brackish
water from the Baltic Sea into the deep Skagerrak area the Norwegian coastal current
is permanently stratified (Lekve et al., 2006). Also in the Rhine plume along the shallow
Dutch coast salinity stratification occurs, but only temporarily. In these shallow waters
spring tides and strong winds eventually mix up the low-salinity top layer with the higher
salinity sea water (Simpson et al., 1993; De Boer et al., 2009).

Chapter 1

growth by phytoplankton sink as organic particles and the nutrients remain in the lower

22 | Chapter 1

1.3.3 Nutrients
Phytoplankton can continue to grow until one of the resources for growth gets depleted.
Therefore, phytoplankton can reach higher concentrations in areas where nutrient
concentrations are high. In coastal waters nitrogen, phosphorus or light are the resources
that are most likely to limit phytoplankton growth. For diatom species silicate availability
may also limit growth. Nutrient concentrations are generally higher in river water than
in sea water. Therefore, nutrient availability is positively correlated with the fraction of
fresh water and inversely correlated with salinity (de Vries et al., 1998). This is reflected by
relatively high chlorophyll concentrations in coastal waters compared to off-shore waters
(Radach and Gekeler, 1996; De Vries et al., 1998; Figure 1.5).
Although the positive correlation between nutrient availability and phytoplankton
abundance is obvious at large temporal and spatial scales, it is much less clear at smaller
scales. In time series, variation in phytoplankton abundance within the year is often
negatively correlated with nutrient availability, since nutrients that have been taken up
by phytoplankton are not available anymore in the water column (e.g. Lekve et al., 2006).
Correlations of individual nutrients (nitrogen, phosphorus and silicate) with phytoplankton
abundance are often confounded by the effects of the other limiting resources, including
light. If phytoplankton growth is limited by phosphorus but nitrogen is available in excess,
variation in nitrogen concentrations has only minor effects on phytoplankton growth
rates. Furthermore, in addition to nutrient concentrations, nutrient ratios may also affect
the phytoplankton species composition, since some species are better competitors for
nitrogen while others are better competitors for phosphorus (Tilman, 1977; Brauer et al.,
2012).
Several phytoplankton species are able to use both inorganic and organic nutrients
(Antia et al., 1991). For instance, toxic dinoflagellates of the Alexandrium genus (Figure
1.8A) can take up dissolved organic nutrients, such as urea (Dyhrman and Anderson,
2003). Other dinoflagellates, such as Dinophysis (Figure 1.8B), can even eat other algae
and use their biomass as nutrient and energy source. Dinophysis is even able to preserve
the photosynthetic pigments of its prey to use it for its own energy production. These
“stolen pigments” are called kleptoplastids (Park et al., 2006; Carvalho et al., 2008).
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Figure 1.8: Pictures of toxic phytoplankton species in the north Sea: A) electron microcope
image of Alexandrium minutum (from www.marinespecies.org) and B) light microscope picture
of Dinophysis acuta (from http://nordicmicroalgae.org).

1.3.4 Light and temperature
Phytoplankton need light to perform photosynthesis: the production of biomass from
light energy and inorganic substances. The availability of light for phytoplankton is
affected by the intensity of solar irradiance, the extinction of light in water and the mixing
depth. Extinction of light with depth is caused by absorption and scattering by suspended
particles, including phytoplankton, dissolved substances and water itself (Kirk, 1994;
Stomp et al., 2007). Mixing depth has a large impact on the light climate experienced by
phytoplankton. Since light intensity decreases exponentially with depth, phytoplankton
in shallow waters or shallow surface mixed layers receive higher light intensities than
those in deep waters or deeply mixed waters, where they are forced to stay in dim light
much of the time.
The availability of light affects both the temporal and spatial variability of
phytoplankton. Spatial variability in light availability is caused by a combination of
mixing depth and turbidity. Near-shore waters tend to be both shallower and more
turbid than waters further offshore. So these effects counteract each other and, contrary
to nutrient availability, there is no clear cross-shore gradient in light availability. Still in
very turbid estuaries primary production is often found to be limited by light availability
(Cloern, 1987). Also in various turbid coastal areas of the North Sea light availability limits
phytoplankton growth throughout the year (Colijn and Cadée, 2003; Loebl et al., 2009).
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Temporal variability of phytoplankton is strongly affected by periodic fluctuations in the
intensity of solar irradiance: the seasonal cycle and the day-night cycle. In the North Sea,
the seasonal cycle of solar irradiance leads to relatively low phytoplankton concentrations
but high nutrient availability in winter. During the onset of stratification in spring, mixing
depth quickly decreases and light intensity experienced by phytoplankton increases.
Therefore, the onset of stratification is often the trigger for spring blooms in seasonally
stratified waters (Sverdrup, 1953; Huisman et al., 1999). The spring bloom generally starts
later in turbid near-shore waters than in clear offshore waters. After the spring bloom,
phytoplankton concentrations may be reduced to lower levels throughout the summer
when nutrient limitation limits phytoplankton growth and grazers on phytoplankton are
abundant. In some areas also an autumn phytoplankton bloom is observed (Sommer et
al., 2012).
The day-night cycle in solar irradiance creates strongly fluctuating growth conditions
for phytoplankton. Part of the day there is no light available for growth and part of the
day there can be too much light available for optimal photosynthesis. Too much light can
damage the photosynthetic pigments if phytoplankton do not have developed defense
mechanisms. One of these defense mechanisms is non-photochemical quenching,
where the absorbed light energy is not used for photosynthesis but released as heat.
Another effect of the day-night cycle in solar irradiance is that the surface layer quickly
heats up during the day, which strongly reduces vertical mixing in the upper layers and
thereby induces diurnal variation in stratification. In the central North Sea, Van Haren et
al. (1998) found that water column stabilization during the day led to sinking of diatoms
from the surface to deeper layers. Convective mixing at night by cooling of the water
surface brought the diatoms back into the surface mixed layer. Other phytoplankton
species can swim so they can vertically migrate to a position where light and nutrient
conditions are optimal (Olsson and Granéli, 1991). Vertical migration often shows a daynight cycle as well, with phytoplankton moving up to the light during the day and down
to the nutrients during the night. If vertical mixing in the water column is too strong, such
vertical migration strategies are less successful.

1.3.5 Food web interactions and chaos
Phytoplankton forms the base of the marine food web. It is the main food source for many
species of shellfish and zooplankton. If these grazers are abundant they can cause a high
phytoplankton mortality. For example in the Eastern Scheldt estuary a high abundance
of mussels and oysters leads to low chlorophyll concentrations in clear and nutrient rich
waters (Prins et al., 1997). In coastal waters a peak abundance of zooplankton is often
observed following the spring phytoplankton bloom (Sommer et al., 2012). Due to this
high zooplankton abundance the spring bloom ends more abruptly than it would have
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phytoplankton blooms (Brussaard et al., 2005)
Phytoplankton species differ in their competitive abilities for nutrients and light, their
optimum temperature and salinity ranges, their vulnerability to turbulence and high
light stress and their resistance to grazing. If all these environmental conditions would
be constant over a long period, one might expect that the best adapted species for these
conditions would outcompete all other species. However, Hutchinson (1961) already
concluded that this does not happen in nature. In fact, a single milliliter of water may
contain tens, if not hundreds, of coexisting phytoplankton species. This apparent paradox
became known as “the paradox of the plankton”.
Huisman and Weissing (1999) showed that chaos theory can provide an explanation for
this paradox. In models with 3 or more phytoplankton species competing for 3 nutrients at
constant external conditions none of the phytoplankton species outcompeted the others.
Instead, each species bloomed and decayed, following the other in a never-ending series
of blooms. The system never reached equilibrium. Chaos theory was proposed by Lorenz
based on his experience with weather models (Lorenz, 1963). It is defined as sensitive
dependence on initial conditions. This means that a small difference in the state of the
system, such as a minor variation in nutrient concentration or phytoplankton abundance,
tends to grow exponentially over time. So after a while the bloom development can be
dramatically different between two systems that started almost the same. This effect is
also known as the butterfly effect. It is typically caused by several non-linear interacting
processes and it is the main reason why weather predictions of more than a few days
ahead tend to be rather unreliable. Benincà et al. (2008) demonstrated the presence of
chaos in a plankton community kept under constant laboratory conditions for 9 years.
Despite the constant conditions, the plankton community never reached a stable
equilibrium, but the species abundances continued to fluctuate over several orders
of magnitude. They estimated that sensible predictions could be made no more than
15-30 days ahead. These findings suggest that chaotic dynamics are likely to limit the
predictability of phytoplankton abundance, even if the environmental conditions and
their effects on phytoplankton growth and mortality rates would all be well known.

1.4 Methods for data analysis and modelling
Data analysis and modelling are closely related activities. Data analysis aims to identify
patterns in data and relations between explanatory and response variables. Models aim
to quantify these patterns and relations, to enable predictions for new similar situations.
A large variety of modelling approaches is available ranging from empirical models to
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without zooplankton (Calbet et al., 2003). Also virus infections can cause an abrupt end of
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mechanistic models. Empirical models are based on relations between observed data
and explanatory variables, as derived with statistical methods. Mechanistic models
describe relations between explanatory and response variables based on understanding
of the underlying processes. In practice most model applications combine mechanistic
and empirical components. Empirical models include options to control the shape of
the model, based on understanding of the underlying mechanisms. And mechanistic
models often include empirical relations between variables that have been identified
in earlier studies. Furthermore, mechanistic models can be automatically calibrated to
observed data, using inverse modelling methods. In this case the parameter values in the
mechanistic model are estimated empirically.
Often the availability of observed data is limiting the complexity of (both empirical and
mechanistic) models, in terms of the number of parameters that can be estimated reliably
from the data. Empirical models are therefore vulnerable to overfitting if the chosen
model is too complex for the supporting data. This leads to bad model performance
when the model is applied to other similar data sets. Mechanistic models are vulnerable
to overparameterisation if the chosen model is too complex for the supporting data. This
leads to similar model performance with many different combinations of model settings,
such that the “real” model parameters cannot be identified through calibration. Below
some common approaches for data analysis and modelling are described, including those
used in this thesis. Table 1.2 compares the model structure of the different modelling
approaches described in this chapter.
Table 1.2: Overview of the model structure of different modelling approaches.
Model name

Model structure

Linear regression

Y = a + bx1 + cx2 + dx3

Generalized linear model

Y = f(a + bx1 + cx2 + dx3)

Generalized additive model

Y = a + f(x1) + g(x2) + h(x3)

Neural network

Y = f(x1, x2 ,x3)

Decision tree

If x1 > a : Y = bloom
If x1 < a AND x2 > b: Y = bloom
If x1 < a AND x2 < b: Y = no bloom

Mechanistic model

dY/dt = growth – mortality + influx
growth = f(x1, x2, x3) * Y
mortality = g(x4) * Y
influx = h(x5)

1.4.1 Data analysis methods
A first step in the identification of relations between variables is usually the calculation of
correlations. Sometimes an explanatory variable affects a response variable with a time
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correlation between variables over a range of time lags in a time series. Cross correlation
analysis is performed as part of chapter 7. Autocorrelation is a special kind of cross
correlation where a time series is correlated with itself at different time lags. Many time
series are to some extent autocorrelated, because it takes time for a variable to change.
Therefore the phytoplankton concentration at a specific moment in time is likely to be
close to the concentration shortly before. Autocorrelation is an important issue in the
analysis of time series. Most statistical methods, for example for significance testing,
assume that the underlying data are independent. Time series data are generally not
independent, so statistical procedures need to be corrected for autocorrelation within
the data set (Brown et al., 2011).
Time series often show variability at different time scales, such as long-term trends,
seasonal variability and fluctuations at shorter time scales. Time scale decomposition is
commonly applied to separately study phenomena at different time scales. Time series
analysis methods are generally designed to study fluctuations around a mean value. If
the mean changes, due to a long-term trend, the time series is detrended. First, the local
mean is estimated, for example by a moving average or a linear trend line, and then this
local mean is subtracted from the time series (Chatfield, 2013). In this way the variability
of a time series is split into a long-term trend and short-term fluctuations around that
trend. This type of time scale decomposition has been applied in chapter 7 of this
thesis. Alternatively the effects of trends and seasonal patterns on the analysis of short
term fluctuations can be reduced by differencing the time series, i.e., by looking at the
rate of change of phytoplankton concentrations instead of the actual phytoplankton
concentrations. This approach is applied in chapter 6, and also in chapter 7 for the
seasonal time scale.
If cyclic patterns, such as seasonal cycles, tidal cycles or predator-prey cycles, are
the object of study spectral analysis is often applied. Traditionally, Fourier analysis is
a common method, for example for the analysis of tidal components in time series of
water levels. For the analysis of cyclic patterns in ecological time series Fourier analysis
is less suitable, since ecological series are often not stationary. Wavelet analysis is a type
of spectral analysis that is more suitable for ecological time series, because it does not
require time series to be stationary (Cazelles et al., 2008). Wavelet analysis approximates
fluctuations of a variable as a combination of localized periodic functions (wavelets) of
different frequency (Torrence and Compo, 1998). Wavelet analysis is used to analyze
periodicities in fluorescence time series in relation to the tidal cycle and day-night cycle
in chapters 6 and 7 of this thesis. As an extension of wavelet analysis, wavelet coherence
analysis identifies correlations and phase delays between oscillations of two time series.
Wavelet coherence analysis has been applied in chapter 6 of this thesis.
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lag. Such delayed responses can be identified with cross correlations. These show the
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1.4.2 Empirical models
The most commonly used empirical model is linear regression. In its simplest form the
response variable is regressed against one explanatory variable as a linear relation. In
multiple linear regression the response variable is fitted as the sum of linear relations
with several explanatory variables. Non-linear relations can sometimes be fitted as well
with linear models: by transforming the data of the explanatory variables or by using
a transfer function (as in generalized linear models). Logistic regression models are a
type of generalized linear model that is commonly used to simulate the frequency or
probability of phytoplankton bloom events as a function of environmental variables
(Lane et al., 2009).
Generalized Additive Models (GAMs) fit smooth functions of any shape between an
explanatory variable and a response variable (Hastie and Tibshirani, 1990; Wood, 2006).
Effects of individual explanatory variables are assumed to be independent, hence the
name “additive”. An advantage of GAMs is that the flexibility of the fit can be controlled,
to reduce overfitting. And the shape of the fitted “smooth functions”, that represent the
effect of each explanatory variables on the response variable can be easily visualized. This
is helpful to create understanding of the underlying mechanisms. This method is used in
the North Sea for example by Llope et al. (2009) and in chapter 7 of this thesis.
Neural network models can flexibly fit relations between multiple variables of any
shape. Benincà et al. (2008) fitted a neural network model to time series of several
interacting functional groups to investigate the relations in the food web of a mesocosm
kept at constant conditions for many years. Velo-Suárez and Gutiérrez-Estrada (2007)
used neural networks to predict the development and transport of Dinophysis blooms in
Spanish coastal waters.
Decision trees and fuzzy logic models use rule-based representations of interactions
among parameters. They can be derived from expert knowledge, data-mining, or a
combination of both. The most important difference between the two approaches is
that in decision trees, the model parameters are classified in crisp classes, whereas in
fuzzy logic models, they are classified in ‘fuzzy’, overlapping classes (Zadeh, 1965). Within
fuzzy logic, the extent to which an element is considered to fulfil a certain criterion is not
restricted to ‘true’ or ‘false’, but can be characterised by a value between zero (completely
false) and one (completely true). An advantage of fuzzy logic is the possibility to combine
qualitative and (partially) quantitative knowledge of physiological and physical processes
with a certain degree of uncertainty (Droesen, 1996). Ibelings et al. (2003) applied fuzzy
logic to successfully predict the occurrence of surface scums of the potentially toxic
cyanobacterium Microcystis in Lake IJsselmeer, the Netherlands. In Blauw et al. (2006,
2010), we modeled algal blooms of five different species in five European marine
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knowledge and use it for predictions (chapters 4 and 5 of this thesis).

1.4.3 Mechanistic models
Mechanistic models describe the processes affecting phytoplankton concentrations
step by step to calculate the changes in phytoplankton concentrations over time. Time
is divided into finite time steps and for each time step the phytoplankton concentration
is calculated based on the values of relevant variables in the previous time step. These
models can describe phytoplankton concentrations in small well-mixed water bodies,
such as laboratory cultures (Huisman and Weissing, 1994). For the simulation of larger
water bodies the spatial domain is divided into a one- to three-dimensional grid that
consists of finite segments. Many models have been developed that simulate physical,
chemical and biological processes in the North Sea, for example ERSEM (Beukema et al.,
1995; Baretta et al., 1995; Edwards et al., 2012), NORWECOM (Skogen et al., 1995), MIRO
(Lancelot et al., 2005; Lacroix et al., 2007) and GEM (Blauw et al., 2009 [chapter 2 of this
thesis]; Los and Blaas, 2010). These coupled physical-biological models simulate total
phytoplankton biomass, expressed as chlorophyll, for comparison with field observations.
Algal species are generally grouped together in two to four functional groups (Moll and
Radach, 2003). Some models in the North Sea simulate Phaeocystis as a separate species
together with groups of other marine species (Blauw et al., 2009; Lancelot et al., 2005).
Stock et al. (2005, 2007) developed a model for Alexandrium fundyense in the Gulf of Maine,
which was supported and validated by an extensive monitoring campaign, including cyst
bed mapping.

1.4.4 Predicting the unpredictable
Due to non-linear relations between many interacting variables, chaos theory predicts
that even the best possible model will not be able to predict day-to-day development of
phytoplankton abundance far ahead. How can we cope with this inherent unpredictability?
One approach is to predict ahead from operational monitoring data. With this approach
you only need to make short-term predictions. This approach is adopted for example by
Stumpf et al. (2009) in the Gulf of Mexico. When satellite remote sensing images show
algal blooms in off-shore waters, on-shore transport of these blooms is predicted by
numerical models. Other approaches, which are commonly used in weather forecasts,
are ensemble forecasts and data assimilation. Ensemble forecasts show the increase of
uncertainty of predictions with lead time, by starting several model predictions from
slightly different initial conditions. This results in a plume of model forecasts, with
trajectories close together a few days ahead and further apart at longer lead times,
which is typical for chaotic dynamics. This approach has been adopted for algal bloom
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waters with fuzzy logic and found that this method is very useful to synthesize present
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predictions by Roiha et al. (2010). With data assimilation, models are constantly updated
with recent field observations, to reduce any deviations from reality in an objective and
consistent way (Gregg, 2008).

1.5 Outline of this thesis
An important objective of this thesis is to characterize the variability of phytoplankton in
time and space. Based on this knowledge the optimal sampling interval and locations can
be selected. Phytoplankton concentrations show variability at different scales. At small
scales, turbulent mixing and transport cause local fluctuations in concentrations. At larger
scales, environmental conditions affect growth and mortality rates of phytoplankton. This
results in seasonal variability and spatial gradients. Spatial gradients do not only occur
horizontally. Also vertical profiles of phytoplankton concentrations are not always uniform.
For many variables, such as water temperature, seasonal variability is a rather smooth
pattern with limited inter-annual variability. Seasonal variability of phytoplankton, on the
contrary, is characterized by bloom events lasting a few weeks. The timing, intensity and
duration of these blooms differ between years and regions. Time series from mooring
stations, spanning multiple years, provide an excellent opportunity to quantify the
temporal variability of phytoplankton concentrations at these different time scales.
Another important question is: “What is driving this variability?” Moorings can only
measure at high temporal resolution at a limited number of locations. Hence, a better
understanding of the drivers of phytoplankton variability at the mooring sites may
enable improved estimation of phytoplankton variability and optimal sampling intervals
in the rest of the North Sea. Understanding the environmental drivers of phytoplankton
variability also helps to predict how phytoplankton concentrations will change in
response to changes in the environment. This can be very helpful, for example to estimate
how phytoplankton concentrations are expected to change in response to global climate
change or reduction of nutrient inputs. At shorter time scales this understanding can
help to predict harmful algal blooms.
The optimal monitoring strategy depends not only on the variability of phytoplankton
concentrations, but also on the type of questions that need to be answered and the level of
statistical significance that is required for the answers. High-resolution data sets allow for
a higher level of significance than low-resolution data sets. Furthermore, high-resolution
data can address phytoplankton variability at shorter time scales, including bloom events.
However, the analysis of high-resolution data poses some additional challenges. One of
these challenges is the correction for autocorrelation in high-resolution data. Also data
gaps complicate the analysis of high-resolution data sets. And automated measurements
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Hence, before we can benefit from the added value of high-resolution data, suitable
methods for data analysis need to be developed and tested.
In this thesis, I have analyzed the response of phytoplankton abundance to
environmental conditions with several types of traditional and novel monitoring data
and various methods for data analysis and modeling. Our results demonstrate the
potential power of these novel techniques, providing a much improved understanding
of population fluctuations at several different time scales. The chapters in this thesis can
be grouped into three approaches: in chapters 2 and 3 the mechanistic model “GEM”
is validated with different types of observed data, chapters 4 and 5 make use of fuzzy
logic models, and in chapters 6 and 7 time series analysis methods are applied to highresolution mooring data.
Chapter 2 describes the set-up of GEM and validates the model results for spatial and
seasonal patterns of chlorophyll and Phaeocystis across the North Sea. This approach
supports analyses of long term trends, for example on eutrophication. In chapter 3 a
combination of GEM results, remote sensing data, ship-based samples and pier-based
Phaeocystis cell counts is used to reconstruct the spring Phaeocystis bloom of 2003 in
Dutch coastal waters. This forms the basis for an early warning system based on near
real-time monitoring data and harmful algal bloom prediction.
In chapters 4 and 5 fuzzy logic models are applied. In chapter 4 data from a Smartbuoy
mooring, ship-based water samples and ARGUS video monitoring are combined to
construct and validate a fuzzy logic model of Phaeocystis blooms and associated nuisance
foam events along the Dutch coast. This study clearly shows the added value of data
series of high temporal resolution for understanding mechanisms of harmful algal bloom
events. Chapter 5 describes the development and validation of fuzzy logic models of
harmful algal blooms of five different algal species in five European marine areas. This
paper summarizes the results of the European research project HABES (Harmful Algal
Blooms Expert System). It shows that fuzzy logic is suitable for predicting harmful algal
blooms for a wide range of marine areas and phytoplankton species, provided that
sufficient data and understanding of underlying mechanisms are available.
Chapters 6 and 7 describe the analysis and modelling of chlorophyll fluorescence
observed by “Smartbuoy” moorings in the North Sea. These moorings provide highresolution data measured at intervals of 12 to 30 minutes for many years. This offers an
outstanding opportunity to obtain new insights on short-term variability. In chapter 6
wavelet analysis and wavelet coherence analysis are used to analyze drivers of fluctuations
in chlorophyll fluorescence from a mooring in the Thames outer estuary. This shows
strong coherence between all observed environmental variables, with the tidal cycle as
dominant driver of their variability. In chapter 7 the drivers of fluctuations in chlorophyll
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need to be calibrated and validated with data from traditional monitoring methods.
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fluorescence are compared between four mooring sites in the North Sea across different
time scales. In this chapter wavelet analysis, cross correlations and Generalized Additive
Models (GAM) are combined to characterize phytoplankton variability and quantify its
predictability from environmental conditions.
Finally, in chapter 8 the results from the different chapters in this thesis are synthesized
and recommendations are given for a modernized monitoring strategy of the North Sea
and further research.

Chapter 2
GEM: a Generic Ecological Model for
Estuaries and Coastal Waters

Abstract
The set-up, application and validation of a Generic Ecological Model (GEM) for estuaries
and coastal waters is presented. This model is a comprehensive ecological model of the
bottom of the foodweb, consisting of a set of modules, representing specific water quality
processes and primary production that can be combined with any transport model to
create a dedicated model for a specific ecosystem. GEM links different physical, chemical
and ecological model components into one generic and flexible modelling tool that
allows for variable sized, curvilinear grids to accomodate both the requirements for local
accuracy while maintaining a relatively short model run-time. The GEM model describes
the behaviour of nutrients, organic matter and primary producers in estuaries and
coastal waters, incorporating dynamic process modules for dissolved oxygen, nutrients
and phytoplankton. GEM integrates the best aspects of existing Dutch estuarine models
that were mostly dedicated to only one type of ecosystem, geographic area or subset of
processes. Particular strengths of GEM include its generic applicability and the integration
and interaction of biological, chemical and physical processes into one predictive tool.
The model offers flexibility in choosing which processes to include, and the ability
to integrate results from different processes modelled simultaneously with different
temporal resolutions. The generic applicability of the model is illustrated using a number
of representative examples from case studies in which the GEM model was successfully
applied. Validation of these examples was carried out using the ‘cost function’ to compare
model results with field observations. The validation results demonstrated consistent
accuracy of the GEM model for various key parameters both in spatial dimensions
(horizontally and vertically) as well as temporal dimensions (seasonally and across years)
for a variety of different water systems without the need for major reparameterisation.

This chapter is based on the paper: Blauw, A.N., Los, H.F.J., Bokhorst, M., Erftemeijer, P.L.A., 2009.
GEM: a generic ecological model for estuaries and coastal waters. Hydrobiologia 618: 175-198.
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2.1 Introduction
Growing stresses from conflicting human demands, anthropogenic impacts and climate
change on coastal and estuarine environments (UNEP, 2006; Airoldi & Beck, 2007), along
with requirements from recent international legislative agreements (e.g. EU Water
Framework Directive) to control and reduce undesirable ecosystem changes (Devlin et
al., 2007), demand greater knowledge and understanding of the dynamics and driving
forces of these complex water systems. Three-dimensional ecological models have the
capacity to provide consistent distributions and dynamics of the lower trophic levels
on their regional, annual and decadal scales which cannot be derived to this degree of
coverage by field monitoring observations (Moll & Radach, 2003).
Estuarine and coastal waters pose a challenge to modellers, both in terms of physics,
biogeochemistry and ecology. Substantial river discharges and relatively shallow
nearshore waters often result in large fluctuations and strong spatial gradients in salinity,
suspended matter concentrations, nutrient concentrations and algal biomass in such
water systems. These characteristics, along with complex benthic-pelagic interactions
and light attentuation issues, have proven difficult to replicate in models (Radach & Moll,
2006), in particular with regard to scales of temporal and spatial resolution required to
simulate the possible impacts of future conditions including management scenarios.
Over the past decades, a relatively large number of models have been developed
for simulating nutrient cycles, primary production and ecosystem functioning in Dutch
estuarine and coastal waters. Examples include MANS (Los et al., 1994), North Sea BLOOM
(Los & Bokhorst, 1997; Los & Wijsman, 2007), SMOES (Klepper et al., 1994; Scholten & Van
der Tol, 1994), MOSES (Soetaert & Herman, 1995a; Soetaert & Herman, 1995b; Soetaert
et al., 1994), ECOWASP (Brinkman, 1993) and ERSEM (Baretta et al., 1995). In addition,
various model applications simulating aspects of ecosystem functioning of the North
Sea (and adjacent Dutch coastal waters) have been developed at WL | Delft Hydraulics in
response to specific management questions, often in close cooperation with the National
Institute for Coastal and Marine Management (De Vries et al., 1998; Los & Bokhorst, 1997;
De Kok et al., 1995, 2001; Gerritsen et al., 2001; Delhez et al., 2004). These latter models
typically have a relatively high spatial resolution, especially in the coastal zone, compared
to most other North Sea models (Moll & Radach, 2003), but traditionally use relatively
simple (if any) model formulations for food web interactions and organisms other than
phytoplankton. This has been in contrast with most ecological models, which are usually
detailed in ecological parameterization for specific ecological processes but lack spatial
resolution in the underlying hydrodynamics and are mostly developed for application in
only one geographic area. The ECOWASP model (Brinkman, 1993), for example, simulates
the population ecology of mussels in the Wadden Sea at the level of size classes and
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year classes. The spatial resolution of such models, however, has been very low, ranging
from 6 segments in the Wadden Sea (ECOWASP) to large ICES boxes, including the entire
cross-shore gradient in Dutch coastal waters in only one model segment (ERSEM) (Baretta
et al., 1995).
All of these models have proven useful tools in scientific research of estuarine
Radach, 2003). Most were, however, developed for a specific region, focussed on a
specific area of expertise, differed markedly in model complexity and level of temporal
and spatial resolution, and served different objectives. Typically, such individual processoriented ecological models perform well for the particular water system for which they
were developed, but when applied to other systems their performance tends to be poor
even after reparameterization (Fitz et al., 1996).
Therefore, the Dutch National Institute for Coastal and Marine Management (RIKZ)
initiated the development of a Generic Ecological Model for estuaries (GEM), an integrated
model that includes both physical, chemical and ecological processes at a sufficient level
of detail and in a consistent way. The goal of the generic ecological model was to integrate
the best aspects of the existing (Dutch) models and expertise that are dedicated to one
ecosystem or only a subset of relevant processes into an integrated coherent model that
allows for general application to different coastal and estuarine systems.
The resulting GEM model has been applied for over a decade in a range of different
consultancies and studies by WL | Delft Hydraulics but the model set-up has not yet
been scientifically published. A recent audit of the GEM model by an independent panel
of international scientific experts (including Alain Menesguen, Paul Tett and William
Silvert) strongly encouraged publication of the model (in particular the approach for
phytoplankton) and its promising results (Van de Wolfshaar, 2007).
The present paper describes the background, model set-up, application and validation
of GEM. Our main objectives were to integrate biological and physical processes in
a simulation of basic ecosystem dynamics for generic application to estuarine and
coastal waters. The generic applicability of the model is illustrated using a number of
representative examples from four selected case studies encompassing different spatial
and temporal dimensions and a variety of different water systems in which the GEM
model was successfully applied and validated.

Chapter 2

ecosystems and for site-specific scenario studies of management strategies (Moll &

36 | Chapter 2

2.2 Description of the GEM model
2.2.1 Modelling environment
GEM consists of a subset of process formulations from the process library of DELWAQ: the
program for modelling water quality and aquatic ecology in the Delft3D modelling suite
(WL| Delft Hydraulics, 2003). Delft3D-WAQ, Delft3D-ECO, Delft3D-SED and DBS are other
subsets from the same process library that partly overlap with GEM. DELWAQ uses a finite
grid approach. Sources and sinks of variables due to processes in the water are included
in the advection-diffusion equation. A large selection of numerical schemes is available
to solve the transport part in the advection diffusion equation below. Processes (P) are all
simulated with an explicit numerical scheme .
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where:
C

: concentration (g.m-3)

u,v,w

: components of the velocity vector (m.s-1)

Dx, Dy, Dz : components of the dispersion tensor (m2.s-1)
x, y, z

: coordinates in three spatial dimensions (m)

S

: source and sinks of mass due loads and boundaries

P

: sources and sinks of mass due to processes

t

: time (s)

The advection and diffusion fluxes between grid cells are usually derived from a
hydrodynamic model (e.g. Delft3D-FLOW) for the same model area. DELWAQ has been
used successfully for many different types of applications including the simulation of
dredging plumes, thermal discharges and various water pollution studies (Van Gils et al.,
1993; Van Gils, 1998; Van der Molen et al., 1994; Ouboter et al., 1998).
Not all processes incorporated need the same level of detail with respect to time
step and grid size. DELWAQ enables the use of different time steps and grids for different
processes. The model will then aggregate and de-aggregate the input and output
parameters of the processes. One can, for example, use a different time step for transport
(tide resolving) and water quality processes, which in general show less steep gradients
in both space and time. This way a considerable reduction of simulation time can be
achieved with only a limited loss in accuracy.
The set-up of a GEM model application for a specific area and period comprises,
besides the GEM set of processes and parameter setting, input for schematisation and
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transport, loadings, boundaries, forcings and inital conditions. GEM can be combined
with any hydrodynamic model and additional processes to create a dedicated model
application for a specific ecosystem.

2.2.2 Model set-up
diffusion equation. The set of process formulations is dedicated to modelling the nutrient
cycling and primary production in coastal and estuarine systems. The approach for the
development of GEM started from an existing ecological model at WL | Delft Hydraulics
which proved useful for simulation of eutrophication in Dutch coastal waters (e.g. Los
& Bokhorst, 1997; De Vries et al., 1998). In a series of research and consultancy projects,
partly in cooperation with other Dutch institutes for marine research, GEM has been
further elaborated and improved. The resulting GEM includes default parameter settings
that have been calibrated for the North Sea and that have proven to be applicable for a
range of other coastal ecosystems as well.
GEM simulates the nutrient cycles of nitrogen (N), phosphorus (P) and silicate (Si). For
the dissolved inorganic state of these nutrients the following state variables are included
in the model: nitrate (NO3) representing the sum of nitrite and nitrate, ammonia (NH4),
ortho-phosphate (PO4) and dissolved silicate (Si). Four phytoplankton species groups
are simulated: diatoms, flagellates, dinoflagellates and Phaeocystis. Dead particulate
organic matter in water is included as separate variables for particulate organic carbon
(POC), particulate organic nitrogen (PON), particulate organic phosphorus (POP) and
opal silicate (POSi). Similarly four organic matter variables are defined in the sediment
(POCS, PONS, POPS and POSiS). Additional model variables are: dissolved oxygen (O2)
and salinity (SAL). Suspended matter concentrations and water temperature are forcing
parameters in the model.

2.2.3 Processes included in GEM
Figure 2.1 gives a schematic overview of the variables and processes incorporated in the
present set-up of GEM. GEM includes the following processes:
–– phytoplankton processes: primary production, respiration and mortality
–– extinction of light;
–– decomposition of particulate organic matter in water and sediment;
–– nitrification and denitrification;
–– reaeration.
–– settling;
–– burial;
–– filterfeeder processes: grazing, excretion, respiration
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GEM comprises a set of process formulations quantifying the P term of the advection
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The above-mentioned processes in GEM are described in more detail below. For some
processes alternative (more detailed) formulations are available and additional processes
are available as well. These are used for specific model applications that require more
detailed process formulations, for example for nutrients in the sediment, phosphate
adsorption, salinity effects on mortality, decomposition of organic matter or benthic
algae. In this paper, however, we focus on the set of formulations that is most commonly
used. Equations used in GEM, state variables and process parameter (default) settings,
and phytoplankton parameter values in the BLOOM module are presented in Tables 1, 2
and 3 respectively.

Figure 2.1: Schematic overview of all state variables and processes included in the ecological
model instrument GEM. State variables in grey and processes indicated by dashed lines are
optional.

Phytoplankton processes
In GEM the phytoplankton module: BLOOM simulates primary production, respiration and
mortality of phytoplankton. This module allows for the modelling of species competition
and adaptation of phytoplankton to limiting nutrients or light (Los et al. 1984; Los &
Brinkman, 1988; Los & Bokhorst, 1997; Los, 1991; Van der Molen et al., 1994; Los, 2005). For
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the simulation of species competition four species groups are defined in GEM: diatoms,
flagellates, dinoflagellates and Phaeocystis. BLOOM can also be used for other species
groups, including fresh water species and benthic species but these are generally not
used in GEM. Within each of these groups, three phenotypes are defined to account for
adaptation to changing environmental conditions:
and P/C ratio;
–– nitrogen types, with typically lower internal N/C ratio, lower maximum growth
rates, higher mortality rates, higher settling velocities and higher chlorophyll
content;
–– phosphorus types, with typically lower internal P/C ratio, lower maximum growth
rates, higher mortality rates, lower settling velocities and lower chlorophyll-a
content.
The different phenotypes of a species group are modelled as separate variables with
different parameter settings for e.g. growth rates, settling velocities and respiration rates.
When conditions in the water change, biomass of one phenotype can be instantaneously
converted into another phenotype of the same species group, representing rapid
adaptation of individual algal cells. Because the phytoplankton types represent different
phenotypes of the same species, the transition of one type to another occurs at the time
scale of a cell division, which is in the order of a day. Due to this characteristic time scale
(i.e. Chapter 5 of Harris, 1986), the simulation time step for the BLOOM phytoplankton
processes is usually chosen to be 24 h. Nutrient fluxes associated with switches between
types are dealt with in the following way: If the nutrient content requires a larger amount
of nutrients than previously stored in the phytoplankton, it is taken up from the dissolved
fraction in the water. If, in contrast, the nutrient content declines, the extraneous amount
previously stored in the phytoplankton is released into the dissolved fraction in the water.
This is similar to autolysis. Switch-associated uptake of one nutrient and release of another
may occur simultaneously, i.e. when a P-type is replaced by an N-type. A shift in species
composition due to changing environmental conditions is a slower process, involving
changing dominance of species groups. This shift in species composition is restricted
by growth and mortality rates. BLOOM allows for simultaneous co-existence of different
phenotypes and/or species groups, representing a continuous variable stoichiometry
restricted only by the limits set for the individual types. Notice that the stoichiometry
of the types is fixed, but the relative proportion varies (see Los et al. (2008) for a more
detailed description of BLOOM). BLOOM was originally developed as a steady-state
model that is now being applied in a dynamic setting. In a typical simulation, transport
and a small number of processes are simulated with a short time step (i.e. 30 minutes of
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–– energy types, with relatively high growth rates, low mortality rates and high N/C
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less), while the majority of processes are simulated using a much longer time step of 24 h.
Consistency and mass conservation issues due to the different time steps and approaches
are resolved by the numercal solver of the mode. Comparative simulations have shown
that results of simulations with a 30 min. time step for all processes are similar to those
with variable time-steps (see Los et al., 2008 for further details).
BLOOM assumes that fast-growing (less efficient) phytoplankton species dominate
in a situation where resources (light, nutrients) are abundant, while slow-growing but
efficient phytoplankton species gain dominance when resources become limited. This
assumption is based on the theory on k- and r-strategies (e.g. Harris, 1986; Reynolds et al.,
1983). Linear programming is used as an optimisation technique to determine the species
composition that is best adapted to prevailing environmental conditions. In accordance
with the aforementioned principle, the suitability of a type (its fitness) is determined by
the ratio of its requirement and its growth rate. It can be shown mathematically that the
principle by which each phytoplankton type maximizes its own benefit, effectively means
that the total net production of the phytoplankton community is maximized. This makes
it possible to use the computationally efficient Linear Programming technique (Danzig,
1963) to compute the phytoplankton biomasses according to the competition rules
formulated for the module. Mathematically this means that the optimisation process
finds the combination of phytoplankton types which maximize the net growth subject to
the following set of constraints:
–– growth constraint: the biomass increase of any of the species groups cannot
exceed the maximum net growth rate (production minus respiration) at actual
temperature and light intensity. The relation between light intensity and growth
efficiency (as a fraction of the maximum net growth rate) is included in the model
as tabulated P-E curves, based on laboratory studies;
–– mortality constraint: the mortality rate of any of the species groups cannot exceed
the maximum mortality rate at actual temperature and salinity;
–– light constraints: the total extinction of light by phytoplankton cannot exceed the
threshold level where the light intensity becomes insufficient to maintain further
net growth. The growth response to varying light intensities is implemented as
tabulated data, based on laboratory studies. The tabulated response curve is
converted to account for variable depth and day length.
–– nutrient constraints: the total uptake of each of the nutrients (N, P, Si) must
not exceed the availability. The total available amount of a nutrient is defined
as the sum of dissolved inorganic nutrient plus the amount of the nutrients in
phytoplankton.
Due to mortality phytoplankton biomass is released partly as dead particulate organic
matter and partly as inorganic nutrients in the water column, the latter representing
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autolysis. Different kinds of freshwater and marine phytoplankton can be modelled
simultaneously. The uptake of nitrogen is done preferably as ammonium (NH4+). When
ammonium is depleted the remainder of nitrogen uptake is done as nitrate. Most models
require an explicit term to delimit the growth rate forcing it to zero when a nutrient gets
depleted. BLOOM does not require such a term since the Linear Programming procedure
in BLOOM declines step-wise as a nutrient gets depleted. When the E-types dominate, the
net growth rate is high, next it declines abruptly when a nutrient limited type takes over,
finally it is put to zero when the nutrient is depleted.

Extinction of light
Light is simulated as total photosynthetic active radiation (PAR). Extinction of light by
substances in the water is modelled as an exponential decrease of light intensity with
depth according to the Lambert-Beer formula. The extinction coefficient is calculated
as the sum of the extinction by inorganic suspended matter, particulate organic matter,
phytoplankton (self-shading), dissolved humic substances (approximated by salinity) and
background extinction. Each of the substances, including the phytoplankton species, is
characterized by a specific extinction coefficient.
Decomposition of dead particulate organic matter
The decomposition rate of dead particulate organic matter (POM) in water is dependent
on the nutrient stoichiometry of detritus, since bacteria need a supply of nutrients that is
proportional to the supply of organic carbon. The decomposition rate of POM is highest
for POM with a high nutrient content (expressed as N/C and P/C ratios). Therefore if the
nutrient content is above a threshold value a high decomposition rate is applied in the
model. If the nutrient content is below another threshold a low decomposition rate is
applied. If the nutrient content is in between the two thresholds the decomposition
rate is linearly interpolated. The nutrient content of the most limiting nutrient (N or P)
determines the overall decomposition rate for POC, PON and POP. This approach was first
applied in the freshwater model DBS as described by Van der Molen et al. (1994).
Particulate organic matter in the sediment is formed upon settling of phytoplankton
and dead particulate organic matter. In the model, decomposition rate is affected
only by temperature, which is assumed to be lower in the sediment than in the water.
Remineralised inorganic nutrients are released back into the water column. In most
GEM applications the sediment is not included as a separate layer in the model grid. This
means that only settled organic matter (C, N, P, Si) is simulated as a model variable, but
nutrient concentrations and oxygen in porewater are not. Instead, remineralised nutrients
are released directly back into the water column. The advantage of this simplification is

Chapter 2

automatically stops the uptake when the concentration becomes zero. The growth rate
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the reduction of the number of grid cells and simulation time. The disadvantage is that
processes that are in reality strongly non-linear, such as the release of ortho-phosphate
from anaerobic sediments, cannot be taken into account properly. This disadvantage is
particularly apparent in shallow coastal areas. In such shallow (often eutrophic) systems,
a more sophisticated sediment module may have to be applied, which includes reduction
& oxidation as well as P adsorption & desorption processes in the sediment. This model
improvement for shallow systems is currently being developed and tested.

Nitrification and denitrification
Nitrification and denitrification are modelled as simple first order processes, corrected
for temperature and the oxygen concentration in the water column. Nitrification rates
decrease when the oxygen concentrations in the water drop below a critical level.
Reaeration
The difference between the actual oxygen concentration in the water and the saturation
concentrations is reduced by the reaeration rate. The saturation concentration of oxygen
is a function of temperature and salinity of the water. The reaeration rate in most GEM
applications is a function of wind speed and water depth.
Settling
Settling in GEM is generally modelled as a net settling process with a settling velocity
that is constant in time, independent from turbulence and bottom shear stress. In 3D
simulations the effect of turbulence is accounted for by vertical dispersion between
the water layers. Optionally resuspension and the effect of bottom shear stress can be
included. For each phytoplankton species and phenotype a separate settling velocity is
specified. For POM one settling velocity is specified that is applied for all nutrient fractions
(POC, PON, POP and POSiS).
Burial
Particulate organic matter in the sediment is removed from the active sediment layer
through burial to deeper sediment layers. These deeper sediment layers are not included
in the model, so in effect the burial is a sink from the nutrient cycle in the model. The burial
rate is a constant fraction of the particulate organic matter in the sediment throughout
the year. The burial rate is a calibration parameter. It does not only represent the actual
burial process, which is generally unknown for marine ecosystems, but also all other
unknowns in the mass balance, including uncertainties on loading and transport across
open boundaries.

Filterfeeder processes
Primary consumers are not simulated as real state variables in GEM. Instead, grazer
biomass can be imposed to the model as a forcing condition (based on field data). The
model then simulates the grazing effects of the imposed filterfeeder biomass. Five types
of filterfeeders can be defined, both pelagic and benthic. The imposed biomass of primary
consumers is adjusted by the model if availability of food (algae and detritus) is insufficient
to support the imposed filterfeeder biomass, according to the specified filtering rates and
metabolic coefficients. To ensure conservation of mass balance, nutrient concentrations
are corrected in accordance with these adjustments in filterfeeder biomass. In case the
filterfeeder module is applied for scenario simulations, a decision needs to be made
whether or not to adjust its biomass function. This is usually done on the basis of expert
knowledge taking observed grazer biomasses in various comparable water systems into
account This approach, originally developed by van der Molen et al., (1994) is considered
as a first step in dynamic modelling of primary consumers.
At high densities of phytoplankton and detritus the uptake of food is determined
by the uptake rate. At low densities of phytoplankton and detritus the uptake of food is
determined by the filtration rate. Part of the uptake is egested as detritus. The egestion
rate is a constant fraction of the uptake rate per type of food. The egestion fraction (feg)
may be different for each phytoplankton or detritus type. For benthic filterfeeders the
detritus is excreted to the sediment and for pelagic filterfeeders it is excreted to the water
column. The composition of grazers as C:N:P ratio is constant over time. Therefore the
assimilated food should have the same C:N:P ratio as the grazers. The part of the uptake
of the non-limiting nutrients that can not be assimilated is excreted as detritus. Part of
the food uptake is lost due to growth respiration. The remaining part is available for
biomass increase of the filterfeeders. The realised biomass increase (or decrease) is given
by the forcing function, but is constrained by maximum growth, maximum mortality and
the food availability. The food that is not used for biomass increase and organic matter
associated to biomass decrease is all released as detritus. Uptake, filtration, growth,
maintenance respiration, growth respiration and mortality are all affected by temperature.
The temperature coefficients can be chosen differently for each process, but generally the
same temperature coefficient is used for each process.

2.3 Applicability of the GEM model
The GEM model has been successfully applied and validated in several projects in a
range of different estuarine and coastal water systems. This section presents a number
of selected case study simulations to illustrate the generic applicability of the model. It
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would be beyond the scope of the present paper to describe each of these case studies
in great detail. They are introduced here as representative examples to demonstrate the
success with which GEM was repeatedly applied in a range of different water systems and
geographical areas without the need for continuous remaking of (new) models for each
different system, site or objective, or for reparameterization of process parameters and
state variables.
The ‘goodness-of-fit’ between these model results and associated field measurements
was calculated using the ‘cost function’ (OSPAR, 1998; Radach & Moll, 2006). The cost
function is a mathematical function that gives a non-dimensional number which is
indicative of the ‘goodness of fit’ between two sets of data, in this case model results and
observations. It can be defined as the sum of the absolute deviations of the model values
from the observations, normalized by the deviations of the observations for the chosen
temporal and spatial range. Thus it is a standardized, relative mean error. Cost function
results for GEM applications have been calculated as:

Cx =

∑M

x ,t

− Dx , t / n

sd x

* ((1 − c) + c(1 − rx )

where Cx is the normalised deviation per station, annual value, Mx,t is mean value of the

model results per station per month, Dx,t is mean value of the in situ data per station

per month, sdx is standard deviation of the annual mean based on the monthly means
of the in situ data (df = 11), n is 12 months, c is 0.5 and rx is the correlation over time

between Mx,t and Dx,t (OSPAR, 1998). The validation results were classified according to

the following ratings criteria (Radach & Moll, 2006) for the cost functions (cf ):
Rating Condition
Very good

0 < cf ≤1

Standard deviations

Good

1 < cf ≤ 2

Standard deviations

Reasonable

2 < cf ≤ 3

Standard deviations

Poor

3 < cf

Standard deviations

2.3.1 Case 1 – Veerse Meer
The “Veerse Meer” is a brackish coastal lake in the southwestern part of the Netherlands.
This former estuary has been transformed into a non-tidal brackish lake, which is
characterised by highly eutrophic conditions and seasonal blooms of the macroalga Ulva
sp. (Malta & Verschuure, 1997). The GEM model was used to study the effects of various
water management alternatives on the water quality and ecology of the lake, in particular
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Figure 2.2: Results of GEM baseline simulations for the ‘Veerse Meer’ (surface- and bottom
water layers) against actual field observations for nutrient concentrations (nitrate, ammonium,
phosphate, silicate – all in mg l-1), chlorophyll-a (in μg l-1) and oxygen (in mg l-1) for the period
1995 – 1999 (station: Soelekerkepolder).
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the effects of water level changes and flushing scenarios (Kernkamp et al., 2002). Figure
2.2 presents results of GEM model baseline simulations for the ‘Veerse Meer’ against
monthly field observations (DONAR database, 1 station) for nutrient concentrations
(nitrate, ammonium, phosphate, silicate), chlorophyll-a and dissolved oxygen for the
period 1995 – 1999. Cost function results ranged from 0.235 to 2.330 (Table 4), indicating
that these model results can objectively be classified as ‘very good’ for nitrate and
ammonium, ‘good’ to ‘very good’ for phosphate and silicate, and ‘reasonable’ to ‘good’
for chlorophyll-a. These results demonstrate that the GEM model produced consistently
good and acceptable results in this case for a range of different key parameters. Similarly
good results for a range of key parameters were obtained at other stations and in other
case studies without the need for recalibration or reparameterisation.

2.3.2 Case 2 – North Sea
The North Sea can be characterised as a coastal shelf sea with relatively shallow (10-50 m)
coastal waters. Substantial river discharges result in large fluctuations and strong temporal
and spatial gradients in salinity, suspended matter concentrations, nutrient concentrations
and algal biomass. Over the years, GEM was applied to the North Sea system in a range
of studies, including simulations to evaluate the impact of a proposed land reclamation
scheme (Nolte et al., 2005), and as a screening tool for the Water Framework Directive
(WFD) to demonstrate the potential impacts of reductions in nutrient loads (Blauw & Los,
2004; Los & Wijsman, 2007). Most recently, BLOOM/GEM applications to the southern
North Sea were subjected to a detailed 3-dimensional model validation (Los et al.,
2008). Here, we present the results of a trend analysis of chlorophyll-a concentrations
in the North Sea over a 24-year period (1975 – 1998) predicted by the GEM model and
compared with field observations (DONAR database, monthly means measured over
the same 24-year period) at 6 monitoring stations (Figure 2.3 and Table 2.5). Figure 2.3
shows the results for the station Terschelling 4 km. The goodness-of-fit between model
prediction and field measurements in the 1970s is not as perfect as in the 1980s and 90s,
and does not adequately reproduce their interannual variability. This may be related to
the following two issues: [1] all model predictions were based on simulations with the
same hydrodynamics (single, representative day) and same suspended sediment forcings
(steady state, cosine-transformed for seasonality) (as described in Los & Bokhorst, 1997),
which may have reduced interannual variability in the model results; [2] there has been
a shift from light limitation in the 1970s to nutrient (P) limitation in the late 1980s and
1990s (see www.waterbase.nl); apparently the model performs better under P-limited
conditions given the stoichiometric settings chosen in the model set-up. Cost function
results for individual years and stations ranged from 0.287 to 1.348 (Table 2.5), indicating
that the model results for chlorophyll-a remained ‘good’ (one station) to ‘very good’ (other
stations) throughout all of these years.
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Figure 2.3: Results of a trend analysis of chlorophyll-a concentrations (in μg l-1) in the North
Sea over a 24-year period (1975 – 1998) predicted by the GEM model in comparison with field
observations (station: Terschelling 4 km).

Figure 2.4: Validation result for GEM algal species composition (1998 simulation) at station
Noordwijk 10 km (mg C l-1). Closed circles are measurements for 1998, bars indicate 90 percentile
of measurements for the years 1991 – 2003, with open cicles representing median and open
squares representing mean values.

48 | Chapter 2

To illustrate that it is also possible to make reasonable predictions of the phytoplankton
species composition using GEM (Los & Blaas, in prep.), an example of detailed
phytoplankton results is presented in Figure 2.4, showing phytoplankton species
composition as modelled in GEM versus field observations. The results of the 24-year
analysis of chlorophyll-a demonstrate that the GEM model produces consistently good
and acceptable results for this key parameter over many consecutive years without the
need for recalibration or reparameterisation.

2.3.3 Case 3 – Venice Lagoon
The Lagoon of Venice is a very shallow (average depth 1.1 m), saline, subtropical,
semi-enclosed estuarine lagoon system bordering the Italian city of Venice along the
Mediterranean coast. The lagoon system covers an area of approximately 550 km2 and
is characterised by eutrophic conditions and seasonal blooms of the macroalga Ulva sp..
Over the past 2 decades, the lagoon has gone through substantial changes in ecological
quality and water quality as a result of changes in nutrient loads, sediment resuspension
and anthropogenic perturbations (Sfriso et al., 2003). Large and lagoon-wide blooms of
Ulva have not been observed anymore in the Lagoon of Venice over the last 15 years. The
GEM model was used to study the potential effects of closure of mobile storm protection
gates and reduction of nutrient loads on the environment, water quality and ecology
of Venice Lagoon (Boon et al., 2006). Figure 2.5 presents the spatial results (horizontal
dimension) of GEM model baseline simulations for chlorophyll-a concentrations (seasonal
mean) for the entire Venice Lagoon in comparison with measured field data (Arresto
campaign, 23 stations). This figure illustrates that the model was reasonably good in
representing observed spatial variability in chlorophyll-a concentrations. Cost function
results (based on comparison of model results with monthly field measurements from
the period June 1988 – June 1989) for chlorophyll-a, nitrate, ammonium and phosphate
(Table 6) indicate that in total, 78% of model results for these key parameters for all of 26
different stations can objectively be classified as ‘good’ to ‘very good’ and a further 13%
as reasonable. Best results were obtained for nitrate and chlorophyll-a, with respectively
92% and 73% of all model predictions falling in the categories ‘good’ and ‘very good’.
The results of this analysis demonstrate that the GEM model produces consistently good
and acceptable results for various key parameters throughout the horizontal (spatial)
dimension without the need for recalibration or reparameterisation.

Chapter 2

GEM: a Generic Ecological Model for Estuaries and Coastal Waters | 49

Figure 2.5: Spatial results of GEM baseline simulation of chlorophyll-a in μg l-1 (depth averaged)
for Venice Lagoon showing seasonal mean values (April-September) of model results for summer
1988 in comparison with field measurements (Arresto Degrada monitoring data for AprilSeptember 1988). Marker colours of field data (circles) refer to the same scale as model output.

2.3.4 Case 4 – Sea of Marmara
The Sea of Marmara is a deep (> 2000 m), oligotrophic, temperate, stratified coastal sea in
Turkey. As part of a study for an environmental master plan and investment strategy for
the Marmara Sea Basin, the GEM model was applied to simulate baseline water quality
conditions and the implications of a number of predefined management scenarios
(Smits, 2006). Figure 2.6 presents the results of an analysis of chlorophyll-a concentrations
at different water depths (upper 60 m) predicted by the GEM model (baseline 2003) for
four different seasons in comparison with in situ measurements at station MD56 (MEMPIS
campaign). This figure illustrates that the model was reasonably good in representing
observed seasonal variability in stratification patterns for chlorophyll-a. For the
calculation of cost functions, model results for two 60-day periods (baseline 2003) were
compared with available field observations (MEMPIS campaign, June and September
2005, 8 stations aggregated). Cost function results for nutrient concentrations (nitrate,
phosphate, silicate), dissolved oxygen and chlorophyll-a at 5 different water depths
(Table 2.7) indicate that in total, 60% of model results can objectively be classified as
‘good’ to ‘very good’ and a further 12% as reasonable. GEM model results for chlorophyll-a,
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Figure 2.6: Chlorophyll-a concentrations (in μg l-1) at different water depths in the Sea of
Marmara as predicted by the GEM model (baseline 2003) for 4 different seasons in comparison
with field observations from 2005 (station: MD56).
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nitrate and dissolved oxygen in the deeper layers (40 and 50 m) compared poorly with
in situ data, but the cost function results were ‘reasonable’ to ‘good’ for silicate and ‘very
good’ for phosphate at these depths. The overall results of this analysis demonstrate
that the GEM model produces consistently good and acceptable results for various key
parameters throughout the vertical dimension (depth) without the need for recalibration

2.4 Discussion
The present paper describes the set-up, application and validation of a Generic Ecological
Model (GEM) for estuaries and coastal waters. Since its development in the mid-1990s,
the GEM model has been applied successfully in a range of consultancy and scenario
studies which have formed the basis for several major policy and management decisions
and infrastructural developments in coastal zones in the Netherlands and worldwide.
Using a number of representative examples from case studies in which the GEM
model was applied, the generic applicability of the GEM model was evaluated. Validation
of the examples using the ‘cost function’ revealed consistent accuracy of the GEM model
for various key parameters (Case 1), for both horizontal (Case 3) and vertical (Case 4)
spatial dimensions, as well as temporal dimensions (seasonally and across years – Case
2) for a variety of estuarine and coastal water systems without the need for substantial
reparameterisation. In addition, it is also possible to make reasonable predictions of the
phytoplankton species composition using GEM (Figure 2.4), which is further elaborated
in another forthcoming paper (Los & Blaas, in prep.).
In each of the four applications of GEM presented in this paper, model implementation
for a new area usually required careful checking and improving physical forcings (loads,
suspended matter, hydrodynamic and hydrological boundary conditions, etc.) which are
typically area-specific. In addition, it was sometimes necessary to make minor adjustments
to a few of the process parameters (in particular to the closure terms denitrification and
burial), resulting in minor differences in parameter settings between the four case studies.
Dentrification rates applied in case studies 1- 4 were 0.003, 0, 0.05 and 0.2 respectively in
the sediment and 0, 0.2, 0.02 and 0.15 in the water column. Burial rates were only applied
in the 2D cases of North Sea (0.003 day-1) and Venice Lagoon (0.025 day-1). In the 3D cases
(Veerse Meer and Sea of Marmara), settling rates for particulate variables were calibrated
instead of burial, since settling in such deep permanently stratified systems has a similar
effect as burial. Most other (esp. biological) model parameters - in particular the settings
for all of the key state variables for algae – were identical between the four case studies
(Table 3). Table 2 shows the parameter settings used for the southern North Sea model,
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or reparameterisation.
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which is representative for the other model applications. Depending on the objectives
of a particular study, the model set-up can be extended with new processes specific to
the particular site or application. For example, the phytoplankton group Phaeocystis was
replaced by Ulva in the Venice Lagoon and Veerse Meer case studies, microphytobenthos
was added in the Veerse Meer case study and pH-dependent phosphorus adsorption
was included in the Sea of Marmara and Veerse Meer case studies. For a more detailed
description of the calibration and validation procedure for GEM & BLOOM applications,
see Los et al. (2008). A recent sensitivity analysis of GEM (Salacinska, 2008) using the
Moris method (Saltelli, 2004), revealed that the Dutch coastal zone application of the
GEM model is particularly sensitive to Chl:C ratios and light-related parameters (excl.
extinction by POM).
While in most cases GEM produced good to very good results, the goodness of fit
between model results and field measurements was rather poor for some parameters
in deeper layers (40 and 50 m) of the oligotrophic Sea of Marmara and in very shallow
(intertidal) areas of the Lagoon of Venice. For the Sea of Marmara, only a limited set of field
observations was available for validation (due to low sampling frequency) and there was
a mismatch between the timing of boundary forcings of the model (meteorological and
hydrological data of 2003) and available field observations (2005), so these results should
be interpreted with some caution. For the Lagoon of Venice, poor model performance
in very shallow areas of the lagoon (with extensive tidal flats) might be related to the
periodic occurrence of anoxia. The formulations used for the sediment sub-model in GEM
are not suited to account for such conditions.
Besides marine and brackish water systems, close relatives to the GEM model have
also been applied successfully in a number of freshwater systems, such as the Dutch
‘IJsselmeer’ (Ibelings et al., 2003) and ‘Veluwemeer’ (Van der Molen et al., 1994) and
‘Laguna de Bay’ in the Philippines (Nolte & Chua, 2003). For these freshwater applications,
alternative algal parameters (not presented here) were used to reflect the different
algal community in freshwater environments. With these additional (freshwater) algal
parameters incorporated into GEM, the model is currently being applied in a study that
compares (simultaneously) different freshwater and marine flushing scenarios for the
Dutch ‘Volkerak-Zoommeer’.
Limitations of the GEM model in its present state include application to very shallow
dynamic environments with extensive tidal flats and periodic anoxia, due to inappropriate
formulations used for the sediment sub-model in GEM. Application of GEM in deep
and stratified oligotropic seas has been a challenge, producing poor results for some
parameters at greater depths as shown in the Marmara case study. Performance of GEM
in the Marmara case, however, was highly dependent on the accuracy of the underlying
hydrodynamic model, which did not perfectly reproduce vertical stratification patterns.
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Since phytoplanktonic growth in GEM depends linearly on water temperature, while
respiration and mortality follow the usual Arrhenius law, the ratio between growth and
loss processes varies as a function of the temperature. During applications to tropical
waters with higher temperatures compared to those for which the model was originally
developed, we have found that loss rates could get unrealistically high relative to growth
had to be shifted in the model, while keeping the same relative proportion between
them. Temperature coefficients of processes of the grazer module were modified in a
similar way.
It should be stressed that these limitations are primarily and inherently related to the
generic character of GEM (remaining unchanged in its settings and parameterisation
between different case studies). Generally, such limitations can be overcome by further
modifications to a specific model application, resulting in a more dedicated model.
However, such dedicated models – while successful in their specific applications – tend to
produce unsatisfactory results when applied (unchanged) in other case studies. Without
compromising on its generic applicability, these issues and limitations are currently being
addressed in further improvements to the GEM model.
Modelling of primary consumer processes remains a challenge to date. Existing grazer
modules, such as ERSEM (and others), are currently being tested and validated for possible
application and incorporation within the GEM model to allow for the modelling of higher
trophic levels. Other developments within GEM that are currently underway include an
improved module for sediment processes, including key geochemical processes (such
as P adsorption and desorption) and more complex sedimention and resuspension
formulations.
The current set-up of the GEM-model, including the explicit choices of which processes
to include, allows for an optimal balance between ecological (process) resolution, model
grid resolution and model run-time . Inclusion of microbial loops (incl. picoplankton etc.)
and more detailed benthic processes (incl. improved mortality terms, differentiating
complex burial processes), as is often done in various other (Dutch) ecological models,
may yield greater insight into specific ecological processes which can be useful when the
model study has a more fundamental scientific focus. However, this invariably leads to
exponential increases in model run-time, as a result of which the spatial resolution of the
model is usually compromised. In most model applications designed to answer practical
management questions, however, greater spatial resolution is usually required, while
simplified closure terms for some of these more specific microbial and benthic processes
often suffice, especially since field data on such processes are often lacking (Los et al.,
2008).
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rates. As a practical solution, the temperature functions for all growth and loss processes
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Table 2.1: Equations in GEM.

dNO3
= nit − den − upt N *(1 − f am )
dt

(A.1)

dNH 4
= decPON − nit + decPON S + rspN ,G + f aut * morN − upt N * f am
dt

(A.2)

dPO4
= decPOP + decPOP S + rspP ,G + f aut * morP − upt P
dt

(A.3)

dSi
= decPOSi + decPOSiS + f aut * morSi − uptSi
dt

(A.4)

dALGi
= groi − mrti − sedi − grzi
dt

(A.5)

dO2
= rea + ( groC − decPOC − decPOCS ) * so − nit * sno
dt

(A.6)

dPOX
= morX *(1 − f aut ) − sed POX − decPOX − grz POX + excPOX
dt

(A.7)

dPOXS
= ( sed POX − decPOXS − burPOXS + excPOXS ) * Z
dt

(A.8)

where:
i

= algae type 1 – 12

X

= element carbon, nitrogen, phosphorus and silicate
n

upt X = ∑ ( groi * s X ,i )

(A.9)

i =1
n

morX = ∑ (mrti * s X ,i )

(A.10)

i =1

f am =

MIN( NH4, upt N * ∆t )
upt N * ∆t

(A.11)
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A. Balance equations for state variables:
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Table 2.1: Continued

B. Phytoplankton processes

ALGi ,new − ALGi

groi =

+ mrti

∆t

(B.1)

mrti = mi * ALGi

(B.2)

pi = pi ,0 *(T − kt p ,i )

(B.3)

ri = ri ,0 * ktr ,Ti

(B.4)

pgi = pi + ri

(B.5)

mi = mi ,0 * ktm ,iT

(B.6)

Optimisation: find set of new concentrations of ALGi with maximum:
n

∑ ( pg * le − r ) * ALG
i

i =1

i

i

i

(B.7)

satisfying the following constraints:
3

∑ ALG
i =1

3

∑ ALG
n

i =1

≥ ∑ ALGi *e − mi *∆t

i =1

(nutrient constraint, nitrogen) (B.10)

i =1

n

P ,i

*ALGi ,new ) ≤ ∑ ( sP ,i *ALGi ) + PO4

Si ,i

*ALGi ,new ) ≤ ∑ ( sSi ,i *ALGi ) + Si

n

∑ (s

(mortality constraint per species group) (B.9)

i =1

*ALGi ,new ) ≤ ∑ ( sN ,i *ALGi ) + NO3 + NH4

n

(growth constraint per species group) (B.8)

i =1

n

N ,i

∑ (s

i =1

≤ ∑ ( ALGi ) e( pgi *lei − ri )*∆t
3

i , new

i =1

∑ (s

3

i , new

(nutrient constraint, phosphorus) (B.11)

i =1

n

kmin,i ≤ kd ≤ kmax,i

(nutrient constraint, silicate) (B.12)

i =1

(light constraint) (B.13)
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Table 2.1: Continued

where:
kmax,i = f table (lecr )

mi + ri
pgi

(B.15)
Chapter 2

lecr =

(B.14)

C. Extinction of light
kd = kb + k SPM + k POM + k ALG + k HUM

(C.1)

k POM = ePOC * POC

(C.2)

n

k ALG = ∑ (eALGi * ALGi )

(C.3)

kSPM = eSPM * SPM

(C.4)

i =1

k HUM = eHUM ,0 *(1 −

SAL
)
SALb

(C.5)

D. Decomposition of organic matter
decPOX = ( fT ,dec * kdecL , POX + (kdecH , POX − kdecL, POX ) * f nut ) * POX

decPOSi = ( fT ,dec * kdecL , POSi + (kdecH , POSi − kdecL, POSi ) *

(X = C, N, P) (D.1)

( POSi / POC ) − slSi
) * POSi
suSi − slSi

decPOXS = kdec , POXS * fT ,dec * POXS

(D.2)
(D.3)

Z
where:

fT , pr = kt pr (T − 20)

f nut = MIN(

PON / POC ) − slN POP / POC ) − slP
,
)
su N − slN
su P − slP

where: pr = dec, den, nit (D.4)
(D.5)
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Table 2.1: Continued

E. Nitrification and denitrification
nit = knit * NH 4 * fT ,nit

(E.1)

den = kden * NO3 * fT ,den

(E.2)

F. Reaeration
rea = (0.3 + 0.028*W 2 ) *

(O2,eq − O2 )
Z

* krea

(F.1)

G. Sedimentation
sedY =

vY * Y
Z

where: Y = ALGi, POX (G.1)

H. Burial

burPOX S = b * POXS

(H.1)

Z
I. Filterfeeder processes
grzi = up * ALGi

(I.1)

grz POX = up * POX

(I.2)

rsp X ,G = (ass2 * rgG ,20 + Gi * rmG ,20 ) * fT , grz * s X ,G

(I.3)

excPOX = exc X *(1 − f sed )

(I.4)

excPOXS = exc X * f sed

(I.5)
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Table 2.1: Continued

where:

ass 4 * s X ,G

− ass 2 * rgG ,20 * fT , grz * s X ,G
∆t
cf
1
, kupt ,20 ⋅ )
up = G * fT , grz * MIN (k flt ,20
cf + k f
cf
n

c f = ∑ (ALGi ) + POC

(I.6)
(I.7)
(I.8)

i =1

n

eg X = grz POX * f eg + ∑ ( grzi * f eg * s X ,i )

(I.9)

i =1

n

ass1X = grz POX + ∑ ( grzi * s X ,i ) − eg X

(I.10)

i =1

ass2 = MIN (ass1C ,

ass1N ass1P
)
,
sN,G sP,G

(I.11)

ass3 = ass2 * (1 − rg G ,20 * e ktG *(T − 20) )

(I.12)

ass 4 = MIN (ass 3 * ∆t , Gc − G *(1 − rmG ,20 * fT , grz * ∆t ))

(I.13)

Gc = MAX (Gi , G *(1 + gG ,20 * fT , grz * ∆t )

if Gi > G (I.14)

Gc = MIN (Gi , G *(1 − mG ,20 * fT , grz * ∆t )

if Gi < G (I.15)

Gnew = MIN (Gc , G *(1 − rmG ,20 * fT , grz * ∆t ) + ass3* ∆t

(I.16)

fT , grz = e ktG (T − 20)

(I.17)
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exc X = eg X + ass1X −
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Table 2.2: Explanation of symbols.
Symbol

Description

value

unit

State variables
NO3

nitrate

gN.m-3

NH4

ammonium

gN.m-3

PO4

ortho-phosphate

gP.m-3

Si

dissolved silicate

gSi.m-3

O2

dissolved oxygen

gO2.m-3

ALG1
ALG2
ALG3
ALG4
ALG5
ALG6
ALG7
ALG8
ALG9
ALG10
ALG11
ALG12
POC

diatoms energy type: diat-E
diatoms nitrogen type: diat-N
diatoms phosphorus type: diat-P
flagellates energy type: flag-E
flagellates nitrogen type: flag-N
flagellates phosphorus type: flag-P
dinoflagellates energy type: dino-E
dinoflagellates nitrogen type: dino-N
dinoflagellates phosphorus type: dino-P
Phaeocystis energy type: Phaeo-E
Phaeocystis nitrogen type: Phaeo-N
Phaeocystis phosphorus type: Phaeo-P
particulate organic carbon

gC.m-3
gC.m-3
gC.m-3
gC.m-3
gC.m-3
gC.m-3
gC.m-3
gC.m-3
gC.m-3
gC.m-3
gC.m-3
gC.m-3
gC.m-3

PON

particulate organic nitrogen

gN.m-3

POP

particulate organic phosphorus

gP.m-3

POSi

particulate organic silicate

gSi.m-3

POCS

particulate organic carbon in the sediment

gC.m-2

PONS

particulate organic nitrogen in the sediment

gN.m-2

POPS

particulate organic phosphorus in the sediment

gP.m-2

POSiS

particulate organic silicate in the sediment

gSi.m-2

SAL

Salinity

ppt

Fluxes
sed

settling

gX.m-3.d-1

mrt

phytoplankton mortality

gC.m-3.d-1

gro

nett phytoplankton growth

gC.m-3.d-1

mor

formation of dead organic matter by phytoplankton mortality

gX.m-3.d-1

upt

uptake of nutrients by phytoplankton growth

gX.m-3.d-1

dec

decomposition of dead particulate organic matter

gX.m-3.d-1

bur

burial

gX.m-3.d-1

den

denitrification

gN.m-3.d-1

nit

nitrification

gN.m-3.d-1

rea

rearation

gO2.m-3.d-1

grz

grazing by filterfeeders

gX.m-3.d-1

rsp

respiration by filterfeeders

gX.m-3.d-1

exc

excretion of organic matter by filterfeeders

gX.m-3.d-1
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Table 2.2: Explanation of symbols (Continued).
Symbol

Description

value

unit

ALGi,new

concentration of algae type i at the end of the time step

**

gC.m-3

ass1X

nett uptake flux of food of nutrient X (C, N or P)

**

gX.m-3.d-1

ass2

nett uptake flux corrected for stoichiometry filterfeeders

**

gC.m-3.d-1

ass3

maximum assimilation flux corrected for growth respiration

**

gC.m-3.d-1

ass4

effectively assimilated organic matter during time step

**

gC.m-3

b

burial rate

0.0025

d-1

cf

available food concentration

**

gC·m-3

Cl

chloride concentration

***

g.m-3

eALGi

specific extinction of algae type i

*

m2.gC-1

egX

egestion flux by grazers of nutrient X (C, N or P)

**

gX.m-3.d-1

eHUM,0

extinction due to humic substances in pure fresh water

0.97

m-1

ePOC

specific extinction of particulate dead organic matter

0.1

m2.gC-1

eSPM

specific extinction of inorganic suspended matter

0.025

m2.g-1

fam

fraction ammonium in nitrogen uptake

**

-

faut

autolysis fraction of mortality

0.3

-

feg

fraction of uptake that is egested by grazers

0.5

-

fnut

function for relative nutrient availability

**

-

fsed

fraction of excretion by grazers released to sediment

1

-

ftable

tabulated function relating kd to growth efficiency, converted from **
the tabulated function of growth efficiency and light

m-1

fT,pr

temperature function for process pr = dec, den, nit

**

-

fT,grz

temperature function for grazing processes

**

-

G

grazer biomass

**

gC.m-3

Gc

feasible grazer biomass at maximum growth or mortality rates

**

gC.m-3

gG,20

maximum growth rate grazers at 20oC

0.2

d-1

Gi

imposed grazer biomass by forcing function

***

gC.m-3

Gnew

effective grazer biomass at the end of the time step

**

gC.m-3

kALG

total extinction due to phytoplankton

**

m-1

kb

background extinction

0.08

m-1

kd

total extinction coefficient

**

m-1

kdecL, POC

minimum decomposition rate for POC at 20oC

0.12

d-1

kdecL, PON

minimum decomposition rate for PON at 20 C

0.08

d-1

kdecL, POP

minimum decomposition rate for POP at 20oC

0.08

d-1

kdecL, POSi

minimum decomposition rate for POSi at 20 C

0.04

d-1

kdec,POCS

decomposition rate for POC in sediment at 20oC

0.015

d-1

kdec,PONS

decomposition rate for PON in sediment at 20 C

0.015

d-1

kdec,POPS

decomposition rate for POP in sediment at 20oC

0.025

d-1

kdec,POSiS

decomposition rate for POSi in sediment at 20 C

0.008

d-1

o

o

o

o
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Fluxes
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Table 2.2: Explanation of symbols (Continued).
Symbol

Description

value

unit

Fluxes
kdecH, POC

maximum decomposition rate for POC at 20oC

0.18

d-1

kdecH, PON

maximum decomposition rate for PON at 20oC

0.18

d-1

kdecH, POP

maximum decomposition rate for POP at 20 C

0.18

d-1

kdecH, POSi

maximum decomposition rate for POSi at 20oC

0.08

d-1

kden

denitrification rate

0.003

d-1

kf

half saturation constant for grazing

0.1

gC·m-3

kflt,20

maximum rate of filtration by mussels

0.05

m3·gC-1·d-1

kHUM

extinction due to humic substances from fresh water input

**

m-1

kmax,I

maximum extinction where the net growth of algae type i is
positive; above this level self shading limits growth

**

m-1

kmin,I

minimum extinction where the net growth of algae type i is positive; 0
below this level photo-inhibition limits growth.

m-1

knit

nitrification rate

0.07

d-1

kPOM

extinction of dead particulate organic matter

**

m2.gC-1

krea

reaeration rate

4

d-1

kSPM

extinction of inorganic suspended matter

**

m2.gC-1

ktdec

temperature coefficient for decomposition of POX and POXS, except 1.11
for opal silicate in sediment

-

ktdec,POSiS

temperature coefficient for dissolution of opal silicate in sediment

1.047

-

ktden

temperature coefficient for denitrification

1.11

-

ktG

temperature coefficient for grazing processes

0.04

-

ktm,i

temperature coefficient for mortality of algae type i

*

-

o

ktnit

temperature coefficient for nitrification

1.06

-

ktp,i

temperature coefficient for phytoplankton growth

*

°C

ktr,i

temperature coefficient for phytoplankton respiration

1.07

-

kupt,20

maximum food uptake rate by grazers

0.1

gC·gC-1·d-1

lecr

critical light efficiency where phytoplankton growth just balances
losses

**

-

lei

growth efficiency of algae type i, tabulated function of light

**

-

mi,0

mortality rate for algae type i at 0°C

*

d-1

mG,20

maximum mortality rate of grazers at 20°C

0.2

d-1

mi

mortality rate for algae type i

**

d-1

n

number of algae types in calculation

12

-

O2,eq

saturation concentration of oxygen

**

gO2.m-3

pi,0

maximal net growth rate of algae type i at 0°C

*

d-1

pgi

maximal gross growth rate algae type i

**

d-1

pi

maximal net growth rate for algae type i

**

d-1
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Table 2.2: Explanation of symbols (Continued).
Symbol

Description

value

unit

ri,0

maintenance respiration rate for algae type i at 0°C

0.06

d-1

rgG,20

growth respiration fraction at 20°C

0.2

-

rmG,20

maintenance respiration rate of grazers at 20°C

0.005

d-1

ri

maintenance respiration rate for algae type i

**

d-1

SALb

background salinity

34.97

ppt

slN

lower limit stoichiometric constant PON

0.1

gN.gC-1

slP

lower limit stoichiometric constant POP

0.01

gP.gC-1

slSi

lower limit stoichiometric constant POSi

0.01

gSi.gC-1

sN,G

stochiometry of nutrient N in grazers

0.1818

gN/gC

sNO

oxygen nitrogen ratio in NO3

4.571

gO2.gN -1

sO

oxygen carbon ratio in detritus

2.67

gO2.gC-1

sP,G

stochiometry of nutrient P in grazers

0.0263

gP/gC

SPM

(suspended) inorganic matter concentration

***

gDM.m-3

suN

upper limit stoichiometric constant PON

0.15

gN.gC-1

suP

upper limit stoichiometric constant POP

0.015

gP.gC-1

suSi

upper limit stoichiometric constant POSi

0.005

gSi.gC-1

sX,i

stochiometry of nutrient X in algae type i

*

gX/gC

T

water temperature

***

°C

up

uptake rate of organic matter by grazers

**

d-1

vALGi

settling velocity of algae type i

*

m.d-1

vPOX

settling velocity of particulate dead organic matter

1.5

m.d-1

W

wind velocity

***

m.s-1

Z

water depth

***

m

*

in Table 2.3

**

calculated in GEM

*** model forcing

Table 2.3: Parameter values in the algal module (BLOOM) of the GEM model.
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Table 2.4: Cost function results for the Veerse Meer case (5 parameters, surface water, 1995 – 1999).

Table 2.5: Cost function results for the North Sea case (chlorophyll-a, 24 years, 6 stations).
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Table 2.6: Cost function results for the Venice Lagoon case (4 parameters, 26 locations).

Table 2.7: Cost function results for the Sea of Marmara case (5 parameters, 5 depths).

Chapter 3
Analysis of the Spatial Evolution of the
2003 Algal Bloom in the Voordelta (North Sea)

Abstract
Phaeocystis blooms in the Southern Bight of the North Sea may cause damage to the
aquatic ecosystem and to commercial mussel cultures at the entrance of the Oosterschelde
estuary. In this paper the potential for early detection of Phaeocystis blooms in Dutch
coastal waters is studied, using a combination of field data, satellite observations and
hydrodynamic- and biological modelling. For the spring bloom period in the year 2003
MERIS chlorophyll-a maps, derived with the HYDROPT algorithm for coastal waters, were
compared to in-situ measurements at stations off the coast in de Voordelta and the results
of the GEM biogeochemical model.
The analysis shows that the spatial and temporal variability in Phaeocystis abundance
and total biomass (expressed by the Chl-a concentration) during spring is large. It
is confirmed that blooms may develop off shore and show a tendency to accumulate
within 10 km from the coastline, giving rise to rapid biomass accumulation at the mouth
of the multiple estuaries in the Voordelta. Based on the outcome of this study an early
warning system is proposed that notifies local water managers and shellfish growers for
potentially harmful Phaeocystis bloom formation.

This chapter is based on the paper: Van der Woerd, H.J., Blauw, A., Peperzak, L., Pasterkamp, R.,
Peters, S., 2011. Analysis of the spatial evolution of the 2003 algal bloom in the Voordelta (North
Sea). Journal of Sea Research 65: 195-204.
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3.1 Introduction
In the Southern regions of the North Sea and the Eastern English Channel the spring
bloom of phytoplankton is dominated by diatoms and Phaeocystis globosa (Reid et al.,
1990; Peperzak et al., 1998; Rousseau et al., 2002; Muylaert et al., 2006). At the Phaeocystis
bloom maximum, colonies with diameters in excess of 200 μm and chlorophyll-a (Chl-a)
levels above 20 mg m-3 are formed (Peperzak et al. 1998; Seuront et al., 2006). These
colonies and associated foam formation on beaches are a nuisance to humans and
ecosystems (Schoemann et al., 2005). Phaeocystis blooms are also harmful, because in
shallow seas the sedimentation of decaying large colonies, at the bloom decline, may
lead to sediment anoxia and massive mortality of benthic invertebrates (Peperzak, 2002).
For example, in 2001 a massive bloom of Phaeocystis caused severe economic damage to
the commercial shellfish industry near the entrance of the Oosterschelde at the Voordelta,
part of the Southern Bight of the North Sea. Analysis of salinity and oxygen data revealed
that the Phaeocystis bloom had developed off-shore and was transported towards the
mussel beds near the Oosterschelde entrance. This was followed by anoxia and mussel
death, most likely as a consequence of sedimentation of the colonies (Peperzak and
Poelman, 2008). Problems as encountered in 2001 could be prevented in the future by
relocating mussel cultures to waters less affected by high-biomass blooms. However, to
apply such management options, reliable early confirmation of the onset of Phaeocystis
blooms and subsequent spatial evolution is critical.
The intensity and frequency of Phaeocystis blooms has increased over the last decades
(Cadée and Hegeman, 2002), likely coupled to higher nutrient loads (Gypens et al., 2007;
Lancelot et al., 2009). In their review of the Continuous Plankton Recorder data from the
second half of the last century, Gieskes et al. (2007) confirm that for the Southern North
Sea the total phytoplankton biomass (expressed by the Chl-a related PCI) is related to river
discharge. However, Gieskes et al. (2007) also suggest that the Phaeocystis abundance
variation in the Southern North Sea is mainly correlated to the amount of Atlantic Ocean
water flushed in through the Dover Strait. The bloom onset (between begin April to June)
and intensity shows erratic behaviour from year to year and is, in addition, dependent on
the geographical location (Muylaert et al., 2006; Gieskes et al., 2007; Blauw et al., 2010).
Therefore, the exact timing and abundance of the bloom formation in the Voordelta
cannot be derived from historical data alone and other means must be considered.
An obvious early detection method of high-biomass blooms is the use of satellite
imagery (see the review by Stumpf and Tomlinson, 2005). Optical detection of elevated
Chlorophyll-a (Chl-a) levels by the new generation ocean colour imaging spectrometers
(SeaWiFS, MODIS and MERIS) is becoming an integrated part of off-shore HAB detection
(Stumpf et al., 2003). Phaeocystis blooms have high cell concentrations (millions of cells
per litre), contain high Chl-a densities, and are detectable by remote sensing. For example,
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Tang et al. (2004) demonstrated that SeaWiFS is able to detect Phaeocystis by its optical
signature in clear oceanic (case 1) waters off the South-Eastern coast of Vietnam in 2002.
However, the simple algorithms developed for case-1 waters greatly overestimate the
Chl-a concentrations in estuaries and deltas (D’Sa and Miller, 2005), thereby mimicking
spurious bloom phenomena. This drawback was recently overcome with the development
of reliable Chl-a retrieval algorithms for the North Sea (case 2), that take into account the
influence of highly-variable concentrations of suspended particular matter and coloured
dissolved organic matter on the measured signal (Schiller and Doerffer, 2005; Van der
Woerd and Pasterkamp, 2008). Also more information becomes available on the inherent
(Babin et al., 2003; Tilstone et al., 2010).
Additional information on the exact timing of the bloom formation in the Voordelta
can be derived from complex hydrodynamic biogeochemical models, combined with
satellite and in-situ data (Schofield et al., 1999). With the MIRO model Lancelot et al.
(2005) and Lacroix et al. (2007) could model the timing of the spring bloom in the years
1989-1999 within a few weeks. They found that typically a Phaeocystis bloom is preceded
by a bloom of diatoms, separated by 20-40 days. The MIRO model tends to underestimate
spring Chl-a concentration (Lacroix et al., 2003). In our study, the GEM model used (Los
et al., 2008; Blauw et al., 2009) has a model domain that includes the Southern Bight of
the North Sea and the delta estuaries of Rhine and Scheldt and has been extensively
validated for Dutch coastal waters.
In this paper we describe the spatial and temporal evolution of an algal bloom in
spring 2003, based on an analysis of four data sources (Van der Woerd et al., 2005): Field
data that include Chl-a measurements and flowcytometer cell counts, MERIS satellite
measurements and GEM-model output. A priori it was recognized that none of these
data sources is likely to provide a sufficiently reliable early detection and forecast of
Phaeocystis levels by itself for the following reasons: (1) The collection and analysis of field
data is an expensive and time-consuming procedure to monitor the spatial and temporal
development of blooms offshore, (2) Remote sensing data give synoptic information, but
can have temporal under-sampling because of cloud cover and (3) dynamic modelling
information is prone to uncertainties, considering the complexity in the many biological
and hydrodynamical processes that operate in the Voordelta. In this paper it is shown to
what extent the information from the four data sources support the early detection of
algal blooms and to what extent the data provide consistent or conflicting information.
In section 2 the Voordelta area is introduced. In section 3 the description of the remote
sensing data and the retrieval of Chl-a are provided, together with an introduction to
the GEM model. Also the Phaeocystis cell count by the flowcytometer and Chlorophyll-a
(Chl-a) concentration measurements by HPLC are described. In the result section (4)
all data are compared, mainly the spatial patterns with elevated Chl-a levels and the
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temporal evolution at stations in the Voordelta. The paper finishes with a discussion of
the uncertainty in information and differences between data sources (section 5) and
consequences for the implementation of an early-warning system (section 6).

3.2 Study area description
This study focuses on the southern part of the Dutch coastal zone, the Voordelta and
adjacent (former) estuaries and inlets (Figure 3.1). This part of the North Sea is characterized
by OSPAR (2010) as problem area with regard to eutrophication. Rivers such as the Rhine,
Meuse and Scheldt discharge nutrient-rich fresh waters in a relatively shallow shelf sea,
enclosed between the United Kingdom and continental Europe.

Figure 3.1: Graph of Voordelta and the province of Zeeland. The inset shows the location in
the Southern North Sea and the West English Channel. The dark-grey areas are recognized as
eutrophied. The names denote important cities, water bodies and measuring stations. The exact
location of the measuring station is indicated by (*). Sources of freshwater input are indicated
by (F).
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The main fresh water (F) and nutrient input in the area is via the Nieuwe Waterweg (outlet
of the harbour of Rotterdam) and via the Haringvliet, which discharge freshwater from
the rivers Rhine and Meuse. Further south is the saline lake Grevelingen that is connected
to the North Sea via a sluice in the Brouwersdam. The Oosterschelde, also connected
by a tidal inlet dam (storm surge barrier) to the North Sea, is an area of intense mussel
cultivation. The most southern estuary is the Westerschelde. In fact, all these shallow
coastal waters, with depths less than 20 meters, are usually well mixed due to strong tidal
currents. In addition to the Brouwersdam station, in-situ data from the stations Goeree
6 (51°52.2’ N, 3°52.4’ E), Walcheren 2 (51°32.9’ N, 3°24.6’ E) and Wissenkerke (51°36.2’ N,
by the fresh-water plume from the Haringvliet and Nieuwe Waterweg.

3.3 Materials and Methods
In April-May 2003 a dedicated measurement campaign was carried out to collect samples
for Phaeocystis cell counts up to 5 times a week at the Brouwersdam sluice, the entrance of
Lake Grevelingen. The analysis was performed with a high-performance flow cytometer
(Rutten et al., 2005). For stations Goeree 6, Walcheren 2 and Wissenkerke, Phaeocystis cell
counts were determined microscopically (Baretta-Bekker et al., 2009). These stations are
part of the national monitoring program (MWTL) and are visited once a month in winter
and twice a month in spring and summer. For these stations Chl-a measurements with
HPLC were made available via a public website (www.waterbase.nl).
Satellite-based measurements were collected from the MEdium Resolution Imaging
Spectrometer (MERIS) instrument from the European Space Agency that has a mean
local time of overpass at 10 AM UTC. In this study we used the reduced resolution data
that have a spatial resolution of 1.2 by 1.2 km2 for nadir view. Due to orbit restriction the
MERIS instrument can observe the Voordelta only two out of three days. Due to additional
restrictions, in particular clouds, sun glint and adjacency effects, the number of highquality MERIS observations of the Dutch Voordelta numbered 32 in total in a time interval
of 92 days in 2003 (March 1st – May 31st).
The MERIS observations were processed from MERIS reflectance (L2; MERIS data
with processor version IPF 5.05) with the HYDROPT inverse algorithm (Van der Woerd
and Pasterkamp, 2008). This algorithm derives the concentration of Chl-a, suspended
particulate matter (SPM) and dissolved organic matter (CDOM) absorption by minimizing
the difference between the observed and modelled reflectance spectra in 8 optical bands
between 412 and 708 nm. The modelled reflectance is based on the HydroLight radiation
transfer code (Mobley, 1994) that simulates the observed remote sensing reflectance as
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a function of absorption and scattering within the water, taking into account the angular
distribution of the down-welling radiance and the transmission function through the
air-water interface. HYDROPT was parameterised with a set of absorption and scattering
properties for Chl-a, SPM and CDOM that resulted in the highest correlation between
geometric mean Chl-a and SPM values for 14 monitoring stations in the Dutch coastal
zone for the years 2003 – 2006 (Peters et al., 2009).
The Generic Ecological Model (GEM) ecosystem model was used to simulate effects
of river discharges and biogeochemistry in the relatively shallow estuarine and coastal
waters of the southern North Sea. The GEM model consists of a hydrodynamic module
and an ecological module. The combination of the two modules has been used to
calculate total algal biomass and Phaeocystis in equivalent carbon concentration and
Chl-a. Nutrient cycles of nitrogen, phosphorus and silicate and phytoplankton dynamics
are simulated in three forms: dissolved inorganic nutrients, algal biomass and detritus.
Four phytoplankton species groups are simulated: diatoms, flagellates, dinoflagellates
and Phaeocystis. The model assumes that fast-growing (less efficient) phytoplankton
species dominate in a situation where resources (light, nutrients) are abundant, while
slow growing, but efficient phytoplankton species gain dominance when resources
become limited (Los and Wijsman, 2007).
Transport of substances within the model and temperature forcing are based on
information from the hydrodynamic model. The model area extends from the English
Channel in the South, up to Denmark in the North and covers the whole southern North
Sea in between. The schematisation uses a curvilinear grid with a resolution varying from
circa 2 km near the mouth of the Rhine river to circa 20 km in the most north westerly
part of the model area. Boundary conditions are based on astronomic tides and long term
averaged observations. These boundary conditions are sufficiently far away from the area
of interest in this study to provide adequate nutrient concentrations and residual currents
(Los and Blaas, 2010), while not overriding the simulated near-shore phytoplankton
dynamics. River nutrients inputs are based on daily observations of discharges and
circa 2-weekly observations of concentrations near the river mouths (www.waterbase.
nl). The model runs started in January 2003 with initial conditions resulting from model
simulations from 1996 – 2002. The model set-up and validation results for the GEM model
for the southern North Sea are described in more detail by Los et al. (2008), Blauw et al.
(2009) and Los and Blaas (2010).
Spring bloom formation is triggered by light availability that is, in these shallow
waters, strongly related to sediment load (Tian et al., 2009; Blauw et al., 2010). Blauw et
al. (2006) found a significant correlation between turbidity and averaged wind speed
during the preceding week for monitoring stations near the Dutch coast. Assuming that
most of the temporal variability is due to wind-induced re-suspension, this information
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was used in combination with monthly averaged sediment maps from remote sensing
data to construct a forcing function for suspended matter concentrations in the model. A
similar approach has been followed by Huret et al. (2007), who used SeaWiFS suspended
matter observations to force the phytoplankton production model for the Bay of Biscay,
by Tian et al. (2009) in the German Bight and Li et al. (2010), for the southern North Sea.
The overall extinction coefficient in the model is the sum of the extinction by suspended
matter, phytoplankton, particulate organic matter, dissolved organic matter from
rivers (approximated by salinity) and background extinction (Blauw et al., 2009). The
underwater light climate experienced by phytoplankton in the model is also affected by
in each vertical layer and the part of the day that the phytoplankton spent in each layer
(simulated by the hydrodynamic model).

3.4 Results
3.4.1 Field data
The information that is available from discrete water samples is given in Figure 3.2, that
shows the Phaeocystis cell concentrations near the Brouwersdam (◊) , starting from the
last day of March and continuing to the end of May 2003. At April 11th (day 101 in 2003)
the level of 10 million cells per litre was exceeded. No samples were taken during the
weekend of 12, 13 April. The bloom intensity at this location increased to 90 million
cells per litre at April 14th. This can be either due to transport of an existing bloom to the
Brouwersdam, a local doubling of the number of cells per day in an exponential growth
phase or a combination of the two mechanisms. Cell numbers remained high, between
10 to 30 million cells per litre, until the first week of May.
The coastal stations Goeree 6 and Walcheren 2 also showed elevated Phaeocystis
levels at April 14th of 36 and 29 million cells per litre, respectively. The Chl-a concentrations
measured at the same location were high (37.8 and 38.8 mg m-3 respectively). If we assume
a carbon content of 14.15 pgC per Phaeocystis cell and a typical C/Chl ratio of 18 (Rousseau
et al., 1990; Schoemann et al., 2005) we find that 10 million cells per litre correspond to
7.9 mg m-3 Chl-a. When this conversion factor is applied to the April 14th measurements
at Goeree 6 and Walcheren 2, high equivalent Phaeocystis Chl-a concentrations (28.3 and
22.8 mg m-3 respectively) are calculated, indicating a dominance of Phaeocystis in the
overall Chl-a signal. Unfortunately no information exists on the Phaeocystis bloom phases
before this date. The two stations show lower Phaeocystis concentrations at May 6th with
values of the order of the Brouwersdam measurements around that time.
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Figure 3.2: Time series of the cell counts of Phaeocystis at the inlet of Lake Grevelingen
(Brouwersdam) and two stations in the Voordelta.

3.4.2 MERIS observations
The full set of MERIS images contains many clouded scenes and the Voordelta can only
be observed one out of three days (on average) in the bloom period. The images with
best coverage of the Voordelta are shown in 16 panels in Figure 3.3. On March 28th (day
87) Chl-a higher than 20 mg m-3 are detected in a narrow strip close to the coast. The
next clear observation is on April 9th, when a bloom is already more prominent close to
the coast near the mouth of the Westerschelde and the tidal inlets of Oosterschelde and
Grevelingen. In the next week the bloom fully develops in the whole Voordelta. Chl-a
levels above 20 mg m-3 are observed up till the image of May 4th (day 124). Note that
the bloom has a tendency to be located close to the coast and large off-shore gradients
can be seen, for example on April 23rd and May 4th. After May11th the bloom intensity
decreases, interestingly revealing a striped pattern with an interval between the lines of
elevated algal density of typically 10 km. At May 15 and May 31 elevated Chl-a levels are
only observed close to the coast and could be related to the nutrient-rich freshwater from
Westerschelde and Haringvliet. Satellite measurements within the estuaries are mostly of
low quality and are therefore not interpreted in this article.
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Figure 3.3: Development of the algal bloom in spring 2003 as observed by the MERIS sensor. The
colour bar gives the Chl-a concentration in (mg m-3). White indicates land, light grey pixels are
contaminated by clouds and darker grey pixels indicate problems in the retrieval process.
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In Figure 3.4 the development of the bloom is compared at four stations, two at the
entrance of an estuary (Brouwersdam (BR) and Oosterschelde (OO)) and two off shore
(Walcheren 2 (W2) and Goeree 6 (G6)). The information is extracted from the MERIS
images, partly shown in Figure 3.3, supplemented with four in-situ Chl-a measurements.
Before day 90 and after day 135 the levels are low, while in the bloom period (indicated by
the grey box) 20 out of 21 observations have a level well above 10 mg m-3 Chl-a. This figure
demonstrates that in this complex marine area the four stations show a high spatial and
temporal variability and demonstrates the scarcity of in-situ measurements. In addition
it demonstrates that a simple relation between Chl-a levels off shore (Goeree 6) and the
Chl-a levels at the entrance of the Oosterschelde is hard to find.

Figure 3.4: Time series of the Chl-a concentrations at four stations in the Voordelta. The exact
position is marked with an asterix (*) in Figure 3.1. The stations are indicated as BR (Brouwersdam),
OO, W2 (Walcheren 2) and G6 (Goeree 6). The open symbols are based on MERIS observations
and the solid symbols are based on MWTL in-situ measurements.

3.4.3 GEM model results
More information on the spatial evolution of the algal biomass (expressed as Chl-a
concentrations of all species) is provided in Figure 3.5 where the simulated Chl-a
concentrations by the GEM model are depicted on 12 days in spring 2003. The model
output is provided at 10 AM UTC, very close (within 1 hour) to the satellite overpass. A
phytoplankton bloom develops first within the Oosterschelde already in mid March.
This corresponds with field observations and might be related to the lower suspended
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Figure 3.5: Bloom development, expressed as total Chl-a concentrations, simulated by the GEM
phytoplankton model. The colour bar gives the Chl-a concentration in (mg m-3). The model
output is provided at the same days as the MERIS satellite images, shown in Figure 3.3.
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matter concentrations, compared to the coastal zone, relieving the energy-limitation
on growth. In the three weeks between March 26th and April 16th the GEM model
describes the evolution of apparently two bloom phenomena: Within the Oosterschelde
the chlorophyll-a levels remain high (more than 20 mg m-3) till about April 16th. At the
same time a bloom develops off shore and some areas at sea reach chlorophyll-a levels
above 20 mg m-3 on April 9th. On April 16th (day 106) an extended algal bloom is formed
within the first kilometres from the coast, covering the Brouwersdam and Oosterschelde
entrance. The last two panels show that the model predicts that the bloom is transported
to the South to the mouth of the Western Scheldt. Chlorophyll-a levels start to drop below
20 mg m-3 in the major part of the Oosterschelde at April 23rd and below 10 mg m-3 at the
end of April.

3.4.4 Comparison of information
When we compare the spatial distribution of Chl-a concentrations in the model data
(Figure 3.5) and the MERIS data (Figure 3.3) it is clear that the model data have a much
higher resolution in time, covering every detail of the bloom development phase. The
remote sensing data have a higher resolution in space, yet show little information on
concentrations in the estuaries. In the remote sensing data the bloom patches seem to be
very concentrated, with maxima almost touching the coastline. The blooms show almost a
front (at approximately 10 km) with off-shore waters that have a lower Chl-a concentration
(see e.g. the image of April 13). The model shows local maxima concentrations off the
coast (until April 9) and a more gradual transition off shore. The bloom in the remote
sensing data seems to extend further south and longer in time than the simulated bloom.
Despite these differences, it is of more interest whether information from these sources,
combined at multiple locations off shore in the Voordelta, gives improved insight in the
timing of the Phaeocystis bloom near the mouth of the Grevelingen and Oosterschelde
estuaries. For this purpose we investigate the time series of the bulk optical indicator
of bloom formation, the Chl-a pigment concentration, and the mass concentration of
Phaeocystis cells.
Figure 3.6 shows a comparison of Chl-a concentrations from the three different data
sources included in this study at the monitoring location Goeree 6 in the Voordelta
area. Note that the satellite data that cover the GEM grid cell that includes the Goeree
6 location have been averaged. In this figure the model results are plotted every hour
in order to visualize the large effect of the tides on the Chl-a at a specific geographical
location. For example, the model describes a rise in the Chl-a concentration at Goeree
6 from 5 to 25 mg m-3 in the second week of April. Superposed on this average rise the
Chl-a level show a significant tidal variation caused by the combined effect of tidal flow
and the gradients in Chl-a field (Figures 3 and 5). Although this effect is not able to explain
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all differences between model, MWTL data and MERIS data, it does complicate a direct
validation. For example, if during the bloom formation two measurements are made a
few hours apart, the concentrations can potentially differ by as much as 10 mg m-3. At
occasions when the spatial gradients are much smaller, the influence of the tides is also
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smaller, like in the decay phase of the bloom.

Figure 3.6: Time series of the Chl-a levels at station Goeree 6 in the Voordelta. The line presents
the GEM model results. The open triangles are concentrations derived from remote sensing
(MERIS), while the solid circles are based on laboratory HPLC measurements from in-situ water
samples (MWTL).

The simulated Chl-a concentration shows a double peak structure, with a first
concentration increase around April 1st (day 91) and another around April 10th (day 101).
The first bloom period coincides with a period of enhanced light availability, due to a
combination of solar irradiance and low wind speed and water turbidity (data not shown
here). The MERIS images taken at days 87 and 93 confirm this first bloom period (see
Figure 3.3). The satellite data and model results show a consistent start of the second
bloom period (April 9-14). However, at maximum the model results (26 mg m-3) lay below
the MERIS observations (43 mg m-3) and the HPLC measurements (day 104.6, 37.8 mg m-3).
The measurements taken between May 1st and May 8th demonstrate that the decline of
the bloom is not well reproduced by the model, although there is better convergence at
day 135 (May 15th).
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Figure 3.7: Time series of Chl-a levels (left panels) and Phaeocystis concentration (right panels)
at two stations in the Voordelta (Goeree 6 (A, B); Walcheren 2 (C, D)) and one station in the
Oosterschelde (Wissenkerke (E, F)). The drawn line presents the GEM model result. The open
triangles are concentrations derived from remote sensing (MERIS), while the solid circles are
based on laboratory HPLC measurements from in-situ water samples (MWTL).

Figure 3.7 shows a comparison of the time series of Chl-a concentration and Phaeocystis
concentrations at three different locations. The drawn line is based on the GEM model
output, while the black dots are MWTL bi-weekly or monthly measurements. In Figure
3.7E it is demonstrated that the model gives a rather accurate reproduction of the
measured Chl-a levels within the Oosterschelde at station Wissenkerke. However, the
Phaeocystis bloom in the model is two weeks earlier than in the observations (Figure
3.7F). Nevertheless, it is important that the timing of the model for the spring bloom at
the end of March in the Voordelta can be confirmed by in-situ measurements at three
locations and satellite images. This spatiotemporal information can be used for the
strategic collection of in-situ samples. For example, based on the information available
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from model results and satellite images at March 28th it is possible to schedule water
sampling in the Voordelta, well before the emergence of the Phaeocystis bloom at the
entrance of Lake Grevelingen or Oosterschelde. Fast analysis on the composition by
flowcytometer measurement can be used to confirm or deny the harmfulness of the
biomass accumulation that is about to start.

3.5 Discussion

was that it was transported with relatively low-salinity water (circa 27) into the
Oosterschelde. Peperzak and Poelman (2008) present evidence that the bloom was about
to decline when it entered the relatively clear, calm and shallow Oosterschelde estuary,
inducing massive Phaeocystis sedimentation that most-likely resulted in anoxia and a loss
of the mussel harvest (equivalent of 20 million Euro). An early detection of the harmful
Phaeocystis bloom would have allowed shellfish growers to take appropriate measures.
The purpose of this discussion is to explore how the synergetic use of in situ data, satellite
data and modelling can effectively contribute to an early warning system for harmful
effects of Phaeocystis blooms.
A key problem that is identified in the interpretation of the data of 2003 is the
considerable variability in the relationship between total community chlorophyll
concentration and Phaeocystis abundance, and the resulting difficulty in reconstructing
Phaeocystis abundance from field chlorophyll measurements. Historic data already show
that in the spring bloom period variation of Phaeocystis colony abundance does not
at all resemble the variation in phytoplankton biomass or Phytoplankton Colour index
(Gieskes et al., 2007). Based on community composition monitoring in the Belgian coastal
zone, Muylaert et al. (2006) demonstrated that in 2003 the Phaeocystis bloom showed a
significant spatial variation in timing and magnitude. Equally important is that diatoms
and other algae always contribute to the Chl-a budget at each station (Figure 3 in Muylaert
et al., 2006).
Note also that before the GEM model output is compared to the Chl-a concentrations
measured in the laboratory or by satellite, the carbon present in phytoplankton groups is
multiplied with a Chl-a to C ratio. This ratio is specific for each group (diatoms, flagellates,
dinoflagellates and Phaeocystis) and for the growing conditions, in particular a function
of N-, P- or light-limitation (Blauw et al., 2009). In the Voordelta, spring bloom growth
conditions are highly variable under the influence of tidal mixing, wind stress and
turbidity, freshwater inflow with nutrients, nutrient limitation after the initial exponential
growth phase and so on. Under these rapidly changing environmental conditions it can
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be assumed that the algae adopt changing physiological responses, for example in their
Chl-a to C ratio. Despite the large uncertainty on Chl-a to C ratios, the overall matching
between model and observation is rather satisfactory.
The in-situ data, satellite data and model results differ widely in their information on
offshore development of a threatening algal bloom: the field data at most monitoring
stations had a temporal resolution of at most twice per month during the bloom period.
This is too limited to monitor bloom development and transport, which can occur within
one week. The flowcytometer data at the Brouwersdam with almost daily coverage
gave a much better impression of bloom timing. The rise and maximum peak of the
Phaeocystis bloom occurred between 10 and 16 April. It is unclear how representative the
observations at station Brouwersdam are for other areas and estuaries in the Voordelta.
Ideally one would like to have this type of measurement at stations offshore and at the
mouth of the Oosterschelde where Phaeocystis blooms are potentially harmful.
From the 2003 hind-cast exercise it is clear that the remote sensing information has
been severely restricted by clouds. Nevertheless, the data cover the onset of a bloom
formation close to the shoreline and estuaries. Elevated levels of chlorophyll-a can first
be reported on Thursday April 10th, the first processing day after a non-obscured MERIS
observation of the area on April 9th. The next good image is at April 13th, showing an
extensive bloom in the whole Voordelta. Reliable observations in the estuaries such as
the Oosterschelde were scarce. Some improvement can be made if Chl-a maps, derived
from other instruments like MODIS on Terra and Aqua satellites, are used to increase
the observation frequency and enhance the chance to collect additional non-clouded
observation from the coast. The model results support the idea that validation of satellite
data in bloom conditions require that remote sensing and in-situ measurements must be
sampled within a small time window (few hours). Unfortunately this is rarely realized in
the absence of high-frequency automated monitoring stations.
The relevance of satellite information would be much higher if Phaeocystis detection
in the optical reflection signal can be achieved. However, the pigment composition
of Phaeocystis is not very different from that of other fucoxanthin- and fucoxanthinderivative-containing phytoplankton groups (Antajan et al., 2004). Astoreca et al. (2009)
found in laboratory experiments that potentially stronger absorption at 467 nm by the
pigment chlorophyll c3 might enable discrimination between Phaeocystis and diatoms.
In the field, the positive detection of this relatively weak absorption feature would require
a Phaeocystis cell density in the order of 10 million cells per litre (Astoreca et al., 2009).
In the near future this new monitoring capability for specifically detecting Phaeocystis
biomass might be successful.
In this study it was observed that the GEM model simulates rather well the moment
when conditions were favourable for phytoplankton growth. However, the Phaeocystis
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bloom development in the model occurred simultaneous with the bloom development
expressed in Chl-a. In the field data the Phaeocystis bloom developed circa 2 weeks later
and was preceded by a diatom bloom. This is consistent with earlier reported observations
(Figure 9 in Reid et al., 1990; Peperzak, 2002) that Phaeocystis blooms can be preceded by
a diatom bloom. However, for the Dutch coastal zone this is certainly not always the case
(Peperzak et al., 1998; Blauw et al., 2010). Also in the Belgian North Sea a clear distinction
between a diatom and Phaeocystis dominated bloom is not always clear (Muylaert et al.,
2006). Observed peak bloom abundances of Phaeocystis (See Figures 2, 7B,D) generally
exceed those in the model. The use of constant carbon content per Phaeocystis cell in
development when cell numbers double every day, total Phaeocystis biomass may
increase at a smaller rate than the cell number density.

3.6 Implementation of an early warning system
So far, we have mainly focussed on how the four data sources can be used in combination
to reconstruct the development of the spring bloom of Chl-a and Phaeocystis in the
Voordelta area. In this section we address the question in what way the information
should be combined to provide an early warning system. Although scale differences and
timing differences between satellite Chl-a results and model predictions have been shown
to exist, it is also evident that both contain relevant information on near-coastal algal
blooms that is impossible to obtain by other means. Satellite data contain information
extracted from instantaneous colour observations which show good comparison with
in-situ observations (Van der Woerd and Pasterkamp, 2008; Peters et al., 2009). Model
results contain the compound information of nutrients inputs, winds and currents,
translated into biomass and Chl-a development, which also show good comparison with
in-situ observations (e.g. Los and Blaas, 2010). In the ideal case these essentially different
realizations of the same parameter should produce approximately the same spatial
patterns and temporal development.
In the future, assimilation of satellite observed Chl-a observations into ecological
models will improve the spatial correctness of the models and enhance the relevance
of satellite information. When we focus at the case of Phaeocystis blooms threatening
the Oosterschelde, it is evident that we need information on the presence (amount or
concentration), composition, horizontal extent, growth/decline and movement of the
bloom. Interesting would also be the vertical extent of the bloom and its physiological
state. In 2001 the Phaeocystis bloom and mussel mortality in the Oosterschelde coincided
with exceptionally low salinities (Peperzak and Poelman, 2008). Although the relation
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between the fresh water inflow and the mussel mortality is unclear, it seems wise to be
extra alert when similar conditions as in 2001 occur. To complete the picture, one would
also like to know what the fate (path) of the algal biomass is (after the bloom) to assess
the risk on oxygen depletion.
At present we concede to the common understanding that satellite data and models
are two almost separated sources of information. Satellite data is the best source of actual
pattern information and models provide information any time (also on cloudy days)
and facilitate interpretation and prediction. In-situ measurements of the Phaeocystis
abundance remain indispensible. It is suggested to combine the information in a threestep warning procedure:
–– Detect the spatial distribution of a bloom in near-real time with satellites and
make a model prediction (3-5 days in advance) of the potential biomass evolution
and transport based on the weather forecast and the present bloom distribution
as estimated from the remote sensing information and / or model results.
–– Detect the abundance of algal species in the coastal algal bloom with
flowcytometer measurements to check if the bloom is dominated by Phaeocystis
and make a model prediction of the cell concentration and timing of the decay.
–– Detect the presence of Phaeocystis with flowcytometer measurements at the
entrance of the Oosterschelde and combine this information with automated
salinity, nutrient and oxygen measurements.
Based on the 2003 reconstruction it is expected that despite clouds interference, satellite
imagery is sufficient to see different manifestations of the bloom development.The rapid
(within 24 hours) availability of satellite products is feasible (Van der Woerd et al., 2005)
and crucial for an early warning procedure. These images serve well to timely warn for the
presence of a bloom and direct the sampling for Phaeocystis abundance. Also the model
seems to accurately simulate the timing of the phytoplankton spring bloom. Model
predictions over a period of approximately 5 days, would provide information about
probable changes in horizontal extent, direction of movement, growth/decline and
probably also of the physiological state of the bloom. It is recommended for operational
use to combine the separate information sources into an on-line information bulletin.
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3.7 Conclusions and recommendations
In this study we have investigated the potential for an algal bloom early warning system
in the Voordelta, based on integrated use of in-situ and satellite data and results from
biogeochemical modelling. We assessed the quality of the information provided, defined
as the accuracy of the information on the bloom characteristics at the mouth of the
Oosterschelde. Our aim was to establish the skill of the combined data sources to detect
Phaeocystis blooms developing offshore in the Voordelta, allowing early warning to
shellfish growers of this threat, who can then decide to take measures, like the relocation
near-real-time chlorophyll maps, showing the patterns and evolution of potential harmful
bloom events. Flowcytometry is a powerful tool to make actual in-situ measurements of
the Phaeocystis concentration at a limited number of stations. Prediction about biomass
growth or movement of blooms for any time of day can only be made by a model, based
on biogeochemical and hydrodynamic principles. The results presented in this paper are
encouraging, but do also show that the three building blocks of an early warning system
(field data, satellite data and model data) still have some shortcomings and do not yet fit
smoothly together.
This study has made it clear that a more comprehensive tool for monitoring and
prediction of the spatial evolution of algal blooms in the Voordelta should be based on
a better integration of data and the GEM model. In particular, since bloom formation
is triggered by light conditions, it is recommended to feed actually observed light
parameterisations in the model. This light parameterisation can be based on geostationary
meteorological satellites (cloud conditions) and ocean colour satellites (turbidity
information). In this study we have already made a first step in integrating remote
sensing information with the GEM model for the southern North Sea, by using turbidity
fields from remote sensing as model forcing. Secondly, in order to provide a tighter
integration between Chl-a data from satellites and the GEM model, it is recommended
to develop better C to Chl-a parameterizations of algal species groups in a broad range
of environmental conditions and couple these to the spectral absorption properties that
are used in the satellite retrieval of Chl-a concentrations. Finally, the comparison between
field data, remote sensing data and model data should be done for more years to get a
useful statistical representation of the reliability of the different data sources and their
combined use.
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of the mussels to less vulnerable waters. MERIS observations can produce high-quality
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Chapter 4
Nuisance Foam Events and Phaeocystis Globosa
Blooms in Dutch Coastal Waters Analyzed
with Fuzzy Logic

Abstract
Phaeocystis globosa is a nuisance algal species because it can cause foam on beaches
which are associated with coastal blooms. Models of Phaeocystis have considered its
bloom dynamics, but not the foam formation. The process of foam formation is poorly
understood which limits the suitability of traditional deterministic model approaches. We
therefore applied fuzzy logic to simulate observed Phaeocystis bloom dynamics in coastal
waters of the North Sea and foam formation on adjacent beaches. Phaeocystis bloom
initiation is estimated to occur when the mean mixed layer daily irradiance exceeds
circa 25 to 35 μmol photons m-2 s-1. Peak bloom intensity was higher at monitoring
stations with higher nutrient availability, although bloom termination did not coincide
with nutrient depletion. Foam events occurred on Dutch beaches during and following
Phaeocystis blooms, when the wind direction was landward. Over the period 2003 – 2007,
90% of observed foam events were correctly predicted by the model, however, there
were many false positives. The fuzzy logic approach proved helpful in screening and
adjusting hypotheses on the dynamics of Phaeocystis and associated foam events. The
resulting model communicates current understanding of foam formation, enhances the
predictability of these events, and provides a basis for more detailed modelling efforts.

This chapter is based on the paper: Blauw, A.N., Los, F.J., Huisman, J., Peperzak, L., 2010. Nuisance
foam events and Phaeocystis globosa blooms in Dutch coastal waters analyzed with fuzzy logic.
Journal of Marine Systems 83: 115-126.
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4.1 Introduction
Harmful algal blooms cause severe economic and ecological damage in both marine
and freshwater systems worldwide (Hallegraef, 1993; Anderson et al., 2002; Paerl and
Huisman, 2008). The marine haptophyte Phaeocystis globosa is commonly regarded
as a nuisance algal species for several reasons. The species is associated with mass
foam accumulations on beaches, which are a nuisance to beach recreation (Lancelot,
1995; Peperzak, 2002). Furthermore, its high biomass accumulation is associated with
occasional shellfish mortality (Peperzak and Poelman, 2008), its production of dimethylsulphide precursors may promote acid rain (Liss et al., 1994) and Phaeocystis blooms have
been reported to cause floating slicks on the water, to clog nets and produce bad odour.
Blooms of Phaeocystis have been observed to increase in both intensity and duration in
Dutch coastal waters from the 1970s to the early 1990s and to decrease after 1994 (Cadée
and Hegeman, 2002), presumably due to eutrophication and subsequent reductions in
nutrient availability.
Understanding of the human impact on harmful algal blooms, and vice versa, is needed
for mitigating measures. Prediction of blooms would enable damage reduction, for
example by moving shellfish stocks or by nutrient reduction measures. Models can serve
both the goal of improved understanding and of prediction based on that understanding.
Several models have been studied to improve the general understanding of algal bloom
development (e.g., Franks, 1997; Huisman et al., 1999; Huppert et al., 2002). These simple
models usually focus on a few relevant processes, isolated from other complexities that
play a role in the real world. They are not designed for a direct comparison with field data,
but are intended to provide more insights into specific ecological mechanisms. In this
paper we will focus on models used for the explanation and prediction of Phaeocystis
blooms and associated foam events in the field. Both freshwater and marine studies often
use large deterministic models consisting of many ordinary and / or partial differential
equations. This deductive model approach aims to include all relevant processes as
sufficiently accurate as possible to achieve a high predictability of algal bloom formation
(e.g. Moll and Radach, 2003 and references therein). Several studies have applied this
model approach to Phaeocystis (e.g. Lancelot et al., 1997; Los et al., 2008). However, the
process of foam formation and its relation to Phaeocystis and other factors involved are
poorly understood, and the formation of nuisance foam associated with Phaeocystis
blooms has to our knowledge not yet been described by deterministic models.
A disadvantage of many deterministic models applied in large-scale ecosystem studies
is their technical complexity, which often makes model responses and uncertainties
difficult to interpret and hampers validation in geographic areas other than that for which
the model was specifically designed. Moreover, deterministic models cannot guarantee
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high predictability if algal species are characterized by chaotic dynamics (Huisman et al.,
2006; Benincà et al., 2008). Neural networks are an example of an alternative modelling
approach (inductive modelling), where an output variable (e.g. algal blooms) is related to
a set of input variables by mere correlation (e.g. Recknagel, 1997). This approach allows
for the development of models for phenomena that are not yet understood well and may
contribute to increasing insight into the underlying processes. However, as the nature of
the correlations in these models is not explicit, the models are usually very site-specific
and cannot be used to predict how the system will respond to changing conditions due
to, for example, climate change or mitigating measures.
In fuzzy logic the structure of the model is based on understanding (i.e. deductive)
and the relations within the model are quantified partly on expert knowledge and partly
on correlations in observed data (inductive). This approach was successfully applied
to algal blooms by Ibelings et al. (2003). They translated expert knowledge on vertical
migration by the freshwater cyanobacterium Microcystis in relation to water column
Expert System (HABES) project, the fuzzy logic approach was successfully applied to
harmful algal blooms in marine waters. Fuzzy logic models were developed for five
harmful algal species in seven pilot areas across Europe. An overview of the results for all
pilot studies of the HABES project is given by Blauw et al. (2006). Detailed descriptions of
studies in specific areas are given by Laanemets et al. (2006), Lilover et al. (2006), Estrada
et al. (2008) and Raine et al. (this issue). This paper describes the results for the pilot study
on Phaeocystis globosa in Dutch coastal waters in the North Sea. The aim of the study is
to quantify and improve the understanding of Phaeocystis blooms and associated foam
events in Dutch coastal waters using fuzzy logic. For this purpose, we designed a fuzzy
logic model that can be used for real-time predictions, so only variables that are available
in real-time were used as model input.
Our study is performed in 4 steps. First, we review the existing literature on Phaeocystis
blooms and foam formation to select the most important variables and relations for the
fuzzy logic model. Second, we define the set-up of our fuzzy logic model selecting only
those input variables for which real-time data are available. Third, we calibrate the model
by testing and quantification of the cause-effect relations in the model, through analysis
of available data for the period 1991 – 2002. Fourth, we validate the model by comparing
model predictions against available data for the period 2003 – 2007.
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4.2 Material and Methods
4.2.1 Description of fuzzy logic
The concept of ‘fuzzy logic’ was introduced by Zadeh (1965) as an extension of Boolean
logic to enable modelling of uncertainty. Fuzzy logic introduces a concept of partial
truth-values, that lie in between “completely true” and “completely false”. The central
concept of fuzzy logic is the membership function, which numerically represents the
degree to which an element belongs to a set. In a classical set, a sharp or unambiguous
distinction exists between the members and non-members of a set, while in a fuzzy set,
the distinction between members and non-members is gradual. An element can be a
member of a set to a certain degree and be at the same time a member of a different set
to a certain degree. The degree to which a member is an element of a set is called the
membership degree (Figure 4.1). Similar to traditional logic, in fuzzy logic membership
values can be combined through operations on fuzzy sets, such as union, intersection
and complement.

Figure 4.1: Illustration of a fuzzy logic membership function for water temperature. a) crisp
classification of water temperature, b) fuzzy classification of water temperature.
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Fuzzy logic is often used for reasoning in knowledge-based systems, such as expert
systems. The knowledge is typically represented in terms of if-then rules. An example is: if
water temperature is ‘warm’ and wind speed is ‘low’ then cyanobacterial scum layers ‘may
develop’. The if-part of the rule is called the premise and the then-part the consequent.
The truth value of the rule’s premise describes to what degree the rule applies in a given
situation. The so-called fuzzy inference mechanism is used to determine the consequent
fuzzy set based on the truth value of the premise (this is often called the degree of
fulfilment). Consequent fuzzy sets of individual rules are then combined (aggregated)
into a single fuzzy set. In most practical applications, the resulting fuzzy set is converted
(defuzzified) into a real (crisp) value. Both Boolean logic and fuzzy logic are based on
rules, representing knowledge expressed in a natural (non-mathematical) language.
Rule-based models typically predict whether a certain event (such as a harmful algal
bloom) will occur or not. Therefore these models describe ranges for the input variables
when a bloom may occur and when it may not occur. In contrast deterministic models
specific value of the input parameter. This means that in a scatter plot of data points with
the input parameter on the x-axis and the bloom intensity on the y-axis, the deterministic
and statistical models will represent the data as a trend line through the data, whereas
the rule-based model will represent the data as contour lines around clusters (classes) of
data points.

4.2.2 Current knowledge of Phaeocystis
Bloom initiation and colony formation
A first step in the development of our fuzzy logic model consists of gathering information
on the conditions that promote Phaeocystis blooms and foam formation. Phaeocystis
blooms are not only characterized by high cell numbers but also by a life cycle transition
from single cells to colonial cells (Whipple et al., 2005; Rousseau et al., 2007). The colonial
cells are embedded in a mucilaginous matrix of polysaccharides, which is widely held
responsible for foam formation (Lancelot, 1995). Rousseau et al. (2007) reviewed possible
triggers for colonial bloom formation, including light (Kornmann, 1955; Peperzak et al.,
1998)), the availability of solid substrate (such as diatoms) as nuclei for colony formation,
and diatom exudate (Boalch, 1987). Phaeocystis blooms in the Marsdiep area, a tidal
inlet between the Wadden Sea and Dutch coastal waters, often occur in spring following
diatom blooms (Cadée and Hegeman, 2002). Peperzak (1993) measured the transition
from flagellated single cells of Phaeocystis into colonial and immotile cells as a function of
light conditions in the laboratory. He found that at daily irradiance levels below ~100 Wh
m-2 d-1 only flagellated cells were present. At higher irradiance levels the percentage of
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colony cells increased with irradiance. This is relevant for Phaeocystis bloom dynamics as
the growth rate of colonial cells is considerably higher than the growth rate of single cells
(Veldhuis et al., 2005). Peperzak et al. (1998) subsequently showed that the spring bloom
of Phaeocystis in the North Sea is triggered when the underwater light intensity exceeds
this daily threshold of ~100 Wh m-2 d-1 at 15ºC. Assuming a 12-hour light period in spring,
this threshold corresponds to an instantaneous light intensity of ~38 µmol photons
m-2 s-1 or 19 µmol photons m-2 s-1 averaged over the day. This closely matches results from
laboratory experiments by Jahnke (1989), which indicate that Phaeocystis could achieve
high growth rates of more than 1 division per day when the instantaneous light intensity
exceeded circa 36 µmol m-2 s-1. Lancelot et al. (1998) give an overview of productionirradiance parameters for Phaeocystis in the North Sea, including the parameter Ik which
characterizes the irradiance at which the production-irradiance curve starts to saturate.
They found Ik for colonial Phaeocystis in the southern North Sea ranged between 91 and
180 µmol m-2 s-1. This corresponds with the Ik of 180 µmol m-2 s-1 found by Jahnke (1989).
Nutrients may also affect bloom initiation and colony formation of Phaeocystis.
Riegman et al. (1992) found that colony formation occurred under nitrate limitation.
Under phosphate limitation colonies were only formed when phosphate concentrations
were as high as 1.2 µM and there was no ammonium available. Cariou et al. (1994) found
that colony formation was hampered at phosphate concentrations below 0.3 µM, whereas
concentrations of circa 1 µM phosphate appeared favourable for colony formation. They
also found that large colonies had a tendency to float.

Bloom development
The intensity, duration, and termination of Phaeocystis blooms have been attributed to
nutrient availability by many authors. Cadée and Hegeman (2002) found an increasing
trend during the late 1970s of both the intensity and duration of Phaeocystis blooms in the
Marsdiep, which seemed associated with eutrophication. Since 1980, bloom duration has
remained high, with maximum bloom duration in the period 1988 to 1991. Veldhuis et al.
(1986) suggested that the end of Phaeocystis blooms in Dutch coastal waters is induced
by phosphate limitation (in 1984 below 0.08 µM P). In coastal stations with replenishment
of nutrients by freshwater runoff, the bloom intensity was higher, the growth period was
longer and the timing of the peak was later than in the more offshore stations. Besides
competition for nutrients, other causes for bloom termination could be sedimentation,
life cycle transitions, light deficiency, grazing by zooplankton and viral attacks. However,
it is possible that sedimentation, grazing or viral attacks are especially effective on the
flagellated unicellular life stage of Phaeocystis or when the colonies have lost vitality due
to deficiency of light or nutrients (Brussaard et al., 2005).
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Peperzak (2002) reviewed information on temperature and salinity effects on Phaeocystis
growth rate reported in the literature. From this review, the general conclusion emerged
that optimal salinity for Phaeocystis is about 29, although it grows well over a wide range
of salinities (20-35). However, at salinities below 15 the Phaeocystis cells will die. Although
colonial cells have been observed at temperatures ranging between -1 to 16°C, laboratory
experiments have revealed a range from 3 to 24°C, with maximum growth rate at 16°C

Foam formation
Foam formation on beaches is generally assumed to be related to Phaeocystis blooms
in nearby coastal waters (e.g. Lancelot, 1995; Bätje and Michaelis, 1986). Hamm and
Rousseau (2003) studied foam at sea during the decline of a Phaeocystis bloom. They
found that Phaeocystis-derived organic matter degraded while floating or in suspension.
In surface slicks covering the water during the bloom, Phaeocystis colonies were a major
component. Near the sediment no traces of Phaeocystis were found. Peperzak (2002)
found a good correlation between the average timing of Phaeocystis blooms and of foam
events. Foam events occurred two weeks after Phaeocystis blooms had occurred. He
also found that foam did not occur on all beaches at the same time. In the Netherlands
Phaeocystis blooms are commonly defined as occasions with more than 1 million cells
L-1 (e.g. Cadée and Hegeman, 1986, 2002; Peperzak, 2002). In this study we will use the
same definition of Phaeocystis blooms. Peperzak’s results suggest that foam formation is
predictable if the bloom period of Phaeocystis can be predicted.
Conceptual model set-up
Based on the information from literature described above we expect that foam formation
on coastal beaches (the final model output) is controlled by the presence and intensity
of Phaeocystis blooms. We expect that the onset of Phaeocystis blooms is controlled
by light availability, that the intensity and duration of Phaeocystis blooms are strongly
affected by nutrient availability, and that bloom termination is triggered by phosphate
depletion. Furthermore, the suitable period and areas for Phaeocystis blooms are limited
by temperature and salinity constraints. In addition, we hypothesize that wind conditions
play a role in foam formation as well, to transport the accumulated Phaeocystis mucilage
and deposit its foam on the beaches.

4.2.3 Description of study area
Our study area is the so-called Noordwijk transect which runs perpendicular to the Dutch
coast out into the North Sea. It starts at the town of Noordwijk, where foam observations
have been made with video cameras. Stations at 2, 10, 20 and 70 kilometers from the

Chapter 4

(Peperzak, 2002).

94 | Chapter 4

shore are regularly monitored for water quality and phytoplankton composition (Figure
4.2). Coastal waters in this area are heavily influenced by the outflow of the Rhine River,
creating a highly dynamic environment. On average, the Rhine plume flows northwards
along the coast, because of the Coriolis effect, prevailing south-westerly winds, and
general North Sea circulation. However, depending on weather conditions the Rhine
plume may temporarily be transported further offshore or southwards (Lacroix et al.,
2004). Intermittent stratification regularly occurs in the Dutch coastal zone, caused by
variations in mixing by tides and wind (Simpson et al., 1993). Due to the high impact of
river runoff, nutrient concentrations in Dutch coastal waters are high, with median winter
concentrations ranging from 63 μM DIN and 1.4 μM DIP at station Noordwijk 2 to 8 μM
DIN and 0.5 μM DIP at station Noordwijk 70. The seafloor topography of Dutch coastal
waters is gently sloping, circa 20 m deep with sandy sediments. In shallow near-shore
waters, sediments get easily resuspended at high wind speeds and strong tidal currents
leading to strongly fluctuating turbidity.

4.2.4 Data sources
Table 4.1 gives an overview of the data used in this study. The Dutch Ministry of Transport,
Public Works and Water Management operates the routine monitoring programme of
Dutch coastal waters. The monitoring locations are shown in Figure 4.2. The monitoring
programme includes phytoplankton species composition, salinity, water temperature,
chlorophyll-a, suspended matter, nitrate, ammonium, orthophosphate, dissolved silicate
and light extinction. Most parameters are determined in surface samples. Vertical profiles
at selected monitoring stations are measured for salinity, temperature, chlorophyll
fluorescence and oxygen. The monitoring is performed monthly in winter and circa
biweekly during the rest of the year. Most of the data can be downloaded from www.
waterbase.nl.
The ARGUS video system (Aarninkhof et al., 2003) has been operational since 1998
at two locations along the Dutch coastal zone: Noordwijk and Egmond. The ARGUS
video system was originally developed by Oregon State University for monitoring of the
dynamics of sandbanks. It comprises video images of the coastal zone taken every hour
from a high building on the shoreline. Foam events can be clearly recognised on these
images. Images of the ARGUS camera are available in real-time from the website: http://
argus-data.wldelft.nl/argus.
The Smartbuoy was deployed at station Noordwijk 10 from March 2000 untill
September 2001. Measured parameters include salinity, water temperature, chlorophyll
fluorescence, optical backscatter and the light extinction coefficient. More about the
Smartbuoy and its results can be found at www.cefas.co.uk/data/marine-monitoring/uknetherlands-collaborative-monitoring-programme-.aspx
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Figure 4.2: Location of the monitoring stations in Dutch coastal waters. Crosses represent historic
stations, circles represent operational stations. The three labeled stations are mentioned in the
text.
Table 4.1: Overview of data used for the study.
Data source Parameters

Location

Period

Frequency

Waterbase

Salinity;
nutrients (DIN & DIP);
Phaeocystis;
chlorophyll-a;
extinction coefficient.

Noordwijk 2;
Noordwijk 10;
Noordwijk 70;
other stations
(see Figure 4.2).

1991 – 2007

Monthly in winter,
twice per month
rest of the year

ARGUS

Images of foam on the
beach

Noordwijk beach

1999 – 2007

Hourly

Smartbuoy

Salinity;
chlorophyll fluorescence;
extinction coefficient.

Noordwijk 10

2000 and 2001

Every 10 minutes

KNMI

Wind speed;
wind direction;
solar irradiance.

De Kooy
(near Den Helder)

1991 – 2007

Daily
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Meteorological data have been recorded by the Royal Netherlands Meteorological
Institute (KNMI) at monitoring station ‘de Kooy’. The data include daily observations of
wind speed, wind direction and solar irradiance. Part of the data can be downloaded
from: www.knmi.nl.

4.2.5 Model calibration approach
The relations in the conceptual model are quantified through analysis of available data.
Our analysis focussed on (1) the effects of light on bloom initiation, (2) the effects of
nutrients on bloom development, and (3) the effects of wind conditions and bloom
intensity on foam formation.

Bloom initiation
Based on our literature study, we hypothesized that the start of Phaeocystis blooms in
Dutch coastal waters is triggered by the underwater light climate. We therefore estimated
the underwater light climate from available observations. The vertical light gradient can
be described by Lambert-Beer’s law:
I z = I 0e − Kd Z

(eq. 4.1)

where IZ is the irradiance (in μmol photons m-2 s-1; measured in the PAR range from 400

to 700 nm) at depth z (in m), I0 is the irradiance at the water surface, and Kd is the light
extinction coefficient (in m-1). The depth-averaged irradiance within the mixed layer can
be calculated from eq.1 as:

IM =

1
zM

zM

∫ I Z dz = I 0 (1 − e
0

− K d zM

)/( K

d zM

)

(eq. 4.2)

where zM is the depth of the mixed layer. As the product, Kd zM, of the light extinction
coefficient and mixed-layer depth along the Noordwijk transect is approximately
0.5 x 20 = 10 at station Noordwijk 10 and 0.25 x 30 = 7.5 at station Noordwijk 70, the
term exp(-Kd zM) approaches zero. The depth-averaged irradiance may therefore be
approximated as:

I M = I 0 /( K d z M )

(eq. 4.3)

Daily measurements of total solar irradiance (J cm-2 d-1) were recorded by the Royal
Netherlands Meteorological Institute. The total solar irradiance covers the entire solar
spectrum, including infrared light not available for phytoplankton photosynthesis.
This was corrected by calculating the solar irradiance within the waveband of Photosynthetically Active Radiation (PAR) from 400 to 700 nm, using a correction factor of 0.45
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as the PAR waveband comprises approximately 45% of the total solar irradiance (Kirk,
1994). Subsequently the solar irradiance within the PAR range was converted from J cm-2
d-1 to μmol m-2 s-1, assuming 2.77 x 1018 photons per Joule (Kirk, 1994), to arrive at the
surface irradiance I0.
In the years 2000 and 2001, continuous measurements of light extinction and salinity
at station Noordwijk 10 are available from the Smartbuoy. When salinity is used as a proxy
for stratification, changes in mixed-layer depth through stratification can be taken into
account for these years. Salinity data from the routine monitoring programme at station
Noordwijk 10 near the seafloor, which are available for the years 1994 and 2000 – 2003
show that bottom salinity is 30.9 on average with a standard deviation of 0.95. Therefore,
we assume that if the salinity at the surface is below 28, the water column is likely to be
stratified. The total depth of the water column at station Noordwijk 10 is about 20 m.
According to the vertical profiles of salinity in the DONAR dataset observed in spring of
the years 2000 – 2002, the mixed-layer depth during stratified conditions ranged roughly
colonies in the surface-mixed layer, this means that the depth-averaged irradiance for
Phaeocystis increased with a factor 2.5 to 3.6 (20/8 to 20/4.5) during stratified conditions.
In this way, time series of intermittent stratification and associated changes in the
depth-averaged daily irradiance at station Noordwijk 10 could be estimated from the
Smartbuoy data for the spring periods of 2000 and 2001, so that the bloom development
of Phaeocystis can be related to the underwater light climate.
For all other years, when the Smartbuoy was not deployed at Noordwijk 10, daily
measurements of light extinction and mixed-layer depth are not available. For these
years, only routine monitoring data are available for station Noordwijk 10, with a sampling
frequency of twice per month. This temporal resolution is insufficient to give information
on intermittent stratification, which has a major impact on the underwater light climate
at this station. Intermittent stratification of water masses with different salinity does not
take place at station Noordwijk 70, due to its location 70 kilometers from the coast with
limited impact of freshwater inputs. Also the extinction coefficient shows less variability
at this station. The underwater light climate of this station has been approximated,
assuming a constant mixed-layer depth equal to the total water depth and a constant
light extinction coefficient equal to the long-term average. The resulting estimate of daily
irradiance for the years 1991 – 2002 has been used to estimate a threshold irradiance level
for Phaeocystis bloom formation.

Bloom development
The temporal resolution of the monitoring data during the spring period was biweekly,
but often at the beginning of the bloom, the resolution was around one sample per 3-5
weeks. This low temporal resolution did not allow for detailed analysis of interannual
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variability in bloom intensity or bloom duration. Instead we compared the median
between 1991 – 2002 of the annual peak in Phaeocystis cell concentration and winter
nutient concentration and salinity for all monitoring stations indicated with circles in
Figure 4.2. In addition, we compared time series of orthophosphate concentrations and
Phaeocystis abundance at station Noordwijk 10 to see if bloom termination coincided
with orthophosphate concentrations becoming depleted.

Foam formation
The video images from 1999 – 2007 have been inspected to assess whether or not foam
was present on the beach. The images were visually classified into 4 classes: 1: no foam,
2: some foam, 3: foam, 4: much foam. We only consider foam that is visible on the beach
and disconnected from the surf zone to avoid confusion with breaking waves. Often foam
was present only part of the day. For each day the image with most foam has been used
to classify the foam presence for that day. Class 2 is defined as isolated patches of foam,
class 3 as a continuous line of foam, and class 4 as a continuous band of several meters
wide of foam. Examples of each class of foam intensity are shown in Figure 4.3. We use the
term ‘foam events’ when foam presence was classified as class 3 or class 4.

Figure 4.3: Examples of foam intensity classes obtained from ARGUS video images: A) no foam
(class 1), B) some foam (class 2), C) foam (class 3), and D) much foam (class 4).
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4.3 Results

Bloom initiation
Temporal variation in surface salinity measured by the Smartbuoy indicated that station
Noordwijk 10 displays intermittent stratification. This is visualized in Figure 4.4a and 4b. The
thin black lines show surface salinity measured by the Smartbuoy. Salinity observations
from the routine monitoring programme are shown as black squares (surface salinity) and
grey squares (bottom salinity, only measured in 2001). Surface salinity observed by the
buoy corresponds to ship-based observations from the routine monitoring programme.
When surface salinity was below 28 in the surface a considerable salinity difference over
depth was observed, indicating stratification. The bold black line shows the daily mean
depth-averaged irradiance assuming that the mixed layer depth is reduced to 8 meters
during stratification. This is a conservative estimate since CTD profiles have shown
pycnocline depth to range between circa 4.5 and 8 meters at station Noordwijk 10. The
grey line shows the daily mean depth-averaged irradiance if stratification is not taken into
account. Divergence of the black and grey lines indicate the timing of the stratification
events based on observed low surface salinities (Figure 4.4). Clearly, these stratification
events have a strong impact on the depth-averaged irradiance in the mixed layers,
favouring suitable light conditions for phytoplankton growth.
During presumed stratified periods, chlorophyll fluorescence first decreases and
then increases sharply afterwards (Figure 4.4c,d). This chlorophyll signal captures the
stratification response of the entire phytoplankton community, which may include
Phaeocystis but also many other phytoplankton species. Unfortunately, we have only
limited data on the abundance of Phaeocystis. The year 2000 showed only one observation
of Phaeocystis above 1 million cells L-1 in spring (Figure 4.4c), following a prolonged
period of stratification. Two prolonged periods of stratification in spring 2001 are visible
in Figure 4.4b. After the first stratification event the Phaeocystis bloom has started but the
chlorophyll fluorescence is similar before and after the stratification event. Chlorophyll
fluorescence only increases following the second stratification event.
To estimate the light requirements for Phaeocystis blooms, we calculated the
weekly mean values of the depth-averaged irradiance during the period before bloom
development. In the years 1991 – 2002, Phaeocystis blooms (above 1 million cells L-1)
developed at station Noordwijk 70 when the weekly mean value of the depth-averaged
irradiance exceeded 25-40 μmol photons m-2 s-1 in the week before bloom development
(Figure 4.5). This is higher than the threshold of 19 μmol m-2 s-1 estimated from laboratory
experiments at 15°C. Temperatures measured during the onset of the bloom varied
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4.3.1 Model calibration through data analysis
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between 6 and 11°C. At this temperature range, the growth rate of Phaeocystis varies by
a factor two (Peperzak, 2002). This could explain the large range in estimated irradiance
thresholds for bloom initiation.

Figure 4.4: Time series obtained from the Smartbuoy and routine monitoring programme for
(a,c) spring 2000 and (b,d) spring 2001 at station Noordwijk 10. a,b) surface salinity (black line
and open squares), bottom salinity (grey squares) and estimated depth-averaged irradiance,
assuming well-mixed conditions (bold grey line) and stratified conditions with a mixed-layer
depth of 8 m (bold black line). c,d) chlorophyll fluorescence (line) and Phaeocystis abundance
(circles).

Our study aims to predict foam formation on beaches due to Phaeocystis. Therefore, it
is important to predict Phaeocystis blooms in nearshore waters like station Noordwijk
2. At these nearshore stations, variability in light extinction and mixed-layer depth is
much larger than at more remote stations such as Noordwijk 70. In our study area, this
variability is strongly influenced by the river plume of the Rhine, causing intermittent
haline stratification. In addition, the relatively shallow water depth at station Noordwijk
2 results in a strong influence of sedimentation and resuspension processes on the
underwater light climate. However, sensitivity tests for the years 1991 – 2002 with various
set-ups of the fuzzy logic submodel for bloom initiation (not shown) indicated that the
model predictions were not improved by taking into account wind speed and / or neap
tides as factors involved in bloom initiation. Only in the year 2001, when the Smartbuoy
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data indicate a strong influence of stratification (Figure 4.4), bloom initiation is better
predicted when the tidal phase is taken into account in the model. The sensitivity tests
showed that at station Noordwijk 2 the bloom timing was predicted correctly for 6 out of
12 years when using a threshold of 25 μmol photons m-2 s-1 and for 9 out of 12 years when
using a fuzzy threshold of 25-35 μmol photons m-2 s-1. In the years 2000 and 2002 there
was no Phaeocystis spring bloom at all at Noordwijk 2 and in 2001 the bloom would be
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predicted too late if a threshold of 20 μmol photons m-2 s-1 would be applied.

Figure 4.5: Spring observations of Phaeocystis at station Noordwijk 70 in the years 1991 – 2002,
plotted against the highest weekly mean value of the depth-averaged irradiance in the preceding
month.

Bloom development – bloom intensity
We hypothesized that bloom intensity would be strongly related to nutrient availability.
We investigated this hypothesis by comparison of the annual peak abundance of
Phaeocystis and the median winter (January and February of 1991 – 2002) nutrient
concentrations at 22 monitoring stations in the North Sea. The median value of the annual
peak abundance of Phaeocystis could reach higher levels at higher nutrient availability,
expressed as either the median value of the winter DIP concentration, the winter DIN
concentration, the winter N/P ratio or the freshwater fraction (Figure 4.6). The freshwater
fraction is calculated from salinity as: (35-salinity) / 35.
Peak bloom intensity of Phaeocystis at different stations in the North Sea is clearly
affected by the winter nutrient concentrations (Figure 4.6). It is interesting to compare
these data with the theoretical maximum Phaeocystis abundance, which can be calculated
if we assume that all dissolved inorganic nutrients available in winter are taken up by
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Figure 4.6: Median value of the annual peak abundance of Phaeocystis during the years
1991 – 2002, for 22 monitoring stations in the North Sea, plotted against a) median winter
concentrations of dissolved inorganic phosphorus (DIP), b) median winter concentrations
of dissolved inorganic nitrogen (DIN), c) median N/P ratio during winter, and d) mean annual
freshwater fraction. The lines indicate the theoretical maximum biomass assuming that all winter
nutrients are converted to Phaeocystis biomass. The theoretical maximum biomass in a) assumes
a P content of 0.045 pmol cell-1 (van Boekel et al., 1992). The theoretical maximum biomass in b) is
estimated by drawing a line along the upper contour of the data points, which yields a N content
of 1.3 pmol cell-1.

Phaeocystis. This calculation requires an estimate of the nutrient contents of Phaeocystis
cells. Van Boekel et al. (1992) estimated the phosphorus content of Phaeocystis cells at
0.045 pmol cell-1. Jahnke (1989) did experiments to determine C:N:P ratios of Phaeocystis
under different growth conditions and reported the carbon content of cells. With this
information, the phosphorus content of Phaeocystis cells can be estimated as 0.375 pmol
cell-1 under P sufficient conditions, 0.236 pmol cell-1 under P deficient conditions at 4°C,
and 0.053 pmol cell-1 under P deficient conditions ranging from 10 to 18°C. The water
temperature during Phaeocystis blooms at station Noordwijk 10 is circa 10°C. Hence, the
estimate based on Jahnke’s experiment under P deficient conditions is the same order of
magnitude as the estimate by van Boekel et al. (1992). We therefore used a P content of
0.045 pmol cell-1 to calculate the theoretical maximum Phaeocystis abundance as function
of the dissolved inorganic phosphorus concentration. The resulting line is plotted in
Figure 4.6a. The line roughly follows the upper contour of the data points. At two stations
the observed peak bloom intensity was higher than the theoretical maximum. These

Nuisance Foam Events and Phaeocystis globosa Blooms | 103

are the stations Dantziggat and Marsdiep, both located in the Wadden Sea. Possibly,
additional phosphorus sources are available in this shallow intertidal area, such as
organic phosphorus or phosphate adsorbed to sediment particles (van Raaphorst and
Kloosterhuis, 1994). Still, the theoretical maximum seems to provide a reasonably good
estimate of the maximum peak abundance that can be reached in Phaeocystis blooms.
Based on the results by Jahnke (1989) the N content (in pmol cell-1) of Phaeocystis cells
can be estimated as 4.5 under P sufficient conditions, 3.9 under P limited conditions at
4°C and 5.4 under P deficient conditions at 10 to 18°C. Unfortunately, no estimates are
available for N deficient conditions. Based on the upper contour of the data points in
Figure 4.6b the N content of Phaeocystis cells can be estimated as circa 1.3 pmol cell-1.
This is considerably lower than the estimates by Jahnke (1989). However, it seems likely
that the N content of the cells would decrease under N deficient conditions. The fact that
we find a lower N content than has been observed for N sufficient Phaeocystis cells in the

Bloom development – end of Phaeocystis bloom
The Phaeocystis blooms at station Noordwijk 10 generally started about 20 to 25 days
before the orthophosphate concentrations dropped below 0.2 µM, and lasted until
about 30 days after the phosphate concentrations had been depleted (Figure 4.7).
Accordingly, the termination of Phaeocystis blooms along the Noordwijk transect did not
coincide with phosphate depletion. It is possible that Phaeocystis blooms are prolonged
by efficient utilization of internally stored phosphorus. In addition Phaeocystis can use
dissolved organic phosphorus to continue growth when dissolved inorganic phosphorus
gets depleted (Veldhuis et al., 1991). Figure 4.7 may even suggest that the start of the
bloom could coincide with orthophosphate concentrations dropping below 0.3 µM. This
seems to contradict results by Cariou et al. (1994) which suggested that colony formation
is hampered below this same orthophosphate threshold. However, the coincidence
between phosphate depletion and bloom initiation could also be explained by fast
growth of colonial Phaeocystis cells quickly taking up orthophosphate and thereby
rapidly depleting orthophosphate concentrations in the water.
A comparison of bloom duration at different stations in Dutch marine waters, similar
to the analysis of bloom intensity in section 4.2, was hampered by low and variable
sampling frequency at the different stations. However, the large variability in bloom
duration at different locations suggests that the availability of nutrients might play a role.
For example, bloom duration at station Marsdiep on the edge of the Wadden Sea is in the
order of 10 to 20 weeks, along the Noordwijk transect it is in the order of 3 to 10 weeks,
and at station L4 near Plymouth it is in the order of 2 to 3 weeks (Purdie et al., 2004).
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laboratory suggests that nitrogen limitation does play a role in our study area
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Figure 4.7: Time series of a) dissolved inorganic phosphorus (DIP) and b) Phaeocystis abundance,
observed in the years 1991 – 2002 at station Noordwijk 10. The annual time series are synchronized
relative to the first day that phosphate concentrations were observed below 0.2 µM.

Foam formation
Foam events (class 3 and 4) at Noordwijk beach occur on days when the wind direction
is landward (below 30 degrees and above 215 degrees) and wind speed is above circa
3.5 m s-1 (Figure 4.8). Days with ‘much foam’ (class 4) occur only at wind speeds above circa
6 m s-1. Small amounts of foam (class 2) can occur at a wide range of wind speeds and
wind directions. However, seaward wind (between 80 and 180 degrees) hampers foam
formation.
The timing of foam events and Phaeocystis blooms in the Dutch coastal zone for
the years 1999 – 2002 are presented in Figure 4.9a. It can be seen that foam events
mostly occur when Phaeocystis is abundant. In 2002 and 2006 there were no Phaeocystis
blooms in spring and also no foam was observed. In 2000 there was a summer bloom of
Phaeocystis instead of a spring bloom and the foam also occurred in summer. The years
1999, 2001, 2003 and 2007 stand out for their extensive foam events. During the same
four years the peak Phaeocystis concentrations at station Noordwijk 2 greatly exceeded
10 million cells L-1. These observations support the hypothesis that the foam on beaches
in spring is caused by Phaeocystis blooms. The time delay between the first observation
of a Phaeocystis bloom and the first observation of a foam event (class 3 or more) ranges
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between 17 and 26 days in most years. However, in 2007 the delay was 5 weeks and in
2005 the foam occurred 4 weeks before a Phaeocystis bloom was observed. In 1999, 2001
and 2003 the first foam event was observed in the same week when the first intense

Figure 4.8: Foam intensity at Noordwijk beach as a function of a) wind speed and b) wind
direction. Foam intensity is classified as ‘no foam’ (class 1), ‘some foam’ (class 2), ‘foam’ (class 3),
and ‘much foam’ (class 4).

Figure 4.9: Observations (symbols) of Phaeocystis blooms and foam formation for a,b) the
years 1999 – 2002 and (c,d) the years 2003 – 2007. a,c) Phaeocystis observations at stations
Noordwijk 2 (squares) and Noordwijk 10 (circles). b,d) Foam intensity at Noordwijk beach. The
years 2003 – 2007 were used for validation of the fuzzy logic model, and the model predictions
for those years are indicated by solid lines. The fuzzy logic model predicts the likelihoods of
Phaeocystis blooms and foam events. A likelihood of 1 of a Phaeocystis bloom is defuzzified to a
Phaeocystis abundance of 10 million cells L-1, and a likelihood of 1 of a foam event is defuzzified
to a foam class of 3.
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bloom (more than 10 million cells L-1) was observed.
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4.3.2 Model validation
Generic model
Based on the results of the data analysis the conceptual model has been adapted and the
relations in the model have been quantified. The conceptual model is shown in Figure
4.10.

Figure 4.10: Structure of the fuzzy logic model for Phaeocystis blooms and foam formation. Grey
boxes indicate variables that are calculated by the model itself; boxes with bold borders indicates
input variables that are available in real-time; boxes with dashed borders have fixed values, being
long term averages; conditions in boxes with normal black borders are assumed to be always
sufficient (membership 1) in our application for Noordwijk.

The relations in the model have been classified as follows:
–– The Phaeocystis bloom starts when the weekly mean of the depth-averaged
irradiance exceeds 25 to 35 μmol m-2 s-1.
–– Phaeocystis blooms can occur only if the salinity ranges between 20 and 35, and
temperature between 3-24°C.
–– Blooms have an average duration of 40 days. The foam period ends 2 weeks after
bloom termination.
–– Nuisance foam on a beach can occur during a bloom period of Phaeocystis, when
the maximum bloom intensity in nearshore waters is above 10 million cells L-1, the
wind speed is above 3 to 4 m s-1, and wind direction is landward.
–– The peak bloom intensity can exceed 10 million cells L-1 in areas where the median
winter DIN concentration exceeds 13 µM and the median winter DIP concentration
exceeds 0.45 µM (Figure 4.6).
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The likelihood of a Phaeocystis bloom and a foam event at a particular time is calculated
by multiplication of the membership values for all relevant input parameters. When
all the conditions above are completely true, the model predicts a foam event with a
likelihood of 1. If any of the above conditions is not true the likelihood of a foam event
is simulated as zero. If any of the above conditions is partly true (for example if the wind
speed is between 3 and 4 m s-1) then the simulated likelihood is between zero and 1. The
model outcome can be translated back to real parameter values (defuzzification) to allow
comparison with observed data. In this study a likelihood of 1 of a Phaeocystis bloom is
defuzzified to a Phaeocystis abundance of 10 million cells L-1 and a likelihood of 1 of a

Site-specific model for Noordwijk beach
The generic model has been validated with foam data at Noordwijk beach during the
years 2003 – 2007. Along the coast near Noordwijk wind is landward when the wind
direction is below 25 to 75 degrees or above 175 to 210 degrees. For most years, detailed
time series of mixed-layer depth and extinction coefficient were lacking. To apply the
generic model for Noordwijk, we therefore assumed that the water column is completely
mixed (mixed-layer depth is 20 m) and approximated the extinction coefficient by its
long-term average of 0.5 m-1.
The model predictions of the bloom period and foam events for the years 2003 to
2007 are shown in Figure 4.9c and d. In total, for the period 2003 – 2007, all observed
intense blooms (> 10 million cells.L-1) were correctly predicted at station Noordwijk 2, and
89% of the observed intense blooms were correctly predicted at station Noordwijk 10
(Table 4.2). Yet, only 32% of the predicted intense blooms at Noordwijk 2 and only 22%
of the predicted intense blooms at Noordwijk 10 corresponded with an observed intense
bloom. In other words, the model predictions hardly missed any observed bloom, but
many of the predicted Phaeocystis blooms were false positives.
The model performance for foam events shows that 93% of the observed foam events
were correctly predicted (Table 4.3). Yet, only 8% of the predicted foam events actually
corresponded with a real foam event, while in all other cases little or no foam was actually
observed. Thus, almost all observed foam events were predicted by the model, but many
of the predicted foam events were false positives.
Foam is often not observed when suitable conditions for foam formation are predicted.
Our model predicts equally intense Phaeocystis blooms every year, although the observed
data in Figure 4.9 show large interannual variability in bloom intensity. During some years
the observations show no Phaeocystis bloom at all. In order to reduce the number of false
positive predictions we need to better understand the underlying reasons for this large
interannual variability of bloom intensity.
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foam event is defuzzified to a foam class of 3.
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Table 4.2: Comparison of the number of observations with intense Phaeocystis blooms
(> 10 million cells L-1) against model predictions for 2003 – 2007, for stations Noordwijk 2 and
Noordwijk 10. The model predictions are based on the membership function of the model
variable ‘bloom development’. ‘Bloom’ means a membership of 1, ‘Likely bloom’ means a
membership between 0.5 and 1, ‘Possible bloom’ means a membership between 0 and 0.5, and
‘No bloom’ means a membership of 0.
Simulated

Noordwijk 2

Observed
Intense
bloom

Small or
no bloom

Bloom

6

12

Likely bloom

0

1

Possible bloom

0

3

No bloom

0

68

100%

81%

8

26

Likely bloom

0

2

Possible bloom

0

3

No bloom

1

102

89%

77%

Observations predicted correctly (%)
Noordwijk 10 Bloom

Observations predicted correctly (%)

Correct
predictions (%)
32%
100%

22%
99%

Table 4.3: Comparison of the number of observations with foam on Noordwijk beach against
model predictions of foam formation for the validation dataset from 2003 – 2007. The model
predictions are based on the membership function of the model variable ‘foam formation’. ‘Foam’
means a membership of 1, ‘Likely foam’ means a membership between 0.5 and 1, ‘Possible foam’
means a membership between 0 and 0.5 and ‘No foam’ means a membership of 0.
Simulated

Observed
Foam
(class 3-4)

Some or no foam
(class 1-2)

Foam

10

111

Likely foam

3

48

Possible foam

1

67

No foam

0

1390

93%

90%

Observations predicted correctly (%)

Correct predictions
(%)
8%
100%
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4.4 Discussion
The hourly video images of Noordwijk beach showed large temporal variability of foam
presence over the day. Often only a few images per day clearly showed foam, that was
deposited on the beach after high tide. If only one image per day would be available,
many foam events would have been missed. It is possible our observations missed a few
foam events that occurred during the night. Usually, though, there were several foam
days in a row, sometimes interrupted by periods with landward wind. The temporal scale
of the foam periods is therefore in the order of days.
Part of the false positive foam prediction may be due to patchiness of Phaeocystis
blooms. Our model gives a foam prediction for the whole Dutch coast, yet it is tested using
real-time observations available for only one location. Possibly, foam was present at other
locations along the Dutch coast at times when foam was not observed at Noordwijk beach.
Stumpf et al. (2009) found that the number of false positive predictions of respiratory
reduced when observations were aggregated over larger areas. The present model is a
zero-dimensional model, so it does not predict spatial patterns of foam formation. Fuzzy
logic models can be developed as two-dimensional models, however, provided that the
input data are available as maps (e.g., from satellite data or other models).
Fuzzy logic is designed to deal with uncertainty in threshold levels. From the
perspective of communication of model uncertainties, it is good that the model outcome
reflects the range of thresholds found in the data analysis. On the other hand, when the
model is applied with crisp thresholds the model performance is similar to the model
with fuzzy thresholds. So from that perspective the fuzzy thresholds do not form a major
improvement compared to a Boolean rule-based model. The main uncertainties that we
were faced with in this study concerned uncertainty in the observed phenomena to be
modelled such as bloom termination, summer blooms and interannual variability in bloom
intensity. Due to the low sampling frequency it was not possible to get a reliable estimate
of interannual variability in bloom intensity and bloom duration from the available data.
Also in some years, for unknown reasons, there was no or hardly any spring Phaeocystis
bloom and there was a summer Phaeocystis bloom instead. Since we do not know the
reason for this variability we cannot simulate it with any model, be it a simple fuzzy logic
model or a comprehensive 3D physical-biological coupled model such as GEM (Blauw
et al., 2009; Los et al., 2008). Moreover, recent model studies suggest that interannual
variability in species composition is an inherent feature of plankton communities,
generated by the natural complexity of interactions between large numbers of different
species (Dakos et al., 2009). Since interannual variability in bloom dynamics cannot be
predicted, operational predictions should be combined with monitoring efforts to reduce
the number of false positive predictions.
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irritation associated with toxic dinoflagellate blooms along the Florida coast was greatly
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4.5 Conclusions
This study showed that a simple fuzzy logic model can be a valuable method to quantify
and extend the present understanding of harmful algal blooms. During the model
implementation, a few hypotheses of Phaeocystis bloom dynamics have been screened
and quantified. The hypothesis that foam events are associated with Phaeocystis was
supported by our 9 years dataset of foam observations. More precisely, we showed that
years with more than 10 million cells L-1 in near-shore waters showed considerably more
frequent and intense foam events than years with lower Phaeocystis abundance. The
maximum bloom intensity increases with nutrient availability and for blooms to exceed
10 million cells L-1, winter nutrient concentrations of circa 13 µM DIN and 0.45 µM DIP
would be required. Phaeocystis blooms seem to start when the weekly mean of the
depth-averaged irradiance exceeds a threshold of circa 25 to 35 μmol m-2 s-1. The trigger
for Phaeocystis bloom termination could not be found in this study but it did not coincide
with phosphate depletion. Suitable conditions for foam events can be predicted rather
well from wind conditions and Phaeocystis bloom presence. However, often when
suitable conditions for foam formation occur, no foam is observed. It will be an important
task for future studies to improve the predictability of foam events through reduction of
the number of false positives.
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Chapter 5
The use of Fuzzy Logic for Data Analysis and
Modelling of European Harmful Algal Blooms:
Results of the HABES Project
Abstract
In the project Harmful Algal Blooms Expert System (HABES) fuzzy logic was applied to
model blooms of Nodularia spumigena, Dinophysis spp., Alexandrium minutum, Karenia
mikimotoi and Phaeocystis globosa at various European sites. The fuzzy logic technique
was useful in making integrated analyses of interacting physical and biological factors
involved in HABs. A basic knowledge of HAB formation and sufficient data are a
prerequisite for successful bloom prediction.

This chapter is based on the paper: Blauw, A.N., Anderson, P., Estrada, M., Johansen, M.,
Laanemets, J., et al., 2006. The use of fuzzy logic for data analysis and modelling of European
harmful algal blooms: results of the HABES project. African Journal of Marine Science 28: 365369.
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5.1 Introduction
Harmful algal blooms (HABs) are responsible for human health problems and substantial
economic losses every year in aquaculture, due to shellfish toxicity and mass fish mortality.
Furthermore, some HABs lead to closure of beaches to tourists and have devastating
effects on aquatic ecosystems. Prediction of blooms and insight in the impact of human
activities on the frequency and intensity of blooms are needed to support water managers
in the planning and deciding on appropriate mitigating measures. For management
purposes it is important to understand which are the main factors controlling the risk of
HABs. Models provide a helpful tool in efforts to relate various processes and in evaluating
the relative importance of each of these processes. Common modelling approaches
are statistical models and numerical models. Statistical models tend to be tailored to
the specific dataset used for its development and do not provide a generic theoretical
framework. The use of numerical models for operational modelling requires a detailed
understanding of the processes involved and sufficiently detailed input data, which are
not always available. Statistical models require large datasets as well.
An alternative modelling approach is fuzzy logic. The concept of ‘fuzzy logic’ was
introduced by Zadeh (Zadeh, 1965) as an extension of Boolean logic to enable modelling
of uncertainty. Fuzzy logic introduces a concept of partial truth values, that lie in between
‘completely true’ and ‘completely false’. The knowledge is typically represented in
terms of IF-THEN rules. An example is: IF A AND B THEN C. The truth value of the rule’s
premise describes to what degree the rule applies in a given situation. An advantage of
modelling HAB dynamics with fuzzy logic is the possibility to combine qualitative and
(partial) quantitative knowledge of physiological and physical processes with a certain
degree of uncertainty within the available data set (Droesen 1996). Fuzzy logic can be
seen an intermediate method between fully deterministic models and fully empirical
models, where a conceptual understanding of phenomena reduces the amount of field
data needed. A successful example of this approach is available for prediction of floating
scums of Microcystis in fresh water (Ibelings et al. 2003).
This paper evaluates the application of fuzzy logic modelling of HABs in various
European pilot study areas that were included in the HABES project (Harmful Algal
Blooms Expert System). The final report of the project and other project deliverables are
publicly available through the project website www.habes.net until at least 2008.
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5.2 Material and Methods
Fuzzy logic models in different European pilot areas for different harmful algal species
were developed in the following steps:
1. Construction of a conceptual model for each species, based on literature review
and expert knowledge. The conceptual model is a scheme representing the
hypothesized relations between key input variables, intermediate variables and
the final output parameter: the probability of a harmful algal bloom event. As an
example the conceptual model for Nodularia spumigena is presented in Figure 5.1.
2. Quantification of the relations in the conceptual model as fuzzy logic knowledge
rules by means of data analysis and expert knowledge. For example, the relation
between surface layer temperature, wind mixing and suitable physical conditions
for Nodularia blooms can be quantified with the following (simplified) knowledge
rule:
IF surface layer temperature is sufficiently high (above 14.5-19°C); AND
IF wind mixing is sufficiently low (below 5-35 Nm-2); THEN
Physical conditions are suitable for blooms of Nodularia spumigena.
In the knowledge rule the thresholds for temperature and wind mixing are not
single values but ranges, representing gradual (fuzzy) transitions between suitable

years or other pilot areas than used for step 2.

Figure 5.1: Conceptual model for Nodularia spumigena.
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and unsuitable conditions.
3. Validation of the model results with available data, whenever possible for other
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5.3 Results
5.3.1 Nodularia spumigena in the Gulf of Finland
In the model for Nodularia spumigena (Laanemets et al. in press) it is assumed that the
timing and intensity of blooms is determined mainly by the water temperature, wind
speed (as a proxy for water column stability) and the availability of phosphorus. In turn,
the availability of phosphorus is determined by excess phosphorus that is left over
after the spring bloom and by additional phosphorus supply that is mixed across the
pycnocline into the upper mixed layer by wind-induced turbulence and upwelling. The
relation between wind speed and turbulent mixing of phosphorus across the pycnocline
is quantified based on field experiments (Lilover et al. 2003, Lilover and Laanemets 2003).
The level of upwelling is quantified based on daily observed temperature differences
along the ferry transect between Helsinki and Talinn. A temperature-dependent
maximum growth rate restricts the rate of biomass increase. Assuming that blooms
generally develop in the central part of the Gulf of Finland, transport tables have been set
up for different locations along the coast to determine when blooms will reach the coast
under different wind conditions, based on numerical model simulations. Figure 5.2 shows
the validation results for Nodularia spumigena in the Gulf of Finland.

Figure 5.2: The measured (black dots) and modelled (bold line) N. spumigena biomass in the
water column in the Gulf of Finland for years from 1997 to 2003.
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5.3.2 Nodularia spumigena in the Baltic Sea
The same model that has been developed for Nodularia in the Gulf of Finland has been
applied and validated for the Baltic Sea. Due to differences in data availability and
hydrography the quantification of the input parameters needed to be adapted for the
Baltic Sea. The model results have been validated with field observations at different
locations (see for example Figure 5.3) and with satellite images showing floating layers
of Nodularia.

5.3.3 Dinophysis spp. and Karenia mikimotoi in Irish coastal waters
In Bantry Bay (Ireland), the inflow of Dinophysis acuta, Dinophysis acuminata and Karenia
mikimotoi was shown to be associated with the wind-driven exchange of waters with
the coastal current (Raine et al. 1993). A model based on this wind-driven exchange and
the presence of blooms in the coastal current during summer has been validated with
historical data. The model satisfactorily predicted harmful events in Bantry Bay (Table 5.1).
Only in 1997, a toxic bloom was predicted with high probability but was not observed.
Table 5.1: Validation results for Bantry Bay for 1990 – 2002: years with and without toxic blooms
observed and predicted (in hind-cast).
No toxic event observed
No toxic event predicted

1992, 1996

Toxic event predicted

1997

Toxic event observed
1991, 1998 (Karenia)
1994, 1995, 2000
2001, 2002 (Dinophysis)
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Figure 5.3: Measured (dots) and modelled (line) N. spumigena biomass in the water column in the
Baltic Sea from 1992 to 2001.
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5.3.4 Dinophysis spp. in Swedish and Dutch coastal waters
The Irish Dinophysis model may also be applicable for Dinophysis spp. in coastal currents
along the Swedish and Dutch coasts. Godhe et al. (2002) showed that a toxic bloom
in a Swedish fjord could be attributed to import from the coastal current. However,
insufficient historic data were available along this coast to quantify the relation between
wind conditions and water exchange between the fjords and the coastal current. Another
reason that restricts the applicability of the Irish Dinophysis model in Sweden and the
Netherlands is that Dinophysis is not present in the coastal current all summer, as in
Ireland. Prediction of the development of blooms in the coastal current requires a more
complicated model, including phenomena that are not yet understood.

5.3.5 Alexandrium minutum in Barcelona coastal waters
Since only limited understanding was available for building knowledge rules, the fuzzy
logic model for A. minutum was based on hypotheses regarding the effect of dispersion
rates, nutrients and fresh water runoff, and on historical data on the susceptibility of
seasonal periods and geographical localities to A. minutum blooms. In Barcelona coastal
waters, the highest cell concentrations of A. minutum tend to occur during late winter.
Once a bloom is initiated, overall nutrient load in each location, water residence times
and duration of relatively calm weather are likely to be important in determining the
maximum cell concentrations attainable. Water confinement may increase due to
man-made structures such as harbours or littoral fronts caused by fresh water inputs.
Observation of such littoral fronts with continuous video monitoring made clear that their
duration is short (around one day). Hydrographical markers (such as salinity gradients)
were more long-lived, so that the possibility that littoral fronts could have an effect on
bloom formation could not be discarded. The model performed well in predicting the
low and high population densities of A. minutum, but tended to exaggerate the observed
bloom intensity.

5.3.6 Phaeocystis globosa in English coastal waters
In western English Channel coastal waters off Plymouth, Phaeocystis globosa blooms
occur every year in spring with a duration of two to three weeks. However, there is large
interannual variability in the intensity of the blooms. Data analysis showed that bloom
intensity was mainly determined by the amount of river runoff and associated nutrient flux
from the nearby river Tamar. Also, in some years, elevated concentrations of chlorophyll-a
(due to early diatom growth) in winter were followed by much lower intensities of the
Phaeocystis blooms in the following spring (e.g. 2000). A fuzzy logic model simulating
bloom intensity based on river nutrient flux and winter/spring irradiance levels gave
good results (see Figure 5.4).
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Figure 5.4: Measured and modelled Phaeocystis peak bloom intensity in English coastal waters.

5.3.7 Phaeocystis globosa in Dutch coastal waters
The model for Phaeocystis globosa in Dutch coastal waters comprises separate submodels
for 1) bloom timing, 2) bloom duration, 3) bloom intensity and 4) foam intensity. The
bloom timing is assumed to be determined by the underwater light climate, which in turn
is controlled by transparency and mixing layer depth. Wind speed, which affects both
sediment resuspension and mixing layer depth proved to be a useful indicator. Monitoring
frequency in Dutch coastal waters was insufficient for a good analysis of interannual
variability of bloom duration and intensity. However, analysis of long term median bloom
intensities between different locations showed a clear relation with salinity and dissolved
are correlated it is not possible to distinguish between their effects. Bloom duration
could be roughly approximated by water temperature and irradiance in early spring. The
resulting model was calibrated and validated with monitoring data from 1990 – 2002.
Figure 5.5 shows the results for Phaeocystis biomass for 1996 – 2001. The foam submodel
simulates foam intensity during Phaeocystis blooms based on wind speed and direction.
In the years 1999 – 2001 absence of nuisance foam on spring days was predicted correctly
in 88% of the days and presence in 90% of the days.

Figure 5.5: Observed (points) and simulated (line) Phaeocystis abundance in Dutch coastal
waters for the years 1996 – 2001.
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inorganic nitrogen and phosphorus concentrations in winter. As these three parameters
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5.4 Conclusions
During the model development it was evident that constructing a fuzzy logic model was
not difficult, provided that sufficient knowledge and data were available. However, in
many cases the understanding of the species dynamics and ecosystem functioning was
not sufficient at the start of the project to be easily quantified and translated into fuzzy
logic knowledge rules. The data-analysis has considerably increased the understanding
of the species and the interactions with their physical environment. The fuzzy logic
modelling technique proved to be a useful method to make an integrated analysis of
the interacting physical and biological factors involved in HAB dynamics. The approach
is especially useful for modelling the development of blooms that can be described as
a combination of straightforward cause-effect relations. Complex phenomena, such as
feedback mechanisms or slow biomass increase depending on a time series of irradiance
or transport of patches at sea, are difficult to implement in fuzzy logic.
The model for the Gulf of Finland has been run in operational mode in 2004 and
preparations are being made for a future operational service through internet. In the
Netherlands knowledge gained on bloom timing has been implemented in an existing
numerical model, to enable modelling of not only bloom development but also bloom
transport. This model is part of a harmful algal bloom early warning system, that has been
tested in hindcast for 2001 and 2003 and should be operational in spring 2006. The model
for SW Ireland is operational at the website of the Marine Institute (www.marine.ie) since
summer 2005.

Acknowledgements
We gratefully acknowledge the financial Support from EU 5th Framework Programme
for the HABES project. We thank colleagues and institutes that kindly provided data for
analyses and modelling: PML, Alg@line, M. Vila, meteorological institutes in all countries
participating, Swedish routine monitoring and Irish, Dutch and Swedish shellfish
monitoring institutes. We thank two reviewers for their valuable comments on the
manuscript. Last but not least we would like to thank other participants and contributors
to the HABES project: L. Arin, R. Autio, D. Blasco, Q. Chen, G. Hansen, C. Holeton, A. Iriarte,
B. Karlson, O. Lindahl, M. Lilover, F.J. Los, G. McDermott, U. Raudsepp, W. Stolte, J. Strickner,
R. Uittenbogaard and L.P.M.J. Wetsteyn.

Chapter 6
Dancing with the Tides: Fluctuations of
Coastal Phytoplankton Orchestrated by
Different Oscillatory Modes of the Tidal Cycle
Abstract
Population fluctuations are often driven by an interplay between intrinsic population
processes and extrinsic environmental forcing. To investigate this interplay, we analyzed
fluctuations in coastal phytoplankton concentration in relation to the tidal cycle. Time
series of chlorophyll fluorescence, suspended particulate matter (SPM), salinity and
temperature were obtained from an automated measuring platform in the southern
North Sea, covering 9 years of data at a resolution of 12 to 30 minutes. Wavelet analysis
showed that chlorophyll fluctuations were dominated by periodicities of 6 hours 12 min,
12 hours 25 min, 24 hours and 15 days, which correspond to the typical periodicities
of tidal current speeds, the semidiurnal tidal cycle, the day-night cycle, and the springneap tidal cycle, respectively. During most of the year, chlorophyll and SPM fluctuated in
phase with tidal current speed, indicative of alternating periods of sinking and vertical
mixing of algal cells and SPM driven by the tidal cycle. Spring blooms slowly built up over
several spring-neap tidal cycles, and subsequently expanded in late spring when a strong
decline of the SPM concentration during neap tide enabled a temporary “escape” of the
chlorophyll concentration from the tidal mixing regime. Our results demonstrate that the
tidal cycle is a major determinant of phytoplankton fluctuations at several different time
scales. These findings imply that high-resolution monitoring programs are essential to
capture the natural variability of phytoplankton in coastal waters.

This chapter is based on the paper: Blauw, A.N., Benincà, E., Laane, R.W.P.M., Greenwood, N.,
Huisman, J., 2012. Dancing with the tides: fluctuations of coastal phytoplankton orchestrated
by different oscillatory modes of the tidal cycle. PLoS ONE 7(11): e49319.
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6.1 Introduction
What drives fluctuations in population abundances? In the 1920s the famous zoologist
Charles Elton argued that population fluctuations of many birds and mammals are most
likely due to climatic fluctuations (Elton, 1924). Shortly thereafter, however, mathematical
models of Lotka (1925) and Volterra (1926) and laboratory experiments by Gause (1934)
demonstrated that species interactions can also generate population fluctuations, even
in the absence of external forcing. Since that time, one of the key challenges for ecologists
has been to disentangle the complex interplay between intrinsic population dynamics
and environmentally-driven variation (Bjørnstad and Grenfell, 2001; Koelle and Pascual,
2004; Dakos et al., 2009).
This interplay between intrinsic population processes and external forcing is
exemplified by the plankton of freshwater and marine ecosystems. Theory and experiments
have shown that plankton communities can display striking fluctuations, and even
chaos, under constant conditions without external forcing (Huisman and Weissing, 1999;
McCauley et al., 1999; Fussmann et al., 2000; Yoshida et al., 2003; Benincà et al., 2008).
Such non-equilibrium dynamics can limit the predictability of plankton abundances. For
instance, Benincà et al. (Benincà et al., 2008) estimated that the predictability of species
fluctuations in an experimental plankton community was limited to a time horizon of
only 15-30 days. In addition, plankton communities are also very sensitive to variation in
environmental conditions (Sommer, 1985; Grover, 1991; Smayda, 1998; Stomp et al., 2008;
Benincà et al., 2011). Therefore, a major question is how environmental forcing interacts
with the intrinsic population fluctuations in plankton communities.
Environmental forcing by the tidal cycle is an important driver of phytoplankton
variability in coastal waters (Cloern, 1991; Brunet and Lizon, 2003; Sharples, 2008; Chen
et al., 2010). The tidal cycle is characterized by periodic fluctuations at several time scales.
Systems with a semidiurnal tide, like the North Sea, show horizontal displacement of
water masses with a periodicity of 12 hours and 25 min. This horizontal motion generates
maxima in tidal current speeds and turbulent mixing with a periodicity of 6 hours and
12 min. Other important tidal components include the spring-neap tidal cycle with a
periodicity of 15 days and the apogee-perigee cycle with a periodicity of 28 days. The latter
cycle is caused by the moon’s elliptic orbit, which enhances the tidal range during perigee
(when the moon is closest to Earth) and reduces it during apogee (when the moon is
farthest from Earth) (Pugh, 1996). In addition to the tidal cycle, coastal phytoplankton will
also be exposed to other environmental variation in, e.g., solar irradiance, temperature
and wind mixing.
We hypothesize that these different sources of phytoplankton variability can be
distinguished by investigating the time scales of phytoplankton fluctuations. For instance,

Dancing with the Tides | 121

phytoplankton fluctuations with a periodicity of 6 hours 12 min indicate an alternation
between entrainment of sinking phytoplankton into the surface layer during high tidal
current speeds and settlement of sinking phytoplankton during tidal slacks. A periodicity
of 12 hours 25 min indicates changes in phytoplankton concentration due to horizontal
transport of different water masses. A 24 hour periodicity would signal environmental
forcing by the day-night cycle (e.g., diurnal stratification), which would be very different
from the 24 hour 50 min periodicity of a mixed semidiurnal tide. At longer time scales, the
spring-neap cycle and apogee-perigee cycle generate variation in the intensity of tidal
mixing that could affect phytoplankton populations.
Furthermore, we hypothesize that the impact of environmental forcing on phytoplankton population dynamics will depend on the relative magnitude of intrinsic
population growth versus environmental forcing. For instance, settling and resuspension
of phytoplankton in shallow coastal waters depends on the vertical mixing intensity
generated by wind action and tidal motion (de Jonge and van Beusekom, 1995;
McCandliss et al., 2002). Hence, in case of strong tidal forcing in comparison to the
phytoplankton growth rate, we hypothesize that phytoplankton concentrations will
fluctuate in phase with the intensity of tidal mixing. Conversely, in case of weak tidal
forcing, the phytoplankton dynamics may be largely governed by intrinsic population
growth. Because light availability is often a limiting factor in turbid coastal waters (Colijn
and Cadée, 2003), reduced turbidity during calm conditions at neap tide may provide
suitable light conditions for phytoplankton growth. Hence, in this case, phytoplankton
concentrations are more likely to fluctuate in anti-phase with the intensity of tidal mixing.
To investigate these hypotheses, we analyze phytoplankton fluctuations in a highSea. The mooring measured chlorophyll fluorescence, suspended particulate matter
(SPM), nitrate, salinity, temperature and irradiance at a high temporal resolution for a
period of nine years. Earlier analysis of the first year of this time series showed that the
phytoplankton spring bloom was initiated by an improved light availability in spring, due
to a combination of enhanced solar radiation and reduced SPM concentrations (Weston
et al., 2008). This indicates that settlement of suspended particles may play an important
role at this station. However, this earlier analysis focused on the seasonal dynamics, but
did not investigate phytoplankton and SPM variability in relation to the tidal regime. We
apply wavelet analysis (Torrence and Compo, 1998; Cazelles et al., 2008; Grinsted et al.,
2004), which is an advanced statistical technique ideally suited to quantify the time scales
of the phytoplankton fluctuations and their coherence with SPM and the tidal cycle. Our
results reveal how fluctuations of coastal phytoplankton are driven by different oscillatory
components of the tidal cycle.
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resolution time series obtained from an automated mooring station in the coastal North
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6.2 Methods
6.2.1 Automated measurements
We analyzed data of mooring station Warp, located in the coastal waters of the southern
North Sea near the Thames Estuary (Figure 6.1). The main characteristics of this mooring
station are summarized in Table 6.1. The site has a water depth of 15 m, and an average
tidal range of 4.3 m. Vertical profiles of water density measured at this station are generally
uniform over depth, indicative of well-mixed waters without thermohaline stratification
(Figure A1).

Figure 6.1: Map of the southern North Sea with the monitoring stations. Phytoplankton, SPM,
nutrient, light, salinity and temperature were measured by a SmartBuoy (circle) at mooring
station Warp. Tidal data were obtained from tide gauges (triangles) at station Sheerness and
station K13A.

At the mooring station an automated measuring platform, called a ‘SmartBuoy’, has
been deployed from 30 November 2000 onwards, as part of the United Kingdom’s
eutrophication monitoring program (Mills et al., 2003). The SmartBuoy measured
chlorophyll fluorescence, optical backscatter, salinity, temperature and photosynthetically
active radiation (PAR) at 1 m depth, using sampling intervals ranging from 12 to 30
min. The nitrate concentration was measured at sampling intervals ranging from 1 to
24 hours. We have analyzed SmartBuoy data from the years 2001 – 2009. The data can
be downloaded from the website http://www.cefas.defra.gov.uk. More information on
the methodology and application of SmartBuoys can be found in Kröger et al. (2009),
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Greenwood et al. (2010) and Nechad et al. (2011). Seasonal phytoplankton bloom
dynamics and biogeochemistry at this station in 2001 have been described by Weston
et al. (2008).
Chlorophyll fluorescence was measured with a Seapoint fluorometer (Seapoint Inc.).
Fluorescence data were calibrated against chlorophyll concentrations in water samples
taken during monthly service visits to the mooring stations. Chlorophyll concentrations
were measured by filtering known sample volumes through glass fiber filters (GF/F;
Whatman) in triplicate. Pigments were immediately extracted in 90% buffered acetone
and refrigerated prior to analysis. A Turner Designs Model 10AU filter fluorometer was
used to measure the fluorescence of extracted chlorophyll and phaeopigment before
and after acidification as described by Tett (1987). The filter fluorometer was calibrated
using a solution of pure chlorophyll-a (Sigma-Aldrich) with known concentrations
determined spectrophotometrically. Calibration curves of in situ Seapoint fluorometer
measurements versus extracted chlorophyll concentrations in the water samples had a R2
of 0.86 when averaged over all monthly samples. Although chlorophyll fluorescence is a
very convenient measurement technique, it is known that the fluorescence signal can be
quenched when cells are exposed to high light (Brunet and Lizon, 2003; Kiefer, 1973). This
may cause a reduction in chlorophyll fluorescence during the daytime, especially in clear
waters at sunny days.
Optical backscatter was measured with a Seapoint turbidity meter (Seapoint Inc.),
and converted to SPM concentration using calibration against monthly water samples.
SPM concentrations in the samples were measured by filtering known sample volumes
through pre-weighed 0.4 μm polycarbonate filters and subsequent rinsing with 2 × 50 mL
until filter weight remained constant. Calibration curves of in situ Seapoint turbidity
measurements versus SPM concentrations in the water samples had a R2 of 0.72 when
averaged over all monthly samples.
The concentration of total oxidisable nitrogen (hereafter referred to as nitrate) was
measured with a NAS-3X nutrient analyzer (EnviroTech). Salinity and temperature were
measured using an FSI CT sensor (Falmouth Scientific Inc.). Salinity measurements were
calibrated using a Guildline 8400B salinometer, which had been standardized with IAPSO
standard seawater. Downwelling PAR was measured at 1 and 2 m depth using two LiCor
(LI-192) underwater quantum sensors (LiCor Biosciences).
The SmartBuoy measurements went through a Quality Assurance protocol within the
SmartBuoy Data Management System, checking all data manually for possible sensor
malfunction and biofouling. For instance, fluorescence measurements directly before
each monthly service were compared with those directly after monthly service to identify
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ultrapure water. Filters were then dried in a desiccator at room temperature and weighed
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signatures of biofouling. Data that looked suspect were flagged and not used in the
analyses.
Phytoplankton species composition at the mooring station was determined on an
approximately monthly basis. Water samples (150 mL) taken at 1 m depth were preserved
with 2.5 mL acidified Lugol’s solution, and analyzed by inverted microscope after 12 hours
of settling in a 25-mL glass chamber (Utermöhl, 1973).
Tidal data were obtained from a tide gauge at the nearby coastal station Sheerness
(Figure 6.1). Inspection of co-tidal lines of the amphidromic system of the North Sea
indicated that the tidal wave arrives almost simultaneously at both station Warp and
station Sheerness. The tide gauge measured sea water levels at 10 min intervals. The tidal
range was calculated as the difference between the maximum and minimum water level
of each day. When tidal data from station Sheerness were missing, we resorted to tidal
data measured at platform K13A in the central North Sea to approximate the spring-neap
cycle at station Sheerness.
Table 6.1: Main characteristics of the mooring station Warp. Winter-averaged values (w) of
salinity, SPM and temperature are based on mooring data of January – February; summeraveraged values (s) on July – August.
Variable

Value

Latitude – Longitude

51.31 N – 1.02 E

Monitoring years

2001 – present

Water depth (m)

15

Tidal range (m)*

4.3

Salinity (-)

33.7 (w) – 34.3 (s)

SPM (mg L-1)

33.6 (w) – 17.3 (s)

Temperature (°C)

6.1 (w) – 18.6 (s)

*measured at the nearby station Sheerness

6.2.2 Data preprocessing
Because the sampling interval of the automated measurements varied between
instruments and between years, we calculated hourly averages to obtain a more uniform
dataset. We also calculated daily averages of all variables, where the chlorophyll data
were confined to measurements made in the dark (i.e., when observed PAR at 1 m depth
was < 1 μmol quanta m-2 s-1), to remove possible effects of non-photochemical quenching
of chlorophyll fluorescence. We analyzed the hourly averaged and daily averaged time
series separately to investigate variability at different time scales.
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To analyze periodicities in the time series, we preprocessed the hourly averaged and daily
averaged data of chlorophyll concentration, SPM concentration, salinity and temperature
following a three-step procedure. First, we log-transformed the data using the natural
logarithm. Log transformation reduces the skewness of the data sets, and suppresses the
impact of isolated large peaks. Second, we smoothed the log-transformed data using a
3-point moving average filter (i.e., 3-hour and 3-day moving averages for the hourly and
daily time series, respectively) to reduce the effect of small-scale variability caused by
e.g. measurement noise, intermittent turbulence or local patchiness. We used these small
intervals for the moving average filter to avoid smoothing out relevant periodicities of
the tidal cycle. Third, we calculated the rates of change from the difference between the
data values at time t and time t-Δt, where Δt represents a single time step of one hour or
one day. Because we had log-transformed the data, this procedure effectively resulted
in a time series of the relative rates of change (‘relative growth rates’) of the measured
variables, since

d ln C 1 dC
=
dt
C dt
We analyzed the rates of change of the data instead of their concentrations, because
concentrations are the result of growth and decay processes during the preceding period
whereas instantaneous rates of changes better reflect the conditions at the time of
measurement.

6.2.3 Wavelet analysis
dominant periodicities in the time series. Wavelet analysis makes use of local periodic
functions, known as wavelets. By decomposing the fluctuations of time series into a series
of local wavelets (expressed as local wavelet power spectra), one can analyze both the
frequency (periodicity) and the timing of the fluctuations. The global wavelet spectrum
is the average of all these local wavelet power spectra and is comparable to the power
spectrum of traditional spectral analysis. Different wavelet shapes (mother wavelets) are
available for wavelet analysis. We have used the Morlet wavelet, which provides a good
balance between time and frequency localization (Grinsted et al., 2004).
We applied wavelet coherence, an extension of wavelet analysis, to investigate
the ‘coherence’ of two time series (Cazelles et al., 2008; Grinsted et al., 2004). Wavelet
coherence enables detection of similar periodicities in the fluctuations of two time series
and estimates their phase differences.
The statistical significance of periodicities revealed by wavelet analysis was tested by
comparing the wavelet power spectrum of our time series against the 95% confidence
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We used wavelet analysis (Torrence and Compo, 1998; Cazelles et al., 2008) to identify
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level of wavelet power spectra generated by red noise, using an autoregressive AR1
model with the same autocorrelation coefficient as our time series (Torrence and Compo,
1998; Grinsted et al., 2004). Likewise, we tested whether peaks in the wavelet coherence
spectra of two time series were significantly different from the wavelet coherence spectra
generated by two red-noise processes with the same autocorrelation coefficients as the
two time series. The Matlab scripts for wavelet analysis and wavelet coherence analysis,
including significance tests, were developed by Torrence and Compo (1998) and Grinsted
et al. (2004) (available at http://www.pol.ac.uk/home/research/waveletcoherence/).
Our time series contained several data gaps. Small gaps of at most one data point
were filled by linear interpolation. Larger gaps could not be filled by interpolation
without affecting the results. Therefore, we calculated separate wavelet power spectra
for all subsets of the time series with a sufficient number of consecutive data points.
Wavelet analysis can accurately detect periodicities up to ~25% of the length of a time
series (Cazelles et al., 2008). Subsets of time series were therefore included in the analysis
only if they contained > 100 consecutive hours for the hourly averaged data, and > 60
consecutive days for the daily averaged data. Global wavelet power spectra of time series
were obtained by averaging the local wavelet power spectra at each individual time point
over all time points included in the analysis (Torrence and Compo, 1998).

6.3 Results
6.3.1 The data
Time series of water level, chlorophyll, SPM, nitrate, light intensity, temperature and
salinity all displayed strong variability at several different time scales (Figure 6.2; Figures
A2-A9). Water level fluctuated at the 12 hour 25 min periodicity of the semidiurnal tidal
cycle and the 15-day periodicity of the spring-neap cycle (Figure 6.2A). The spring-neap
cycle is further illustrated by the time series of the tidal range (difference between
high and low tide; blue line in Figure 6.2A). SPM concentrations showed considerable
within-day variability as well as biweekly fluctuations associated with the spring-neap
tidal cycle (Figure 6.2B). At the seasonal time scale, SPM concentrations reached higher
values in winter than in the summer months. Likewise, the chlorophyll concentration also
displayed daily and biweekly fluctuations. The chlorophyll concentration gradually built
up over several spring-neap tidal cycles in March-April, resulting in a spring bloom when
the SPM concentration strongly declined in mid May (Figure 6.2B). The phytoplankton
species composition was determined once per month, and consisted of a wide variety
of diatoms, dinoflagellates and small flagellates (including Phaeocystis). Most abundant
were chain-forming diatoms (e.g. Chaeotoceros, Skeletonema, Paralia, Guinardia and
Eucampia), and benthic diatoms (e.g. Cylindrotheca, Plagiogrammopsis and Navicula).

Figure 6.2: Time series measured in 2007. A) Water level (red line) and tidal range (blue solid line)
at station Sheerness. When tidal data at station Sheerness were missing, we show the tidal range
at station K13A (blue dashed line) rescaled to match the tidal range at Sheerness. B) Chlorophyll
concentration (green) and SPM concentration (black). C) Nitrate concentration (dark purple) and
light intensity at 1 m depth (pink). D) Salinity (blue) and water temperature (red). In B-D), dots
show the hourly averages and lines the daily averages.

Light intensity (PAR) at 1 m depth followed the expected seasonal pattern, but with
distinct daily and biweekly variation (Figure 6.2C). High light intensities coincided with
low SPM concentrations at neap tide. The light attenuation coefficient (Kd), calculated
from PAR measurements at 1 m and 2 m depth, fluctuated in phase with the SPM
concentration (Figure A10). Hence, the SPM concentration can be used as proxy of the
turbidity of the water column. The nitrate concentration was highest in winter and early
spring, was depleted during the spring bloom in mid May, and remained relatively low
during summer (Figure 6.2C). Salinity displayed considerable interannual variability
(Figures A2-A9). The timing of the reductions in salinity coincided with neap tides and
often with enhanced nitrate concentrations (Figure 6.2C,D), indicative of an enhanced
influence of nutrient-rich freshwater from the river Thames. Temperature showed a clear
seasonal pattern, superimposed by short-term temperature variability (Figure 6.2D). The
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time series all showed several gaps. During these periods observations were lacking or
unreliable, due to technical problems or fouling of the sensors.

Figure 6.3: Wavelet analysis of the tidal data. A) Time series of water level measured at station
Sheerness in 2004, with the corresponding B) wavelet power spectrum and C) global wavelet
power spectrum. D) Time series of tidal range, with the corresponding E) wavelet power spectrum
and F) global wavelet power spectrum. The wavelet power spectra in B) and E) are presented as
contour plots, where the y-axis plots the periodicities in the time series, and the x-axis plots how
these periodicities change over time. Color coding indicates the wavelet power, ranging from
low power in blue to high power in red. Red areas surrounded by black contour lines enclose
significant regions in the wavelet power spectra (i.e., regions of > 95% confidence that the local
wavelet power exceeds red noise). Shaded areas on the left-hand and right-hand side of the
two thick black lines in E) represent the cone of influence, where edge effects might distort the
signal. Results in the cone of influence are therefore excluded from further analysis. Panels C) and
F) show global wavelet power spectra of the time series (solid lines). Peaks exceeding the 95%
confidence level of the corresponding red noise spectra (dashed lines) are significant.
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6.3.2 The tidal cycle
We first analyzed the tidal data measured at station Sheerness (Figure 6.3). In line with
expectation, wavelet analysis reveals a significant 12-hour periodicity in water level
throughout the year (Figure 6.3B). This is further illustrated by the global wavelet power
spectrum, which has a pronounced peak at a 12-hour periodicity (Figure 6.3C). The tip
of the peak is located at a periodicity of 12 hours 25 min. The peak exceeds the 95%
confidence level of red noise (dashed line, Figure 6.3C), confirming that the semidiurnal
tidal cycle of the North Sea is, indeed, highly significant.
The spring-neap cycle is clearly visible in the time series of the tidal range (Figure
6.3D). Close inspection of this time series reveals additional variation in the spring-neap
cycle. The tidal range alternates between strong and weak spring tides in May – July, and
between strong and weak neap tides in March – April and August – October (Figure 6.3D).
This pattern is caused by the apogee-perigee cycle. Wavelet analysis of the tidal range
confirms the significance of the 15-day periodicity of the spring-neap cycle, while the
28-day periodicity of the apogee-perigee cycle is at the edge of significance (Figure 6.3E,
F).

6.3.3 Analysis of hourly-averaged time series
Wavelet analysis of the hourly-averaged chlorophyll concentration of the year 2007
reveals significant periodicities of 6 hours 12 min and 12 hours 25 min during most of the
year, and an additional 24-hour periodicity in late spring and summer only (Figure 6.4A).
Likewise, SPM also fluctuated at significant periodicities of 6 hours 12 min and of 12 hours
25 min (Figure 6.4C), with highest power at 6-hour periodicity. This is consistent with the
and water temperature showed predominantly 12-hour periodicity (Figures 6.4E,G), in
agreement with the 12-hour periodicity in the horizontal displacement of water by the
tides. There was no significant 24-hour periodicity in water temperature, which indicates
that temperature fluctuations due to diel heating and cooling were small compared to
fluctuations due to horizontal transport. Analysis of the entire dataset of 2001 – 2009,
summarized in the global wavelet spectra (Figures 6.4B,D,F,H), shows the same dominant
periodicities as the results for 2007.
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6-hour periodicity in tidal current speeds and, hence, tidal mixing. Conversely, salinity
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Figure 6.4: Wavelet analysis of chlorophyll, SPM, salinity and temperature on an hourly time
scale. Wavelet power spectra (left panels) and global wavelet spectra (right panels) using hourly
averaged data of A,B) chlorophyll concentration, C,D) SPM concentration, E,F) salinity, and G,H)
temperature. The wavelet power spectra show only the year 2007; the global wavelet spectra are
based on the complete time series (2001 – 2009). See the legend of Figure 6.3 for an explanation
of wavelet power spectra.

Comparison with the tidal data reveals that chlorophyll concentrations consistently
peaked a few hours before high tide and a few hours before low tide (Figure 6.5A). The
timing suggests that the chlorophyll peaks are generated by enhanced tidal mixing due
to high tidal current speeds. To investigate this hypothesis, we calculated the rate at
which the water level (W) increased or decreased as a simple proxy of the tidal current
speed (TC):

TC ~

dW
dt

Figure 6.5: Coherence between fluctuations in chlorophyll, tidal current speed and SPM on
an hourly time scale. A) Time series of hourly averaged chlorophyll concentration (green line)
and water level (red line) during 8 days in winter 2007. B) Time series of the rate of change in
chlorophyll concentration (green line) and the estimated tidal current speed (TC, red line).
C) Wavelet coherence spectrum of the two time series in panel B. Color coding indicates the
coherence of the two time series. Arrows indicate the phase angle between fluctuations of the
two time series, with arrows pointing to the right representing in-phase fluctuations. See the
legend of Figure 6.3 for further explanation of wavelet spectra. D) Relative distribution of phase
angles between fluctuations in the rate of change in chlorophyll concentration and fluctuations
in tidal current speed. E) Time series of hourly averaged chlorophyll concentration (green line)
and SPM concentration (black line). F) Wavelet coherence spectrum of the two time series in panel
E. G) Relative distribution of phase angles between fluctuations in chlorophyll concentration and
SPM concentration. The phase angle distributions in D) and G) are based on the complete time
series (2001 – 2009).
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Taking the absolute value (vertical bars) transforms the 12 hour 25 min periodicity of
the water level to a 6 hour 12 min periodicity in tidal current speed. Indeed, the rate of
change in chlorophyll concentration seems to fluctuate in phase with tidal current speed
(Figure 6.5B).
This phase relationship can be tested by wavelet coherence analysis, which displays the
coherence (colors) and phase angles (arrows) between two fluctuating time series. Bold
black lines delineate areas of significant coherence. Arrows pointing to the right indicate
in-phase fluctuations. This confirms that the rate of change in chlorophyll concentration
fluctuated in phase with tidal current speed at a significant 6-hour periodicity (Figure 6.5C).
In other words, chlorophyll concentrations increased during high tidal and decreased
during low tidal current speeds. Calculation of all significant phase angles in the entire
time series of 2001 – 2009 reveals a dominant phase angle of 310-330º (Figure 6.5D),
corresponding to a minor phase delay of ~45 minutes between tidal current speed and
the rate of change in chlorophyll concentration. Wavelet coherence analysis also shows
significant coherence between the time series of chlorophyll and SPM concentration,
which fluctuated in phase at a 6-hour and 12-hour periodicity (Figure 6.5E-G).
In Figure 6.6, we move away from the within-day variability and focus on longer
time scales using the daily-averaged time series of 2007. Comparison of transformed
data (black line) and untransformed data (green line) illustrates that expressing the
chlorophyll data as relative rates of change suppresses the amplitude of large peaks
such as the spring bloom, and uncovers periodic variation in chlorophyll concentration
during other times of the year (Figure 6.6A). Wavelet analysis reveals significant 15-day
periodicity in chlorophyll concentrations during March-April and June (Figure 6.6B).
In May, the significant area is spread across a wider range of periodicities due to the
relatively large amplitude (and, hence, large power) of the spring bloom. Daily-averaged
SPM and salinity also show significant 15-day periodicity, at least during part of the year
(Figure 6.6D, F). Daily-averaged temperature does not show a clear peak at any specific
time scale in the wavelet power spectrum (Figure 6.6H). Analysis of the entire dataset
of 2001 – 2009, summarized in the global wavelet spectra (Figure 6.6C, E, G, I), confirms
the 2007 results with significant peaks at a 15-day periodicity for chlorophyll, SPM and
salinity.

Figure 6.6: Wavelet analysis of chlorophyll, SPM, salinity and temperature on a daily time scale. A)
Original time series (green line) and transformed time series (rate of change, black line) of daily
averaged chlorophyll concentration in the year 2007. B-I) Wavelet power spectra (left panels) and
global wavelet spectra (right panels) of daily averaged data of B,C) chlorophyll concentration,
D,E) SPM concentration, F,G) salinity, and H,I) temperature. The wavelet power spectra show only
the year 2007; the global wavelet spectra are based on the complete time series (2001 – 2009).
See the legend of Figure 6.3 for an explanation of wavelet power spectra.

6.3.4 Analysis of daily-averaged time series
Wavelet coherence analysis shows that the chlorophyll concentration fluctuated in phase
with the tidal range (Figure 6.7A-C) and SPM concentration (Figure 6.7D-F) during most
of the year. In 2007, the spring bloom slowly built up over several spring-neap cycles
in March and April, and then took off to high chlorophyll concentrations in early May,
when the SPM concentration declined much stronger at neap tide than in the preceding
months (Figure 6.7D; see also Figure 6.2A). Interestingly, during this chlorophyll peak in
May, the chlorophyll fluctuations lost coherence with the tidal range and SPM fluctuations
at a 15-day periodicity (Figure 6.7B, E). In a sense, one might say that the spring bloom
“escaped” from the spring-neap tidal cycle.
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Figure 6.7: Coherence between fluctuations in chlorophyll, tidal range and SPM on a daily time
scale. A) Time series of daily averaged chlorophyll concentration (green line) and tidal range
(blue line) during spring of 2007. B) Wavelet coherence spectrum of the two time series in panel
A. Color coding indicates the coherence of the two time series. Arrows indicate the phase angle
between fluctuations of the two time series. See the legend of Figure 6.3 for further explanation
of wavelet spectra. C) Relative distribution of phase angles between fluctuations in chlorophyll
concentration and tidal range. D) Time series of daily averaged chlorophyll concentration
(green line) and SPM concentration (black line). E) Wavelet coherence spectrum of the two time
series in panel D. F) Relative distribution of phase angles between fluctuations in chlorophyll
concentration and SPM concentration. The phase angle distributions in C) and F) are based on
the complete time series (2001 – 2009).
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This sequence of events, where a strong decline of the SPM concentration in late April or
early May was accompanied by a large spring bloom, was also observed in the years 2001,
2003, 2004 and 2008 (Figures A2-A9). In all other years the monitoring data contained
one or more larger gaps due to fouling of the sensors, such that we could not use those
years to reliably assess the full sequence of events during the spring bloom.

6.4 Discussion
6.4.1 Fluctuations driven by the semidiurnal tidal cycle
Our results show that short-term fluctuations of coastal phytoplankton were dominated
by periodicities of 6 hours 12 min, 12 hours 25 min, and to a lesser extent 24 hours,
reflecting the typical periodicities in tidal current speed, horizontal displacement of tidal
waters, and the day-night cycle, respectively. Likewise, SPM also fluctuated at 6-hour
and 12-hour periodicities, in phase with the chlorophyll fluctuations. One possible
explanation for the in-phase fluctuations of chlorophyll and SPM could be that SPM is
largely composed of phytoplankton. We therefore estimated the relative contribution
of phytoplankton to SPM. Assuming a phytoplankton biomass to carbon ratio of 2.5
(Shifrin and Chisholm, 1981) and a carbon to chlorophyll ratio of 40 (for marine diatoms
in nutrient-rich temperate waters; (Geider, 1987)), then 1 mg m-3 of chlorophyll should
contribute 100 mg m-3 of SPM. In view of the measured concentrations of chlorophyll
and SPM in our time series, this implies that phytoplankton comprised less than 5%
of the SPM concentration throughout the entire year, except during the spring bloom
the phytoplankton dynamics diverged from the SPM dynamics, as the decline in SPM
concentration was accompanied by a rise in chlorophyll concentration. For these reasons,
the in-phase fluctuations of chlorophyll and SPM cannot be explained by the assumption
that SPM consisted mostly of phytoplankton particles.
Instead, we hypothesize that the 6-hour periodicity and in-phase dynamics of
chlorophyll and SPM are explained by alternating sinking and vertical mixing of
phytoplankton and SPM driven by the tidal cycle. Phytoplankton and SPM both have
a particulate nature. Hence, surface concentrations of phytoplankton and SPM will
decrease simultaneously due to sedimentation during weak turbulent mixing (i.e., at
each high and each low tide slack). Conversely, phytoplankton and SPM will increase
simultaneously by resuspension during periods of intense tidal mixing generated by the
high current speeds between each high and low tide. This explanation is supported by
the in-phase fluctuations of the chlorophyll dynamics and tidal current speed (Figure 6.5).
In fact, we found a minor phase delay of 45 min between fluctuations of tidal current
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speed and of chlorophyll concentration, which might reflect the time it takes for high
tidal current speeds to mix sedimented phytoplankton cells upwards to the water surface.
Resuspension of benthic diatoms by enhanced vertical mixing has also been observed by
many other studies, and is often held responsible for much of the chlorophyll variability in
shallow estuaries and intertidal areas (de Jonge and van Beusekom, 1995; MacIntyre et al.,
1996; Lucas et al., 2000). Indeed, several of the diatom species dominant at our mooring
site can be classified as tychoplankton (e.g. Cylindrotheca, Paralia, Plagiogrammopsis),
which combine a benthic and pelagic life style as they commonly settle on the sediment
during weak mixing but are resuspended during intense tidal mixing (Muylaert and
Sabbe, 1999; McQuoid and Nordberg, 2003; Roncarati et al., 2008).
Sinking rates of single diatom cells range from near zero to 10 m d-1 (Smayda, 1971,
Huisman and Sommeijer, 2002). Models of coastal phytoplankton using such sinking
rates do not predict significant 6-hour periodicity in surface chlorophyll concentrations
(May et al., 2003; van der Woerd et al., 2011). This suggests that higher sinking rates are
required to explain the observed 6-hour variation in surface chlorophyll concentration.
Sinking rates of diatom aggregates are often much higher than for single cells, ranging
from 50 to 150 m d-1 (Smetacek, 1985; Alldredge and Gotschalk, 1989; Burd and Jackson,
2009). Many of the dominant diatom species observed at station Warp are known to
form aggregates with other diatoms and sediment particles, through the production of
extracellular polymeric substances and the entanglement of diatom spines (Riebesell,
1991; Passow, 2002; Thornton, 2002). Aggregate formation is therefore likely to play a role
in the 6-hour periodicity of the chlorophyll concentration.
Salinity, nitrate and temperature are not subject to sedimentation and resuspension
by tidal mixing. Indeed, salinity, nitrate and temperature showed only minor 6-hour
periodicity, but fluctuated predominantly at a periodicity of 12 hours 25 min. This
periodicity matches the typical time scale of horizontal displacement of water masses
moving back and forth by tidal motion. Horizontal transport of different water masses is
further confirmed by the observation that salinity fluctuated in phase with water level,
while nitrate fluctuated in anti-phase with water level at a 12-hour 25-min periodicity
(Figure A11). This reflects an enhanced influence of nutrient-rich freshwater from the river
Thames at low tide and of less nutrient-rich and more saline North Sea water at high
tide. The 12-hour 25-min periodicity was visible in the chlorophyll and SPM data as well,
indicating that the chlorophyll and SPM fluctuations were also partly driven by horizontal
transport of different water masses.
An additional process contributing to the 12 hour 25 min periodicity might be
the vertical excursions of the SmartBuoy, which moved up and down with the water
level. This could be particularly relevant in waters with strong vertical gradients of the
chlorophyll and SPM concentrations in the upper meters of the water column, where
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the measurements are made. At station Warp, however, the upper meters of the water
column are well mixed (Figure A1). Therefore, the contribution of the vertical excursions
of the instruments to the 12 hour 25 min periodicity seems small in comparison to the
horizontal transport processes.
In summer, we also found a 24-hour periodicity in chlorophyll fluorescence, but not
in SPM. The 24-hour periodicity was less pronounced than the periodicities at 6 hours
12 min and 12 hours 25 min. Wavelet analysis indicates that this 24-hour periodicity is
independent of the tidal periodicity, because the peak of the global power spectrum was
located at 24 hours sharp rather than at 24 hours 50 min. This day-night cycle is probably
caused by non-photochemical quenching of the fluorescence signal during sunny days.
Alternatively, this day-night cycle might reflect diurnal variation in convective mixing
driven by thermal micro-stratification during the daytime and surface cooling at night.
Van Haren et al. (1998) reported similar diurnal variation in chlorophyll fluorescence at the
Oystergrounds, in the central North Sea. In addition to chlorophyll fluorescence, they also
measured chlorophyll by HPLC, and found that decreasing chlorophyll concentrations
at 11 m depth matched the increasing chlorophyll concentrations at 23 m depth during
the daytime. Hence, van Haren et al. (1998) conclude that diurnal convective mixing
led to net sedimentation of phytoplankton at daytime and net resuspension at night.
However, contrary to the Oystergrounds, station Warp does not show significant 24-hour
periodicity of surface temperatures (Figure 6.4H), so we expect that the effect of thermal
microstratification is relatively small at station Warp.

6.4.2 Fluctuations driven by the spring-neap tidal cycle
also fluctuated at a significant 15-day periodicity, in phase with the spring-neap tidal
cycle. A possible explanation for the 15-day periodicity in phytoplankton abundance
is that the spring-neap cycle modulated the nutrient supply. This mechanism was
described by Sharples et al. (2007;2008), who found that the upward nitrate flux into
the surface layer was much higher during spring tide than during neap tide, and fueled
new primary production. However, their measurements were made in a stratified
water column of 200 m depth at the shelf edge of the Celtic Sea, where upward mixing
of nutrients across the thermocline was driven by an internal tide. In contrast, coastal
waters of the southern North Sea are shallow (15 m deep at station Warp) and without
thermohaline stratification (Figure A1). In fact, the nitrate concentration at station Warp
was highest during neap tide (Figure A12), when nutrient-rich freshwater from the river
Thames was less intensely mixed with the more saline North Sea water. Because nutrient
concentrations fluctuated in anti-phase with the tidal cycle, while chlorophyll fluctuated
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in phase, it seems unlikely that variation in nutrient availability was the main driver for the
phytoplankton fluctuations at the time scale of the spring-neap cycle.
Instead, the in-phase fluctuations of both chlorophyll and SPM with the tidal range
suggest that a large fraction of the phytoplankton and SPM sinks to the sediment or
deeper water layers during calm conditions at neap tide, while they are resuspended
by strong tidal mixing during spring tide. Station Warp is part of a large shallow outer
estuary of more than 100 km2. Hence, the chlorophyll and SPM fluctuations observed at
the time scale of the spring-neap cycle will probably not represent small-scale processes
restricted to the local neighborhood of station Warp, but may integrate sedimentation and
resuspension over a large area. The 15-day periodicity of the SPM concentration confirms
recent spectral analyses of remote sensing data of the North Sea, which indicated springneap variations in SPM in the East Anglia plume and Rhine plume (Pietrzak et al., 2011).
Our interpretation is further supported by McCandliss et al. (2002), who investigated
the dynamics of suspended particles in coastal waters of the southern North Sea. They
observed enhanced particle settling and the formation of a phyto-detrital fluff layer at the
sediment surface during neap tide and calm wind conditions. This benthic fluff layer was
(partly) resuspended by more turbulent conditions during strong spring tide and storms.
Hence, we conclude that the 15-day periodicity in chlorophyll concentration is driven
by a similar process of alternating sinking and resuspension as the 6-hour periodicity,
integrated over a larger area.

6.4.3 Seasonal variation and the phytoplankton spring bloom
Earlier analysis indicated that the spring bloom at our coastal mooring site is triggered
by improved light conditions due to a combination of enhanced solar radiation and
reduced SPM concentrations in spring (Weston et al., 2008). Similar observations have
been made in other coastal waters (May et al., 2003; Tian et al., 2009; Blauw et al., 2010).
Our results support these findings, but provide a more detailed picture. The chlorophyll
concentration did not increase abruptly in spring, but gradually built up over the course
of several spring-neap cycles, with periodic ups and downs coinciding with the ups and
downs in SPM concentration (Figure 6.7D-F; Figures A2-A9). At some point in mid spring,
SPM concentrations decreased more strongly during neap tide than before and stayed
low during the subsequent spring tide, thus creating more favorable light conditions for
phytoplankton growth. At this point, the chlorophyll concentration continued to rise and
temporarily “escaped” coherence with the spring-neap tidal cycle and SPM fluctuations,
and a spring bloom developed.
What caused the conspicuous decline of the SPM concentration in mid spring? It might
be induced by a strong reduction in tidal range, weakening tidal mixing and thereby
enhancing sedimentation of SPM. For instance, the strong SPM decline in early May 2007
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occurred when spring tide coincided with apogee of the moon, resulting in a weak spring
tide (Figure 6.7). Likewise, the strong SPM decline in the third week of May 2004 and third
week of April 2008 also occurred when spring tide coincided with apogee (Figures A5 and
A8). However, in the other years covered by our data set the SPM decline was not associated
with weak spring tides (Figures A2-A9). Strong SPM declines might also be induced
by stable weather conditions in spring, with high temperatures and low wind speeds,
as in April 2003. Moreover, from the time series it is hard to judge whether chlorophyll
concentrations increased because of decreasing SPM concentrations, or vice versa.
One may hypothesize that SPM concentrations decreased due to aggregate formation
induced by extracellular polymeric substances (EPS) produced by phytoplankton. EPS
production by diatoms is known to stabilize intertidal sediments (Sutherland et al., 1998;
de Brouwer et al., 2000). Aggregate formation, and subsequent sedimentation, has been
described as an important mechanism affecting SPM dynamics in estuaries (van Leussen,
2011) and coastal waters (Jago and Jones, 1998). Hence, possibly, rising phytoplankton
concentrations and decreasing SPM concentrations are interacting as a positive feedback
loop, accelerating the development of the spring bloom.
The phytoplankton spring bloom resulted in rapid depletion of inorganic nutrients,
which was followed by lower phytoplankton concentrations during the remainder of
the summer. This classic pattern was also observed in the earlier study of Weston et al.
(2008) at the same site. Interestingly, after each spring bloom, coherence between the
chlorophyll and SPM fluctuations was restored. This indicates that suitable light conditions
associated with low SPM concentrations were not able to trigger major phytoplankton
blooms during summer, presumably because nutrient limitation or grazing control kept

6.4.4 Implications for phytoplankton community structure
Temporal variation in turbulent mixing may result in temporal variation in the phytoplankton community. For instance, Huisman et al. (2004) manipulated the turbulence
structure of an entire lake using artificial mixing. This lake experiment changed the
phytoplankton community from surface blooms by buoyant cyanobacteria at weak
turbulent mixing to dominance by sinking freshwater diatoms and green algae at intense
turbulent mixing. Likewise, Lauria et al. (1999) observed contrasting species responses
to variation in turbulent mixing in a tidal estuary. They found that motile dinoflagellates
(Prorocentrum micans and Peridinium trochoideum) aggregated near the water surface
during slack water, while they became homogeneously distributed when tidal mixing
intensified. Conversely, large pelagic diatoms (Coscinodiscus spp.) relied on enhanced
turbulent mixing during ebb and flood currents to prevent sinking from the photic zone.
In view of these studies, it seems quite plausible that the 6-hour periodicity in chlorophyll
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concentration observed in our tidal system may also be accompanied by a concomitant
6-hour periodicity in phytoplankton species composition, due to species-specific
differences in vertical dispersal by the tidal cycle.
According to the intermediate disturbance hypothesis, biodiversity will be highest in
ecosystems exposed to intermediate frequencies of environmental forcing (Connell, 1978;
Padisák et al., 1993). At one extreme, rapid environmental fluctuations with a periodicity
of 6 hours will be faster than the generation times of most phytoplankton species, and
will therefore mainly result in a vertical redistribution of existing populations. At the other
extreme, environments that remain constant for several weeks to months provide sufficient
time for strong phytoplankton species to displace weaker competitors, thus reducing
biodiversity (Sommer, 1985; Huisman et al.,1999; Passarge et al., 2006). Fluctuations at
intermediate frequencies are sufficiently slow to modify the species composition, yet fast
enough to prevent competitive exclusion. This is confirmed by experimental tests of the
intermediate disturbance hypothesis, which found highest phytoplankton biodiversity at
intermediate disturbance intervals of 1-2 weeks (Gaedeke and Sommer, 1986; Flöder and
Sommer, 1999). This time interval is fairly close to the 15-day periodicity of the springneap tidal cycle that caused such conspicuous fluctuations in chlorophyll concentration.
Hence, we hypothesize that environmental forcing by the spring-neap tidal cycle may
favor non-equilibrium coexistence of species that respond differently to tidal mixing,
with positive effects on phytoplankton biodiversity. This is supported by observations
of non-equilibrium coexistence of diatoms and dinoflagellates in the Gulf of Maine,
where diatoms dominated during major spring tides while the dominance shifted to
dinoflagellates during neap tides and minor spring tides (Balch, 1981). High-resolution
time series of the phytoplankton species composition, capturing changes in species
abundances at 6-hour and 15-day periodicities, will be required to investigate these
hypotheses in further detail.

6.4.5 Implications for marine monitoring
The superposition of several periodic fluctuations in chlorophyll concentration and
phytoplankton species composition are a challenge for the design of marine monitoring
strategies. Measurements taken at fixed time intervals that are not commensurate with
the natural frequencies of the tidal cycle may introduce structural biases in monitoring
data. For instance, the semidiurnal tidal cycle takes slightly longer than 12 hours. Hence,
if measurements are taken, say, once every day at noon, this may erroneously suggest
large changes in phytoplankton concentration over a period of several days, while these
data simply represent different phases of the semidiurnal tidal cycle. Likewise, the springneap cycle takes slightly longer than 14 days. Hence, if a water body is sampled once
every two weeks, then the data may erroneously suggest large changes in phytoplankton
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concentration and phytoplankton species composition over a period of several months,
while these data actually reflect different phases of the spring-neap cycle. To avoid such
structural biases, the temporal resolution of the measurements should be sufficiently
refined to capture the periodicities in the system. In practice, this implies that chlorophyll
concentrations should be measured at minimum time intervals of ~1 hour to capture
the semidiurnal tidal cycle. Alternatively, if resources are limited, one might consider
measuring less frequently but always at the same moments with respect to both the
semidiurnal and spring-neap tidal cycle. In those marine ecosystems where the tidal
cycle is a key determinant of chlorophyll variability, it will be difficult to make sense of
phytoplankton data obtained from low-frequency sampling programs ignoring the tidal
periodicities.

6.5 Conclusions
Our results show that careful investigation of the time scales of population fluctuations
in relation to environmental forcing can reveal much information on the underlying
processes. We found that phytoplankton fluctuations in the southern North Sea reflect
different oscillatory modes of the tidal cycle, including variation in tidal current speeds
(6 hours 12 min), horizontal water motion (12 hours 25 min) and the spring-neap tidal
cycle (15 days). A weaker 24-hour periodicity was also observed. During most of the year,
chlorophyll and SPM concentrations fluctuated in phase with the tidal cyle, indicative of
alternating periods of sedimentation and resuspension. However, phytoplankton escaped
to improved light conditions. Hence, fluctuations of coastal phytoplankton were strongly
driven by external forcing, but intrinsic population processes took over when growth
rates were high during the spring bloom. Our findings illustrate that high-resolution
monitoring is required to capture this natural variability, which is considered an essential
first step for the reliable detection and prediction of the long-term response of coastal
phytoplankton to changing environmental conditions.
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Chapter 7
Phytoplankton as Plant, Particle and Passive Tracer:
an Analysis of Chlorophyll Fluctuations Across
Different Time Scales and Regions of the North Sea
Abstract
Phytoplankton concentrations display strong temporal variability at different time scales.
Recent advances in automated moorings enable detailed investigation of this variability.
In this study, we analyzed phytoplankton fluctuations at four automated mooring stations
in the North Sea, which measured phytoplankton abundance (chlorophyll) and several
environmental variables at a temporal resolution of 12 to 30 minutes for two to nine years.
The stations differed in tidal range, water depth and freshwater influence. This allowed
comparison of the environmental drivers of phytoplankton variability across different
time scales and geographical regions. We analyzed the time series using wavelet analysis,
cross correlations and generalized additive models to quantify the response of chlorophyll
fluorescence to various environmental variables (tidal and meteorological variables, salinity,
suspended particulate matter, nitrate and sea surface temperature). Hour-to-hour and
day-to-day fluctuations in chlorophyll fluorescence were substantial, and mainly driven by
sinking and vertical mixing of phytoplankton cells, horizontal transport of different water
masses, and non-photochemical quenching of the fluorescence signal. At the macro-tidal
stations, these short-term phytoplankton fluctuations were strongly driven by the tides.
Along the Dutch coast, variation in salinity associated with the freshwater influence of the
river Rhine played an important role, while in the central North Sea variation in weather
conditions was a major determinant of phytoplankton variability. At time scales of weeks to
months, solar irradiance, nutrient conditions and thermal stratification were the dominant
drivers of changes in chlorophyll concentrations. These results show that the dominant
drivers of phytoplankton fluctuations differ across marine environments and time scales.
Moreover, our findings show that phytoplankton variability on hourly to daily time scales
should not be dismissed as environmental noise, but is related to vertical and horizontal
particle transport driven by winds and tides. Quantification of these transport processes
contributes to an improved predictability of marine phytoplankton concentrations.
This chapter is based on the paper: Blauw, A.N., Benincà, E., Laane, R.W.P.M., Greenwood, N.,
Huisman, J., (submitted) Phytoplankton as plant, particle and passive tracer: an analysis of
chlorophyll fluctuations across different time scales and regions of the North Sea.

144 | Chapter 7

7.1 Introduction
Environmental drivers of phytoplankton fluctuations can be different at different temporal
scales. Interannual variability and decadal trends in phytoplankton concentrations are
often related to climatic variation and/or changes in the eutrophication status of marine
waters (e.g., Breton et al., 2006; Gonzalez et al., 2000; Belgrano et al., 1999; Ottersen et
al., 2001; Richardson and Schoemann, 2004; McQuatters-Gollop and Vermaat, 2011).
At seasonal time scales, the annual cycles of solar irradiance and air temperature, and
associated changes in thermal stratification, nutrient availability and grazing are often
major drivers of the dynamics and succession of phytoplankton (Sverdrup, 1953; Sharples
et al., 2006; Winder and Cloern, 2010; Sommer et al., 2012). At short time scales ranging
from seconds to minutes (the inertial subrange) phytoplankton populations tend to
follow small-scale variation in turbulent mixing as passive tracers (Kolmogorov, 1941;
Franks, 2005).
Environmental drivers of phytoplankton fluctuations differ not only between time
scales, but also between marine environments. Yet, only few studies have compared
patterns of phytoplankton variability across ecosystems. In particular, Cloern and Jassby
(2010) recently investigated seasonal and interannual variability of 84 estuarine and
coastal sites, and this was further extended by Winder and Cloern (2010) to include
time series of lakes and open oceans. Their analyses provided many new insights, and
revealed large differences across ecosystems. Some ecosystems were dominated by
recurrent seasonal patterns while other ecosystems showed large year-to-year variability.
However, these studies mainly focused on seasonal and interannual variation, whereas
phytoplankton fluctuations at shorter time scales were either not monitored at a sufficient
temporal resolution or disregarded as residual events (Cloern and Jassby, 2010; Winder
and Cloern, 2010).
Yet, a better understanding of phytoplankton fluctuations at time scales of hours to
weeks may help to interpret the variability observed in phytoplankton time series and may
improve forecasts of phytoplankton bloom development. Phytoplankton populations
have specific growth rates of 0.1-2 day-1. Phytoplankton fluctuations that are faster than
the typical time scales of phytoplankton growth cannot be explained by variation in
growth rates, but are likely to have their origins in physical transport of phytoplankton
cells by, e.g., wind-induced mixing or tidal currents (Harris, 1980; Denman and Gargett,
1995; Mann and Lazier, 2009). Hence, we hypothesize that phytoplankton populations will
essentially behave as passive tracers or particles at the short (hour-to-hour) time scales
where physical transport processes will dominate phytoplankton variability. Conversely,
phytoplankton populations will behave more as plants at the longer (week-to-week) time
scales where biological growth and loss processes play an important role.
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This shift in the relative importance of physical transport processes versus biological
growth is apparent in our recent analysis of time series data monitored by an automated
mooring station in the southern North Sea, which revealed that the phytoplankton
concentration fluctuated at tidal periodicities at 6 hour 12 min, 12 hour 25 min, and 15
days (Blauw et al., 2012). A periodicity of 6 hours 12 min reflects the typical periodicity of
tidal current speeds, which causes resuspension of phytoplankton cells and other particles
during periods with high tidal current speeds (between each high and low tide) and
settlement of these particles at the tidal slacks. A periodicity of 12 hours 25 min reflects
horizontal displacement of water masses with different phytoplankton concentrations by
the semidiurnal tidal cycle, while a periodicity of 15 days reflects variation in tidal energy
by the spring-neap tidal cycle. Interestingly, spring blooms in these coastal waters slowly
build up over several spring-neap tidal cycles, and subsequently expand in late spring
when a strong decline of the SPM concentration during neap tide provides a temporary
window for rapid growth of the phytoplankton population (Blauw et al., 2012).
However, these patterns are likely to be specific for macro-tidal coastal waters. In
the central North Sea the tidal amplitude is lower and the water column can be strongly
stratified. Here, tidal-induced mixing will be less important, but wind-induced mixing,
convective cooling and other forms of weather-related variation can have a large impact
on the day-to-day phytoplankton fluctuations. For instance, van Haren et al. (1998) found
that the onset of stratification in early summer caused a decline in the near-surface
phytoplankton concentration due to settling diatoms and a concomitant increase of the
phytoplankton population in deeper water layers. This deeper population served as a
source for temporary increases in the surface layer during episodic events with intensified
turbulence due to storms, which brought part of the diatom population back upward.
In this study, we investigate the hypothesis that the relative importance of different
environmental drivers of phytoplankton fluctuations varies across different time scales
and geographical regions. For this purpose, we compare the chlorophyll fluctuations
at four automated mooring stations in the North Sea. These four stations differ in their
the time series by separating the observed phytoplankton fluctuations into three
different time scales; hourly, daily and biweekly variation. To test our hypothesis, we
first calculated wavelet power spectra to identify distinct periodicities in the chlorophyll
fluctuations. Subsequently, we related the chlorophyll fluctuations with a range of
potentially important environmental variables (e.g., tidal range, wind speed, sea surface
temperature, solar irradiance, nutrients) using cross correlation analysis. Finally, we
integrated these environmental variables into generalized additive models, to assess the
relative importance of different environmental drivers between stations and between
time scales.
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tidal range, water depth and degree of river influence. Our strategy is to decompose
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7.2 Methods
7.2.1 Description of study sites
We analyzed data of four mooring stations in the North Sea (Figure 7.1). The main
characteristics of these mooring stations are summarized in Table 7.1. Station Warp
(WARP) is located in the outer Thames estuary. In comparison to the other mooring
stations, it has the shallowest water depth and the largest tidal range of 4.3 m. Station
West-Gabbard (WGAB) is located about 40 km offshore from the English coast, and has an

Figure 7.1: Map of the southern North Sea with the mooring stations (circles) and stations where
supporting measurements of weather and tides have been made (open squares). Phytoplankton
data were obtained from Smartbuoys at mooring stations Warp (WARP), West-Gabbard (WGAB),
Noordwijk 10 km (NW10) and Oystergrounds (OYST). Tidal data were obtained from tide gauges
at stations Sheerness (SHE), Harwich (HAR), NW10 and K13. Meteorological data were obtained
from stations Europlatform (EUR), Den Helder (HELD), Rotterdam (ROTT), NW10 and K13.
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average tidal range of 3.2 m. Due to tidal mixing, both WARP and WGAB are not stratified
during summer. Station Noordwijk 10 (NW10) is located 10 km offshore from the Dutch
coastal town of Noordwijk, in the region of freshwater influence (ROFI) of the river Rhine.
Water depth at this station is 18 m and the tidal range is 1.9 m. The interplay between
freshwater inputs from the river Rhine and variable mixing intensity by weather and tides
causes intermittent salinity stratification at NW10 (Simpson et al., 1993; De Ruijter et al.,
1997; de Boer et al., 2009). Station Oystergrounds (OYST) is located in the central North
Sea. It is the deepest station (50 m) with the smallest tidal range (1.5 m). During summer,
station OYST is thermally stratified and a deep chlorophyll maximum may develop (van
Haren et al., 1998; Weston et al., 2005).

7.2.2 Automated measurements
At each mooring station an automated measuring buoy, called a ‘Smartbuoy’, has
been deployed as part of the monitoring programs of the United Kingdom and The
Netherlands (Mills et al., 2003). The Smartbuoys measured chlorophyll fluorescence,
optical backscatter, salinity, temperature and photosynthetically active radiation (PAR) at
1 m depth, using sampling intervals ranging from 12 to 30 min. Nitrate concentrations
were sampled at larger intervals, ranging from 1 to 4 hours at stations WARP and WGAB,
and from 4 to 30 days at stations NW10 and OYST.
Chlorophyll fluorescence was measured with a Seapoint fluorometer (Seapoint Inc.),
and optical backscatter with a Seapoint turbidity meter (Seapoint Inc.). Fluorescence
and optical backscatter were converted to concentrations of chlorophyll and suspended
particulate matter (SPM), respectively, by calibration against chlorophyll and SPM
concentrations measured in water samples taken during monthly service visits to
the mooring stations (Blauw et al., 2012). Although chlorophyll fluorescence is a very
convenient measurement technique, it is known that the fluorescence signal can be
quenched when cells are exposed to high light (Kiefer, 1973; Brunet and Lizon, 2003). This
may cause a reduction in chlorophyll fluorescence during the daytime, especially in clear
Salinity and temperature were measured using an FSI CT sensor (Falmouth Scientific
Inc.). Downwelling PAR was measured using a LiCor (LI-192) underwater quantum sensor
(LiCor Biosciences). The concentration of total oxidisable nitrogen (hereafter referred to as
nitrate) was measured with a NAS-3X nutrient analyzer (EnviroTech). The Smartbuoy data
can be downloaded or requested at the website http://www.cefas.defra.gov.uk. Further
details on the measurement methods and deployment of the Smartbuoys can be found
in Greenwood et al. (2010). Seasonal phytoplankton dynamics and biogeochemistry have
been described for station WARP (Weston et al., 2008) and station OYST (Greenwood et
al., 2010). The impact of the tidal cycle on phytoplankton fluctuations at station WARP has
been described by Blauw et al. (2012).
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waters at sunny days.
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7.2.3 Tidal and meteorological data
Tidal and meteorological data were not measured by the Smartbuoys, but were obtained
from the nearest tidal and meteorological stations. Tidal data were obtained from tide
gauges at coastal stations Sheerness (SHE) and Harwich (HAR) and at the marine platforms
K13 and NW10 (Figure 7.1). The tide gauges measured sea water levels at 10 min intervals.
The tidal range was calculated as the difference between the maximum and minimum
water level of each day.
Meteorological data for daily averaged wind speed and air temperature were obtained
from stations Europlatform (EUR) and K13A (K13), as provided at http://eca.knmi.nl (Klein
Tank et al., 2002). Data on solar irradiance were obtained from stations De Kooy (near Den
Helder: HELD) and Rotterdam (ROTT), as provided at http://www.knmi.nl/klimatologie/
uurgegevens. We used meteorological data from K13 and HELD for OYST, and data from
EUR and ROTT for the other three mooring stations.

7.2.4 Time scale decomposition
We applied time scale decomposition to separate the analysis of the observed
phytoplankton fluctuations at three different time scales. Figure 7.2 illustrates the steps
taken to preprocess the data. First, we log-transformed the time series of chlorophyll and
SPM (using the natural logarithm) to stabilize the variance and reduce the power of large
peaks, such as the spring bloom. Then we calculated hourly and daily averages of the
time series (black dots and blue line, respectively, in Figure 7.2A). For the daily averages
we included only measurements made in the dark (i.e., when observed PAR at 1 m depth
was < 1 μmol quanta m-2 s-1), to remove effects of non-photochemical quenching of the
chlorophyll fluorescence. We also calculated the 15-day moving average of the daily
averages (grey line in Figure 7.2A).
We subtracted the daily from the hourly averages to obtain a detrended time series of
the hour-to-hour fluctuations within the day. This will be referred to as the “hourly time
series” (Figure 7.2B). Subtracting the 15-day moving average from the daily averages
produced a detrended time series of the day-to-day fluctuations (Figure 7.2C). This “daily
time series” enables analysis of phytoplankton fluctuations associated with the springneap tidal cycle. The 15-day moving average was used for the analysis of phytoplankton
variability at the seasonal time scale, and is referred to as the “biweekly time series” (Figure
7.2D).
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Figure 7.2: Illustration of time scale decomposition: A) Time series of the log-transformed
chlorophyll concentration, with hourly-averaged data (dots), daily-averaged data (blue line) and
the 15-day moving average (grey line). B) The ‘hourly time series’, calculated as the deviation
of the hourly-averaged from the daily-averaged data. C) The ‘daily time series’, calculated as the
deviation of the daily-averaged data from the 15-day moving average. D) The ‘biweekly time
series’, which is represented by the 15-day moving average.

7.2.5 Wavelet analysis
We applied wavelet analysis to investigate significant periodicities in the hourly and daily
time series of chlorophyll (Figure 7.2B,C). Wavelet analysis is a type of spectral analysis
ecological time series (Torrence and Compo, 1998; Cazelles et al., 2008). Local and global
wavelet spectra of the chlorophyll fluctuations at station WARP have been presented
previously (Blauw et al., 2012). Here we compare global wavelet spectra of the four
different stations, using the same methodology as in Blauw et al. (2012). The statistical
significance of periodicities revealed by wavelet analysis was tested by comparing the
wavelet power spectrum of the observed time series against the 95% confidence level of
wavelet power spectra generated by red noise, using an autoregressive AR1 model with
the same autocorrelation coefficient as the observed time series. Reliable detection of a
given periodicity with wavelet analysis requires uninterrupted time series that exceed ~4
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that is particularly suitable for the analysis of non-stationary time series, such as many
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times that periodicity (Cazelles et al., 2008). Due to gaps in the data sets, uninterrupted
time series of sufficient length were not available for a sound wavelet analysis of the
biweekly time series. The Matlab scripts for wavelet analysis, including significance tests,
were developed by Torrence and Compo (1998) and Grinsted et al. (2004) (http://noc.
ac.uk/using-science/crosswavelet-wavelet-coherence).

7.2.6 Cross correlations
We applied cross-correlation analysis to investigate relationships between the
chlorophyll fluctuations and the measured environmental variables. Cross-correlation
analysis calculates the Pearson’s correlation coefficient (R) between two time series at
different time lags. For this purpose, we first shifted the two time series with the time
lag of interest. Subsequently, we removed all data pairs for which at least one of the data
points was missing, and calculated the correlation coefficient for the remaining data
pairs. This procedure was repeated for all time lags. If the correlation coefficient peaks
at a time lag of 0, chlorophyll responds immediately to fluctuations in an environmental
variable. If it peaks at a negative time lag, chlorophyll fluctuations follow fluctuations in an
environmental variable with some delay. Cross-correlation analysis was applied to both
the hourly and daily time series. The limited length prevented a sound cross correlation
analysis of the biweekly time series.
The time series showed considerable autocorrelation. Therefore, we applied a Monte
Carlo method to assess the statistical significance of the cross correlations. We used 1,000
pairs of surrogate time series to estimate the distribution and 95% confidence interval
of cross correlation coefficients based on red noise. These surrogate time series were
generated with an AR1 model with random error and had the same sample size, mean,
variance and lag-1 autocorrelation coefficient as the original time series.

7.2.7 Generalized Additive Models
Finally, we investigated the combined effect of the different environmental variables on
the chlorophyll fluctuations by developing Generalized Additive Models (GAMs) (Hastie
and Tibshirani, 1990; Wood, 2006). GAMs are non-parametric regression models, where the
relations between the response variable and the environmental variables are represented
by smooth functions. A key advantage of this approach is that GAMs do not require a
priori specification of mathematical equations describing the presumed relationships,
because the general shape of these relationships is captured by the smooth functions.
GAMs were fitted to the hourly, daily, and biweekly time series using the mgcv package
version 1.7-22 (Wood, 2006) of R version 3.01. The smooth functions were constructed
as cubic splines and their optimal shape was estimated by minimizing the general cross
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validation (GCV) criterion. To limit the risk of overfitting we reduced the number of knots
in the smooth functions to three.
For the hourly time series, the structure of the GAM model was:
n

Ph,t = bh + ∑ gh,j (Eh,j,t −lag ) + εh,t
j=1

where Ph,t is the (log-transformed and detrended) chlorophyll concentration at time t, bh is

the intercept, gh,j (Eh,j,t-lag) are smooth functions describing the effects of the (detrended)

environmental variables Eh,1,…, Eh,n at time t-lag, and εh,t is a random error term. Similarly,
for the daily time series, the structure of the GAM model was:
n

Pd,t = bd + ∑ gd,j (Ed,j,t −lag ) + εd,t
j=1

The lag time was set to zero, unless the cross-correlation analysis had identified a clear
time delay between the chlorophyll fluctuations and the environmental variable. As
environmental variables we used detrended wind speed, salinity, solar irradiance (PAR),
SPM, sea surface temperature and air temperature. In addition, we included a simple
measure of tidal mixing intensity as environmental variable. For the hourly time series, we
used the (absolute) rate of change in water level as a proxy of tidal current speed (Blauw et
al., 2012). For the daily time series, we used the tidal range as an indicator of tidal mixing
intensity (Blauw et al., 2012). Furthermore, we also included nitrate as environmental
variable, but only for the daily time series of WARP and WGAB. The resolution of the
nitrate data was insufficient for analyses at the hourly time scale and for NW10 and OYST
also at the daily time scale.
At time scales of weeks to months, we expected that environmental variables like
temperature, nutrients and light would affect phytoplankton growth rates rather than
the standing stock. Hence, for the biweekly time series, we used the rate of change in
from the difference between the (log-transformed) chlorophyll concentrations at time t
and time t-1 day. The structure of the GAM model thus became:

Pb,t – Pb,t–1 = bb +

∑g
j

b,j

(Eb,j,t −1 ) + εb,t

For the biweekly time series we used the same environmental variables as for the daily
time series, except for tidal range and air temperature. Variation in tidal range was
very limited, because the spring-neap cycle was smoothed out by the 15-day moving
average. Air temperature was removed, because it was strongly collinear with sea surface
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chlorophyll as response variable in the GAM model. The rate of change was calculated
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temperature in the biweekly time series. Nitrate was included for all stations, where we
linearly interpolated the nitrate time series of NW10 and OYST to have sufficient data
available for the analysis. In addition, we included the rates of change of wind speed,
sea surface temperature, salinity and SPM as environmental variables. Changes in these
variables are indicative of changes in physical mixing and transport processes, which may
result in changes in chlorophyll concentrations.
Residuals of the GAM models showed considerable autocorrelation at all three time
scales. Therefore, we partitioned the time series in several subsets, by subsampling the
time series at a sampling interval long enough to reduce the autocorrelation coefficient
of the residuals below the level of significance. For the daily time series, a sampling
interval of 4 days was sufficient to remove the autocorrelation. For the biweekly time
series, sampling intervals of 4 to 8 days were required, since the 15-day moving
average increased the autocorrelation in the time series. For the hourly time series, the
autocorrelation coefficient of the residuals was reduced to r < 0.2 but remained significant
even at sampling intervals over 24 hours. Therefore, we subsampled the hourly time series
every 7 hours, so that the subsets did not repeatedly sample the same part of the 24-hour
day-night cycle or 25-hour tidal cycle.
GAM models were fitted separately to each subset of the time series. We pruned the
GAM models by stepwise removal of the environmental variable with highest p-value, until
all environmental variables in the GAM model were significant at p < 0.05. The p-values
were calculated according to Wood (2013). Subsequently, to aggregate all results, we
fitted a GAM model to the complete time series using only those environmental variables
that were significant in at least one of the subsets.

7.2.8 Predictability of chlorophyll
To assess the overall goodness-of-fit of the GAM models, we reconstructed the chlorophyll
time series by adding up the GAM results for the three different time scales (i.e., the
opposite of the time scale decomposition in Figure 7.2):

Pr,t = Pb,t–1 + bb +

∑g
j

b,j

(Eb,j,t −1 ) + Pd,t + εh,t

where Pr,t is the reconstructed (log-transformed) chlorophyll concentration at time t.
Starting from the biweekly averaged chlorophyll observations (Pb,t-1), we generated model
predictions at an hourly resolution for lead times up to 30 days ahead. We calculated
coefficients of determination (R2) between the reconstructed hourly chlorophyll series
and the observed chlorophyll series for each lead time. We compared these with the R2
values of a reference model, that assumed that the chlorophyll concentration at time
t + 1 hour was the same as at time t. This reference model shows how well chlorophyll
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concentrations can be predicted ahead by autocorrelation alone. The difference between
the R2 values of our model predictions and the reference model is used to assess how much
the predictability can be improved by including information about the environmental
drivers of chlorophyll fluctuations.

7.3 Results and discussion
7.3.1 Time series
The time series of the mooring stations spanned several years (Table 7.1), and
representative years of each of the four stations are illustrated in Figures 7.3-6. The tidal
range was higher at WARP and WGAB (Figures 7.3A, 4A) than at NW10 and OYST (Figures
7.5A,6A). The chlorophyll fluctuations differed in frequency and amplitude between
the stations. At WARP, the chlorophyll and SPM concentration showed a distinct 15-day
periodicity associated with the spring-neap tidal cycle (Figure 7.3B; see also Blauw et al.,
2012). At WGAB, the chlorophyll and SPM concentrations fluctuated at a similar time scale,
but less pronounced (Figure 7.4B). NW10 showed chlorophyll and SPM fluctuations at
shorter time scales of only a few days (Figure 7.5B), and several troughs in the chlorophyll
time series seemed to coincide with low salinity events, e.g., in April (Figure 7.5D). The
chlorophyll concentration at OYST varied strongly within the day, but showed less dayto-day variation than the other stations (Figure 7.6B).
Spring blooms occurred in May at WARP and WGAB (Figures 7.3B, 4B), and in April at
OYST (Figure 7.6B). At all three stations, the onset of the spring bloom coincided with a
sharp decrease in SPM concentration. Station NW10 did not show a distinct spring bloom,
but rather a concatenation of blooms from March through June (Figure 7.5B).
Nitrate concentrations dropped sharply during the spring blooms at WARP, WGAB and
OYST (Figures 7.3C,4C,6C). At NW10 the available data suggest a more gradual decrease
in nitrate concentration during spring and summer (Figure 7.5C). The chlorophyll
winter nitrate concentrations at WARP were at least twice as high as at WGAB. Summer
nitrate concentrations were depleted to a lesser extent at WARP and NW10 than at WGAB
and particularly OYST (Table 7.1).
At WARP salinity fluctuated between 31 and 35 during winter and early spring,
indicative of intermittent higher river discharges from the Thames in winter, while salinity
remained fairly constant during the remainder of the year (Figure 7.3D). At NW10, salinity
showed large fluctuations throughout the year, with occasional declines down to 20
during winter and spring, indicative of the strong freshwater influence of the river Rhine
(Figure 7.5D). At stations WGAB and OYST salinity remained largely between 34 and 35
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concentrations during the spring bloom at WARP did not exceed those at WGAB, although
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throughout the year, showing much less freshwater influence than the other two stations
(Figures 7.4D,6D).
Sea surface temperature tracked air temperature at all four stations, with a smoother
seasonal cycle at WARP and WGAB than at NW10 (Figures 7.3D,4D,5D). Sea surface
temperature at OYST showed a smooth seasonal cycle during most of the year, except
during the build-up of thermal stratification where occasional declines in SST are
indicative of episodic mixing events in early summer (Figure 7.6D).

Figure 7.3: Time series at WARP in 2007. A) Wind speed (red line) and tidal range (blue solid line).
Tidal data were obtained from station SHE (Sheerness); when tidal data at SHE were missing, we
show the tidal range at station K13 (blue dashed line) rescaled to match the mean and amplitude
of the tidal range at SHE. B) Concentrations of chlorophyll (green) and SPM (black). C) Nitrate
concentration (dark purple) and irradiance (PAR, pink). D) Salinity (blue), air temperature (thin
red line) and sea surface temperature (bold red line). In B-D), dots show the hourly averages and
lines the daily averages.
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Figure 7.4: Time series at WGAB in 2007. A) Wind speed (red line) and tidal range (blue solid line).
Tidal data were obtained from station HAR (Harwich); when tidal data at HAR were missing, we
show the tidal range at station SHE or K13 (blue dashed line) rescaled to match the mean and
amplitude of the tidal range at HAR. B) Concentrations of chlorophyll (green) and SPM (black). C)
Nitrate concentration (dark purple) and irradiance (PAR, pink). D) Salinity (blue), air temperature
(thin red line) and sea surface temperature (bold red line). In B-D), dots show the hourly averages
and lines the daily averages.
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Figure 7.5: Time series at NW10 in 2001. A) Wind speed (red line) and tidal range (blue solid line).
B) Concentrations of chlorophyll (green) and SPM (black). C) Nitrate concentration (dark purple)
and irradiance (PAR, pink). D) Salinity (blue), air temperature (thin red line) and sea surface
temperature (bold red line). In B-D), dots show the hourly averages and lines the daily averages.
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Figure 7.6: Time series at OYST in 2007. A) Wind speed (red line) and tidal range (blue solid line).
Tidal data were obtained from station K13. B) Concentrations of chlorophyll (green) and SPM
(black). C) Nitrate concentration (dark purple) and irradiance (PAR, pink). D) Salinity (blue), air
temperature (thin red line) and sea surface temperature (bold red line). In B-D), dots show the
hourly averages and lines the daily averages.

7.3.2 Dominant periodicities
Global wavelet spectra reveal that hourly averaged chlorophyll concentrations fluctuated
(Figures 7.7A,C,E,G). The 6 hours 12 min periodicity reflects the periodicity of the tidal
current speed, which reaches maximum velocity during both the rise and the fall of the
tides (i.e., two times per semi-diurnal tidal cycle). Strong tidal currents enhance turbulent
mixing and thereby mix up phytoplankton cells, including large diatoms, from deeper
water layers or from the sediment (Blauw et al., 2012). The 12 hour 25 min periodicity
reflects horizontal displacement of tidal waters by the semi-diurnal tidal cycle, and the
24-hour periodicity reflects the day-night cycle. The peaks in the global wavelet spectra
exceed the 95% confidence level of red noise (dashed lines in Figure 7.7), confirming the
significance of these periodicities.
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with periodicities of 6 hours 12 min, 12 hours 25 min, and 24 hours at all four stations
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The relative importance of the 6 hour 12 min periodicity is largest at WARP, less prominent
at station WGAB, and only minor at NW10 and OYST (Figure 7.7A,C,E,G). The 24 hour
periodicity shows the opposite pattern: it is dominant at OYST, less important at NW10,
and relatively minor at WGAB and WARP. The 12 hour 25 min periodicity is dominant at
WGAB, less important at WARP and NW10, and only minor at OYST. These results indicate
that resuspension of phytoplankton by high tidal current speeds is an important process
at WARP and to some extent also at WGAB, but not at NW10 and OYST. Horizontal
transport of water masses with different phytoplankton populations is particularly
relevant at WGAB, whereas the day-night cycle plays a prominent role at station OYST in
the central North Sea.

Figure 7.7: Global wavelet power spectra of chlorophyll fluctuations. Global wavelet power
spectra of chlorophyll fluctuations at the four mooring stations: A,B) WARP. C,D) WGAB. E,F)
NW10. G,H) OYST. A,C,E,G) show the spectra of the hourly time series, and B,D,F,H) show the
spectra of the daily time series. Peaks exceeding the 95% confidence level of the corresponding
red noise spectra (dashed lines) are significant.
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Global wavelet spectra of daily averaged chlorophyll concentrations show a dominant
periodicity of 15 days at stations WARP and WGAB (Figure 7.7B,D). This 15-day periodicity
indicates that the phytoplankton fluctuations at these two macro-tidal stations are
affected by the spring-neap tidal cycle, in line with earlier results of Blauw et al. (2012).
In contrast, the phytoplankton populations at the microtidal stations NW10 and OYST
show significant variability at time scales of 8-10 days, but do not fluctuate at the 15-day
periodicity of the spring-neap tidal cycle (Figure 7.7F,H).

7.3.3 Cross correlations of chlorophyll with environmental variables
The cross correlations revealed many significant relationships between the chlorophyll
fluctuations and environmental variables (Figures 7.8, 7.9). Cross correlations show the
Pearson correlation coefficient (r) between a response variable (chlorophyll) and an
explanatory variable at different time lags. If r is highest at a time lag of zero, the response
is instantaneous. If it peaks at a negative time lag, there is a delay between fluctuations
in the explanatory variable and corresponding fluctuations in chlorophyll. To focus the

The tidal cycle
Cross correlations of the hourly averaged chlorophyll concentration with tidal current
speed show a 6-hour 12-min periodicity at both WARP and WGAB (Figure 7.8A1,A2).
This periodicity confirms that phytoplankton fluctuations at both stations are strongly
associated with fluctuations in tidal current speed, consistent with the global wavelet
spectra in Figure 7.7A and 7.7C. The cross correlations at both stations reveal a time-lag of
1 hour between maximum tidal current speed and maximum chlorophyll concentration,
indicating that the chlorophyll concentrations peaked slightly after the maximum tidal
current speed was reached (Blauw et al., 2012). The cross correlations with tidal current
speed are less pronounced and lack a 6-hour 12-min periodicity at NW10 and OYST
(Figure 7.8A3,A4). However, a 12-hour 25-min and 24-hour periodicity can be recognized
at NW10 and a 24-hour periodicity at OYST, consistent with the global wavelet spectra
(Figure 7.7E,G).
Cross correlations of the daily time series with tidal range showed a 15-day periodicity
at WARP and WGAB (Figure 7.9A1,A2), consistent with the global wavelet spectra (Figure
7.7B,D). The positive correlation at zero time lag indicates that chlorophyll fluctuated in
phase with tidal range, with highest chlorophyll concentrations during spring tide and
lowest during neap tide. Cross correlations with tidal range were not significant at NW10
and OYST (Figure 7.9A3,A4).
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presentation, here we highlight those relationships that we regard as most relevant.
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Wind speed
In the hourly time series, chlorophyll showed a positive cross correlation with wind speed
at lag zero, with a 24-hour periodicity at all four stations (Figure 7.8B1-4). In the daily
time series, chlorophyll showed a positive cross correlation with wind speed at lag zero at
WARP and WGAB, and at a time delay of 1 day at OYST (Figure 7.9B). Hence, elevated wind
speeds were associated with elevated chlorophyll concentrations at all 4 stations.
Solar irradiance
In the hourly time series, cross correlations with surface PAR showed a 24-hour
periodicity with negative correlations around lag zero (Figure 7.8C1-4). Hence, chlorophyll concentrations reached their daily minimum around midday. Similar results
were reported by Van Haren et al. (1998), who measured chlorophyll concentrations at
stations OYST by both fluorescence and HPLC. They also found a pronounced 24-hour
periodicity, and showed that the diurnal decline in chlorophyll concentrations in the
surface waters was accompanied by an increase in chlorophyll concentrations at greater
depth. They attributed this periodicity to diurnal variation in convective mixing, with net
sedimentation of phytoplankton during thermal micro-stratification at daytime and net
resuspension due to surface cooling at night. In addition, diurnal vertical migration of
motile phytoplankton and non-photochemical quenching of chlorophyll fluorescence at
high levels of solar irradiance may play a role in the 24-hour periodicity. At sites where tidal
mixing is too strong for micro-stratification to develop, such as WARP, non-photochemical
quenching is probably the dominant process driving 24-hour periodicity of chlorophyll
fluorescence (Blauw et al., 2012).
In the daily time series, cross correlations with surface PAR showed a negative peak
at a time lag of -1 day at all stations except WARP (Figure 7.9C1-4). This suggests that
chlorophyll levels are reduced after days with high irradiance. If chlorophyll levels would
decrease due to enhanced sinking of phytoplankton on sunny days one would expect
to see a negative peak without time lag. The one day time lag suggests that chlorophyll
levels decrease due to down-regulation of pigment content during high-light stress
(Anning et al., 2000).
Temperature
In the hourly time series, cross correlations of chlorophyll with air and sea surface
temperature showed similar patterns as the cross correlations with PAR, but with a time
delay of +2 hours for air temperature (Figure 7.8D1-4) and a time delay of +5 hours for
sea surface temperature (Figure 7.8E1-4). Since chlorophyll fluorescence reached its
minimum at noon, these time delays may not have a causal relationship with chlorophyll
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but merely indicate that air temperature was highest at on average ~2 hours after noon,
while sea surface temperature reached its maximum a few hours later in the afternoon.
In the daily time series, cross correlations with sea surface temperature at station
WARP showed a 15-day periodicity with negative peaks at a time delay of +2 days (Figure
7.9E1). The chlorophyll concentration at this station reached its maximum during spring
tide (Figure 7.9A1). Hence, the time delay of +2 days with sea surface temperature may
indicate a maximum influence of cold offshore waters 2 days after spring tide. At OYST,
the cross correlation with sea surface temperature did not have a distinct periodicity,
but did show a significant negative correlation at zero time delay (Figure 7.9E4). This
indicates that low sea surface temperatures were associated with enhanced surface
chlorophyll concentrations, probably because the relatively cold water layers of the deep
chlorophyll maximum were mixed to the surface during episodic events with enhanced
vertical mixing (Van Haren et al., 1998; Weston et al., 2005). Enhanced surface chlorophyll
concentrations induced by mixing events in stratified systems have also been observed by
other authors (Jiang et al., 2007; Dickey et al., 2001; Andersen and Prieur, 2000). However,
in these studies the increase in chlorophyll concentrations was attributed to enhanced
growth due to nutrients being mixed into the surface layer. In that case we would expect
to see a time lag of several days between the decrease of sea surface temperature and
the increase of chlorophyll concentrations, because phytoplankton growth takes time. In
our study, the absence of a time lag suggests that mixing of phytoplankton cells into the
surface layer is the dominant process explaining the negative correlation between sea

Salinity
In the hourly time series, cross correlations of chlorophyll with salinity show a 12-hour
25-min periodicity at WARP and WGAB (Figure 8F1,F2). This periodicity reflects horizontal
transport of water masses of different salinity by the semidiurnal tidal cycle (Blauw et
al., 2012), consistent with the peaks at 12 hour 25 min in the global wavelet spectra in
Figure 7.7A and 7.7C. The positive cross correlation at zero time lag at WGAB indicates
that the more saline water had a higher chlorophyll concentration. At NW10 cross
correlations also peaked at lag zero, but there was no periodicity (Figure 7.8F3), indicating
that the variation in salinity at NW10 affected the chlorophyll concentration but was not
associated with the tidal cycle.
In the daily time series, WARP showed a positive cross correlation with salinity at a
15-day periodicity and a lag of +2 days (Figure 7.9F1). This indicates a delay of two days
between chlorophyll peaks at spring tide and salinity peaks, reflecting a maximum
influence of cold offshore waters two days after spring tide, as we also observed in the
cross correlations with sea surface temperature (Figure 7.9E1).
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surface temperature and the chlorophyll concentration in the daily time series.
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Figure 7.8: Cross correlations of hourly chlorophyll data with environmental variables. Cross
correlations of hourly time series of chlorophyll with A) tidal current speed, B) wind speed,
C) PAR, D) air temperature, E) sea surface temperature (SST), F) salinity, and G) SPM. Columns
indicate the mooring stations: (1) WARP, (2) WGAB, (3) NW10 and (4) OYST. Peaks exceeding the
95% confidence interval of cross correlation coefficients generated by red noise (horizontal grey
band) are significant. Cross correlations that were not significant (n.s.) are omitted.
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Figure 7.9: Cross correlations of daily chlorophyll data with environmental variables. Cross
correlations of daily time series of chlorophyll with A) tidal range, B) wind speed, C) PAR, D)
air temperature, E) sea surface temperature (SST), F) salinity, G) SPM, and H) nitrate. Columns
indicate the mooring stations: (1) WARP, (2) WGAB, (3) NW10 and (4) OYST. Peaks exceeding the
95% confidence interval of cross correlation coefficients generated by red noise (horizontal grey
band) are significant. Cross correlations that were not significant (n.s.) are omitted.
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NW10 showed a positive cross correlation of chlorophyll with salinity at zero time lag. This
station is located in the Region of Freshwater Influence (ROFI) of the river Rhine along the
Dutch coast, characterized by intermittent salinity stratification (Simpson et al., 1993; De
Ruijter et al., 1997). The positive correlation indicates that chlorophyll concentrations were
higher in offshore waters with high salinity than in low-salinity waters of the river plume.
A possible explanation is that under temporary salinity stratification, phytoplankton
cells sink from relatively fresh surface waters of low density to deeper waters with higher
salinity and hence higher density. When the salinity stratification breaks down, the higher
phytoplankton concentrations in the deeper layers are mixed back to the surface. This
process has been observed and described near station NW10 by Joordens et al. (2001)
and McCandliss et al. (2002).

SPM
Cross correlations with SPM in the hourly time series showed a positive peak at lag
zero at all stations (Figure 7.8G1-4). This indicates that chlorophyll fluctuates in phase
with SPM. The periodicity of the cross correlations differed between the stations, with a
combination of 6-hour and 12-hour periodicity at WARP, 6-, 12- and 24-hour periodicity
at WGAB, 12-hour periodicity at NW10 and 24-hour periodicity at OYST, consistent with
the periodicities of the chlorophyll fluctuations identified by the global wavelet spectra
(Figure 7.7A,C,E,G).
In the daily time series, cross correlations of chlorophyll with SPM showed a positive
peak at lag zero at all stations (Figure 7.9G1-4), indicating that chlorophyll fluctuated in
phase with SPM at the daily time scale as well. At WARP and WGAB the cross correlations
with SPM showed 15-day periodicity (Figure 7.9G1-2), consistent with the 15-day
periodicity of the chlorophyll fluctuations at these stations (Figure 7.7B,D).
Nitrate
Sufficient nitrate data for cross correlation analysis were only available for the daily time
series of stations WARP and WGAB. Both stations showed cross correlations between
chlorophyll and nitrate at a 15-day periodicity, with a negative peak at lag +2 days for
WARP and at lag zero for WGAB (Figure 7.9H1,H2). The 15-day periodicity and time lag of
+2 days at WARP was also observed in the cross correlations with sea surface temperature
(Figure 7.9E1) and salinity (Figure 7.9F1). They reflect the effect of horizontal mixing by the
spring-neap tidal cycle on cross-shore concentration gradients, with maximum influence
of offshore waters two days after spring tide.
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7.3.4 Generalized additive models
Figures 10-12 show the smooth functions of the explanatory variables that were significant
in the GAM models of the hourly, daily and biweekly time series, respectively. Confidence
intervals are shown for each subset of the time series for which the explanatory variable
was significant.
For the hourly time series, the GAM models explained 25 to 51% of the variation in the
chlorophyll concentrations (Table 7.2). At all four stations chlorophyll fluorescence was
negatively affected by PAR (Figure 7.10A). This was also observed in the cross correlations,
and can be explained by non-photochemical quenching of chlorophyll fluorescence
and/or by enhanced micro-stratification at high PAR levels. At WARP, the chlorophyll
concentration showed a strong positive relation with SPM (Figure 7.10D1), consistent
with the positive cross correlation between chlorophyll and SPM fluctuations at this
station (Figure 7.8G1). At NW10, the chlorophyll concentration showed a distinct positive
relationship with both SPM and salinity (Fig. 7.10D3,E3).
For the daily time series, the GAM models explained only 15 to 22% of the observed
variation (Table 7.2). At WARP, SPM was the dominant explanatory variable and salinity
the only other significant variable (Figure 7.11A1,B1). Apparently, effects of tidal range
and wind speed, that were significant in the cross correlations (Figure 7.9A1,B1), were
subsumed in the SPM fluctuations and had no significant additional explanatory power.
At WGAB the opposite was observed: tidal range and wind speed had a significant
positive effect on the chlorophyll concentration (Figure 7.11C2,D2) while the additional
effect of SPM was insignificant. At NW10, the chlorophyll concentration showed a strong
positive relation with both SPM and salinity (Figure 7.11A3,B3). At OYST, the chlorophyll
concentration was negatively related to both sea surface temperature and PAR (Figure
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7.11A4,D4), consistent with the cross correlations (Figure 7.9C4,E4).
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Figure 7.10: GAM models of hourly chlorophyll data. Effects of environmental variables on the
chlorophyll concentrations in the hourly time series. Smooth functions (solid lines) are based on
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Figure 7.11: GAM models of daily chlorophyll data. Effects of environmental variables on the
chlorophyll concentrations in the daily time series. Smooth functions (solid lines) are based on
GAM models fitted to the entire daily time series. The 95% confidence intervals (dashed lines) of
the smooth functions are shown for each subset of the time series for which the environmental
variable was significant. Smooth functions that were not significant in any of the subsets were
omitted from the GAM models. Tick marks on the x-axis indicate the distribution of the data
points. Columns indicate the mooring stations: (1) WARP, (2) WGAB, (3) NW10 and (4) OYST.
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GAM models fitted to the entire hourly time series. The 95% confidence intervals (dashed lines) of
the smooth functions are shown for each subset of the time series for which the environmental
variable was significant. Smooth functions that were not significant in any of the subsets were
omitted from the GAM models. Tick marks on the x-axis indicate the distribution of the data
points. Columns indicate the mooring stations: (1) WARP, (2) WGAB, (3) NW10 and (4) OYST.
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Figure 7.12: GAM models of biweekly chlorophyll data. Effects of environmental variables on
changes in chlorophyll concentration in the biweekly time series. Smooth functions (solid lines)
are based on GAM models fitted to the entire biweekly time series. The 95% confidence intervals
(dashed lines) of the smooth functions are shown for each subset of the time series for which the
environmental variable was significant. Smooth functions that were not significant in any of the
subsets were omitted from the GAM models. Tick marks on the x-axis indicate the distribution
of the data points. Columns indicate the mooring stations: (1) WARP, (2) WGAB, (3) NW10 and (4)
OYST. The addition ‘roc’ to an environmental variable indicates that the graph is based on the rate
of change of the environmental variable.
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For the biweekly time series, the GAM models explained 21 to 60% of the variation in
the rates of change of the chlorophyll concentration (Table 7.2). At WARP, SPM had again
the largest explanatory power (Figure 7.12D1), probably because the steady increase
in chlorophyll concentration in late winter and early spring coincided with high SPM
concentrations, while the decline of the spring bloom in early summer coincided with
relatively low SPM concentrations (Figure 7.3B). Nitrate showed clear seasonal variation at
WARP, with low nitrate concentrations in summer (Figure 7.3C). However, summer nitrate
concentrations were less depleted at WARP than at WGAB and OYST (Table 7.1), and
nitrate was not identified as a significant variable at WARP by the GAM model (Figure 7.12),
suggesting that nitrogen was not a major limiting factor at this station. Since we lacked
data on other nutrients, it is difficult to establish which factor did limit phytoplankton
growth at WARP. However, according to a field study by Weston et al. (2008), summer
populations of large diatoms at WARP were limited by low light and silicate availability
while small flagellates were controlled by zooplankton grazing.
At the other three stations the rate of change of chlorophyll showed a strong positive
relationship with the nitrate concentration, with high growth rates in spring and lower
growth rates in summer (Figure 7.12B2-B4). Additionally, at NW10 changes in salinity had
a strong impact on chlorophyll fluctuations (Figure 7.12C3). This suggests that physical
mixing and transport processes in the river plume of the Rhine also affect chlorophyll
dynamics at the time scale of weeks to months. At OYST, PAR showed a strong positive
effect on chlorophyll growth rates (Figure 7.12A4). The negative relation with the rate of
change in sea surface temperature (Figure 7.12E4) indicates that the seasonal rise in sea
surface temperature coincided with a gradual decline of the chlorophyll concentration
after the spring bloom (in April – July; Figure 7.6B,D).

7.3.5 Predictability of chlorophyll fluctuations
To assess the overall predictability of the chlorophyll concentrations from the environmental variables, we used the GAM models obtained at the three time scales to
the chlorophyll concentrations predicted by the GAM models and the observed hourly
chlorophyll time series. For comparison, we also calculated R2 values between a reference
model that predicts the chlorophyll concentration based on autocorrelation only and the
observed chlorophyll time series.
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reconstruct the chlorophyll time series. Subsequently, we calculated R2 values between
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Table 7.1: Main characteristics (± s.d) of the four mooring stations. Winter values are based on
mooring data of January – February; summer values on those of July-August.
monitoring stations
WARP
Coordinates (N, E)
Years analyzed

WGAB

NW10

OYST

51.31; 1.02

51.59; 2.05

52.18; 4.18

54.25; 4.02

2001 – 2009

2002 – 2009

2000 – 2001

2006 – 2009

Water depth (m)

15

32

18

50

Tidal range (m)

4.3

3.2

1.9

1.4

Sheerness

Harwich

NW10

K13

Winter

33.7 ± 1.0

35.0 ± 0.2

29.0 ± 2.2

34.8 ± 0.1

Summer

34.2 ± 0.4

34.8 ± 0.2

30.0 ± 1.3

34.7 ± 0.2

Winter

33.6 ± 15.0

13.0 ± 5.1

5.6 ± 3.1

2.5 ± 1.5

Summer

16.9 ± 17.1

5.3 ± 2.0

3.7 ± 4.4

0.3 ± 0.2

Tidal gauge*
Salinity

SPM (mg L )
-1

SST (°C)
Winter

6.1 ± 1.3

7.9 ± 1.3

5.5 ± 0.6

6.8 ± 1.2

Summer

18.6 ± 1.0

17.4 ± 1.1

18.3 ± 1.2

16.8 ± 1.3

29.3 ± 11.7

9.5 ± 2.2

54.5 ± 16.2

4.0 ± 1.7

4.7 ± 3.2

2.4 ± 1.7

9.2 ± 7.1

0.5 ± 0.3

Nitrate (mmol m-3)
Winter
Summer
Chlorophyll (mg m-3)
Winter

1.1 ± 0.5

0.6 ± 0.2

0.5 ± 0.1

0.4 ± 0.1

Summer

4.3 ± 2.5

2.1 ± 0.9

4.4 ± 2.8

0.6 ± 0.3

* The nearest tidal gauge station used for data of tidal range; see Fig.1 for locations

Fluctuations in R2 values of the reference model (Figure 7.13) reflect fluctuations in
chlorophyll fluorescence within the day, which are particularly strong at WGAB and OYST.
The R2 value of the reference model drops below 0.5 within 5 days at all four stations,
indicating that measurements of the chlorophyll concentration remain reasonable
estimates of the chlorophyll concentration for only a few consecutive days, whereas
measurements of two weeks ago are no longer representative of the actual chlorophyll
concentration. In contrast, the R2 values of the GAM models remained above 0.5 for 2
to 4 weeks (Figure 7.13). This shows that the environmental variables included in the
GAM models strongly improved the predictability and explained a large fraction of the
variation in chlorophyll concentration.
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Figure 7.13: Predictability of chlorophyll concentrations. Predictability (expressed as R2 values)
of the hourly chlorophyll concentration at lead times of 1 to 30 days ahead. The predictions are
shown for a reference model based on autocorrelation only (dotted lines) and for a full model
including all environmental variables that were significant in the GAM models (solid lines). A)
WARP. B) WGAB. C) NW10. D) OYST.

Time series
hourly

daily

biweekly

Station

Subsets

N

R2

WARP

7

3985

0.25

WGAB

7

3910

0.35

NW10

7

1311

0.32

OYST

7

1019

0.51

WARP

4

191

0.15

WGAB

4

190

0.16

NW10

4

63

0.22

OYST

3

53

0.21

WARP

8

88

0.32

WGAB

8

91

0.21

NW10

4

60

0.43

OYST

4

38

0.60
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Table 7.2: Properties of the GAM models at the different stations and time scales. Subsets:
number of subsets. N: number of data points per subset. R2: adjusted R2 of the GAM model for the
complete time series.
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7.4 Conclusions
7.4.1 Dominant drivers across time scales
Our analysis shows that the major environmental drivers of phytoplankton variability are
different at different time scales:
1. Hour-to-hour variability of the phytoplankton concentration was mainly driven
by variation in sinking and mixing generated by tidal currents and wind action,
horizontal displacement of water masses by the semi-diurnal tidal cycle, and
variation in light conditions by the day-night cycle.
2. Day-to-day variability was predominantly driven by variation in sinking and mixing
processes generated by the spring-neap tidal cycle and by wind action. The effect
of high-light stress was significant in the cross correlations of the daily time series,
but was not selected as dominant driver by the GAM models.
3. At the time scale of weeks to months, variation in nutrient and light conditions
affected phytoplankton growth rates. In addition, changes in thermal stratification
and salinity were key factors at some stations. These results correspond with other
studies using GAM models, which also identified nutrients, light and temperature
as the main drivers of seasonal phytoplankton variability (Stenseth et al., 2006;
Llope et al., 2009).
Hence, in line with our hypothesis, physical transport processes dominated phytoplankton
variability at the shorter time scales, whereas biological growth and loss processes were
more important at the longer time scales.
Plankton is often hypothesized to behave like a passive tracer at short time scales
(Harris, 1980; Denman and Gargett, 1995). However, our results show that phytoplankton
fluctuations deviated from the fluctuations of passive tracers like salinity and temperature.
Variation in sinking and mixing processes generated by wind and tides explained much of
the hour-to-hour and day-to-day chlorophyll fluctuations. In particular, at the macro-tidal
stations, phytoplankton and SPM showed fluctuations with a 6 hour 12 min and 12 hour
25 min periodicity, whereas salinity and temperature fluctuated only at a 12 hour 25 min
periodicity (Blauw et al., 2012). Moreover, at these time scales, phytoplankton fluctuated
in phase with SPM. Hence, at time scales of hours to days, phytoplankton behaved like
particles rather than passive tracers.

7.4.2 Regional differences in dominant drivers
Our results confirm that the processes driving chlorophyll fluctuations differ in different
regions of the North Sea. At the macro-tidal stations (WARP and WGAB), chlorophyll
fluctuations were strongly affected by the tidal cycle. We found clear tidal signatures of

Phytoplankton as Plant, Particle and Passive Tracer | 173

both the semi-diurnal cycle (periodicities of 6 hours 12 min and 12 hours 25 min) and the
spring-neap cycle (15 days).
At the shallow coastal stations (WARP and NW10) the chlorophyll fluctuations showed
a strong positive relation with SPM concentrations at the hourly and daily time scale,
indicating that particle sinking and mixing processes played a dominant role. In the
region of freshwater influence (ROFI) along the Dutch coast, the chlorophyll fluctuations
were also associated with salinity variations at all investigated time scales (NW10). At
hourly to daily time scales this is presumably due to tidal and wind-induced transport of
water masses with different salinities and chlorophyll concentrations. At time scales of
weeks, variation in river discharge of the Rhine and the spatial extent of the river plume
may play a role.
In relatively deep and clear waters further offshore (WGAB and OYST), we found
signatures of diurnal non-photochemical quenching and micro-stratification. Moreover,
these stations showed a positive relation of the chlorophyll concentration with wind speed
and negative relation with sea surface temperature in the daily time series, indicative
of entrainment of cold water with associated phytoplankton from deeper layers during
days with high wind speeds. During summer, nitrate concentrations were more strongly
depleted at these deep offshore stations than at the shallow coastal stations (Table 7.1).
Particularly in the central North Sea (OYST), seasonal stratification played a major role,
resulting in nutrient-depleted surface waters with a gradually decreasing chlorophyll
concentrations in the surface layer during summer.

7.4.3 Implications for monitoring
Our results show that high-resolution monitoring can reveal striking phytoplankton
fluctuations at hourly to daily time scales. The magnitude of these short-term fluctuations
can be 25% to 75% of the seasonal variation. Yet this variability should not be dismissed
as “random noise”. Instead, hourly to daily variability is a key feature of phytoplankton
dynamics in coastal waters affected by wind and tides.
measurement techniques. Due to non-photochemical quenching, the chlorophyll
fluorescence signal may underestimate the actual chlorophyll concentrations during
daytime, which leads to diurnal variation in chlorophyll fluorescence. This effect
was particularly strong in the clear waters of OYST and WGAB. Dark-adaptation of
phytoplankton for several minutes prior to the fluorescence measurement could help
to overcome this problem. Alternatively, only nighttime measurements can be used, as
we did in the daily time series, but then information on chlorophyll fluctuations during
daytime will of course be lacking.
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Part of the chlorophyll fluctuations in our study can be attributed to the applied
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Vertical redistribution of phytoplankton populations by the interplay of particle sinking
and mixing is a major source of variability in the phytoplankton concentrations of coastal
waters. Hence, surface measurements may underestimate the total phytoplankton
biomass, if the phytoplankton population has not changed but is largely positioned
deeper in the water column. Many monitoring programs, including monitoring by remote
sensing, focus on surface observations. Therefore caution is required when interpreting
such data, because part of the population might have been overlooked. Depth-integrated
sampling might reduce this problem. In macro-tidal environments sampling during
conditions with strong tidal mixing may also help to get a more accurate estimate of the
total phytoplankton biomass.
Horizontal redistribution is also a major source of phytoplankton variability observed
in our study. This is illustrated by the 12 hour periodicity and significant cross correlations
with salinity. A better representation of this spatial variability will require other monitoring
methods such as satellite remote sensing or transect measurements, complementary to
time series at fixed locations. However, as illustrated by our results, at least part of the
horizontal variability is driven by the semidiurnal tidal cycle, and monitoring this variation
will therefore need a high temporal resolution of these spatial monitoring techniques.
Many marine monitoring programs sample phytoplankton at a monthly frequency.
Our results demonstrate that this is clearly not enough to capture the variability
of phytoplankton populations in coastal waters. In our time series chlorophyll
measurements were a reasonable estimate of chlorophyll concentrations up to 5 days
ahead, but lost their reliability at longer time scales (Figure 7.13). This suggests that a
minimum measurement interval of 5 days is required to describe the actual chlorophyll
concentrations, assuming that the sampling time is tuned to the tidal cycle. Moreover, if
the goal is not only a description but also an understanding of the underlying processes,
then a higher sampling frequency will be essential. Our results show that phytoplankton
concentrations in coastal environments respond strongly to tidal mixing and weather
variability at hourly to weekly time scales. Hence, an understanding of the phytoplankton
variability in coastal waters and their response to environmental change will require
sampling at these relevant time scales.
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Chapter 8
Synthesis

In this thesis the variability of phytoplankton has been characterized across different
temporal scales in different areas of the North Sea. Also the mechanisms driving this
phytoplankton variability have been analyzed and identified with different types of data
sets and different methods. In this way experience has been gained in how large data
sets from novel monitoring methods can be analyzed to create added value from their
enhanced temporal and spatial resolution. This knowledge supports the development of
a new monitoring strategy for the North Sea, including novel monitoring methods, such
as moorings and satellite remote sensing.

8.1 Phytoplankton variability and its drivers
Total phytoplankton biomass
Highest chlorophyll concentrations are generally observed in coastal waters, where
nutrient availability is relatively high due to river inputs. Comparing chlorophyll
fluorescence between four mooring stations in the North Sea showed highest fluorescence
at the two coastal stations influenced by the rivers Rhine and Thames (chapter 7 in this
thesis). Based on riverine nutrient input one would expect to see a negative correlation
between seasonally averaged phytoplankton biomass and salinity. However, de Vries et
al. (1998) found that in Dutch coastal waters chlorophyll levels remained fairly constant
at salinities below 32 and only decreased at higher salinities, even though nutrient
concentrations decreased linearly with salinity. This indicates that phytoplankton biomass
near-shore may be limited by something else than nutrients. High turbidity in near-shore
waters may limit phytoplankton growth through light limitation (e.g. Colijn and Cadée,
2003, Loebl et al., 2009). Also estuarine circulation may keep phytoplankton confined in
subsurface patches during parts of the tidal cycle, where it might be missed by surface
measurements (Joordens et al., 2001).
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Our analysis of mooring data at the seasonal time scale identified the availability of
nutrients and light as most important drivers of seasonal variability (chapter 7 of this
thesis). This corresponds to textbook knowledge and earlier studies (Llope et al., 2009;
Stenseth et al., 2006). Since almost all environmental variables co-vary at the seasonal
time scale it is hard to identify from correlation analysis which variable is really the driver
of the seasonal variability. With mechanistic numerical models such as the Generic
Ecological Model (GEM) spatial and seasonal variability of phytoplankton concentrations
are simulated based on theoretical and empirical knowledge on the relation between
growth rates and the availability of light and nutrients. We could reproduce observed
seasonal and spatial variability of chlorophyll well with GEM for a wide range of locations
(chapter 2 in this thesis). This confirms that seasonal and spatial patterns of phytoplankton
variability can be explained by the availability of nutrients and light.
Contrary to the seasonal time scale, nutrients do not appear to play an important
role in the interannual variability of total phytoplankton biomass in the North Sea. In
the chlorophyll data of the Continuous Plankton Recorder, with a monthly sampling
frequency, inter-annual variability in coastal waters was not significantly correlated
with nutrient availability (McQuatters-Gollop and Vermaat, 2011). However, significant
correlations were found with hydroclimatic variables such as sea surface temperature,
Atlantic inflow and the North Atlantic Oscillation Index (NAO).
Our analysis of mooring data at short time scales from hours to weeks showed that
fluctuations in chlorophyll fluorescence were mainly driven by transport and mixing by
tides and wind (chapter 7 in this thesis). Day-to-day fluctuations did not show positive
correlations with nutrient concentrations or solar irradiance at any of the four mooring
stations we analyzed. Hour-to-hour variability within the day showed large diurnal
fluctuations in chlorophyll fluorescence which were at least partly caused by physiological
processes to protect phytoplankton from excess light (e.g., non-photochemical
quenching). This day-night cycle in chlorophyll fluorescence was particularly strong in
clear waters, such as the Oystergrounds area.
Furthermore, our analyses of the mooring data indicates that vertical mixing and
sinking are dominant drivers of short-term phytoplankton fluctuations (chapters 6 and
7). If sinking of phytoplankton cells is important we expect to see lower chlorophyll
concentrations near the surface than in deeper water layers, even if the water column is
not stratified. This was indeed observed by Boon et al. (2003) at locations in permanently
mixed deep waters in the southern North Sea. In areas that are seasonally stratified,
such as the Oystergrounds, or intermittently stratified, such as the Rhine plume, vertical
gradients in phytoplankton concentrations are even more pronounced. This is illustrated
in Figure 8.1, which shows time series at the surface and vertical profiles of chlorophyll
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fluorescence and water temperature in 2007 at the Oystergrounds. The vertical profiles of
temperature show the onset of stratification in April, with the pycnocline getting deeper
throughout the year. Fluorescence is rarely homogeneous over depth; sometimes it is
highest in the surface layer and sometimes in the lower layer.

Species composition
In this thesis the only phytoplankton species that we analyzed in detail is Phaeocystis
globosa. This is the most important nuisance phytoplankton species in Dutch coastal
waters. It is considered an indicator species for eutrophication, since its abundance has
increased in the period that nutrient availability increased (Cadée and Hegeman, 2002).
The relation between Phaeocystis abundance and nutrient availability was confirmed in
our comparison of Phaeocystis abundance between 26 monitoring stations with different
nutrient availability. This showed relatively high Phaeocystis abundance in nutrient-rich
near-shore waters and lower abundance in off-shore waters (chapter 4 in this thesis.
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Figure 8.1: Chlorophyll concentrations at station Oystergrounds in 2007: A) Time series of water
temperature and nighttime chlorophyll fluorescence at 1 m below the surface measured at the
mooring. Vertical profiles of B) chlorophyll fluorescence and C) water temperature measured
from research vessels by Rijkswaterstaat. The fluorescence profiles in B) were obtained during
daytime, except for one single nighttime profile in mid May. The fluorescence profiles are shaded
at depths where local PAR was higher than 100 µmol.m-2s-1, since these conditions are suspected
to underestimate the actual chlorophyll concentration due to non-photochemical quenching.
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Not only the spatial distribution of Phaeocystis but also the inter-annual variability
of Phaeocystis abundance can be explained by nutrient availability in some areas.
In Belgian coastal waters and along the English south coast, Phaeocystis abundance
has been monitored at weekly intervals during spring for many years. In these areas a
positive correlation has been found between inter-annual variability of peak Phaeocystis
abundance in spring versus nitrate concentrations (Breton et al., 2006) and river runoff
(chapter 5 in this thesis) in the preceding months. A similar analysis on the Phaeocystis
data in Dutch coastal waters did not show a significant relationship between inter-annual
variability in peak Phaeocystis abundance and nutrient inputs from rivers (chapter 4 in this
thesis). One possible explanation for this lack of correlation could be the low sampling
frequency of once or twice per month in Dutch coastal waters. The peak abundance
can be easily missed with such infrequent sampling. Another explanation could be the
relatively high temporal variability of phytoplankton abundance due to transport and
mixing processes in the Rhine plume. This strong variability is illustrated by the analysis
of mooring data 10 km offshore from Noordwijk in chapters 4 and 7. A third explanation
for inter-annual variability might be the intrinsic variability in species composition of
phytoplankton communities. It is difficult to predict the abundances of one specific
species in a phytoplankton community that may consist of a hundred different species
(e.g., Beninca et al. 2008; Dakos et al. 2009).
In 2001 mass mussel mortality occurred in the Eastern Scheldt, an area with extensive
commercial mussel farming, presumably due to a Phaeocystis bloom. For 2001 high
quality satellite images of MERIS were not available yet. SeaWIFS images were also not
available during the 2001 harmful algal bloom events due to cloud cover (Hesselmans et
al., 2004). To test the feasibility of harmful algal bloom prediction with the GEM model for
the southern North Sea, we reconstructed the short term temporal evolution and spatial
distribution of the spring bloom of 2003 with different data sources. We cross-validated
the GEM model with MERIS satellite remote sensing images of chlorophyll, in situ data
of chlorophyll and Phaeocystis from the BIOMON programme and almost daily sampling
from a nearby sluice. The general phytoplankton spring bloom period (measured as
chlorophyll concentrations) was similar in the model and satellite remote sensing images,
throughout the Eastern Scheldt and surrounding coastal waters. Daily data of Phaeocystis
abundance at one station showed a short peak during a few days, about two weeks after
the start of the general phytoplankton spring bloom. In the GEM model the Phaeocystis
bloom started simultaneously with the general phytoplankton spring bloom (chapter 3
of this thesis). This study illustrates how data from different sources can be combined to
improve early-warnings of harmful algal blooms. However, for a reliable assessment of
the feasibility of such an early warning system, the cross validation should be repeated
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for more years and with more frequent Phaeocystis data in the Eastern Scheldt. Such
Phaeocystis time series with high temporal resolution are unfortunately lacking so far.
Day-to-day variability in foam intensity, due to Phaeocystis blooms, was strongly
correlated with wind speed and direction. Foam events at Noordwijk beach have been
monitored with an hourly sampling frequency with ARGUS video cameras (Figure
8.2). Foam frequency and intensity was highest at days with strong landward winds
and absent on days with seaward wind. Foam was hardly ever observed outside the
Phaeocystis bloom season. The time series of video images of Noordwijk beach is the first
time series of foam events at high (hourly) temporal resolution. It allowed quantification
of the relation between foam events, wind conditions and Phaeocystis abundance. Foam
events only occur a few days per year and often last less than a day, so they cannot be
sampled reliably based on lower frequency sampling (chapter 4 in this thesis). The high
frequency time series of sea foam may also provide information of sufficient resolution
on inter-annual variability of Phaeocystis blooms. Years with relatively high Phaeocystis
abundance (1999, 2001, 2003 and 2007) had more frequent and intense foam events than
years with relatively low Phaeocystis abundance (2000, 2002 and 2006). The year 2001
also shows high peak Phaeocystis abundance in Belgian and south English coastal waters

Figure 8.2: Example of an ARGUS video image of Noordwijk beach showing sea foam.
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(Breton et al., 2006; chapter 5 in this thesis).
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8.2 Implications for monitoring strategy
Temporal resolution
Our analyses have shown that data series of high temporal resolution are key to
understanding phytoplankton variability. The present sampling interval of phytoplankton
monitoring in Dutch coastal waters (BIOMON monitoring program) of once or twice per
month is probably sufficient to estimate long-term monthly means over many years
of measurement (green line in Figure 8.3). However, this sampling frequency is clearly
insufficient to reliably assess the actual phytoplankton abundance in specific years (black
line in Figure 8.3). Therefore, we cannot use these data to explain why the phytoplankton
abundance in specific years deviates from the long-term mean. Moreover, we cannot use
these data to explain and predict the intensity, duration and timing of phytoplankton
blooms in specific years (chapters 3 and 4 in this thesis). A sampling interval of
approximately 5 days is required to capture the actual phytoplankton abundance in
specific years (blue solid line in Figure 8.3). More precisely, according to the autocorrelation
structure of the Smartbuoy data, the predictive value of a chlorophyll measurement
reduces below a R2 of 0.5 within 5 days ahead at all 4 stations that we investigated in the
North Sea (chapter 7). In other words, chlorophyll measurements remain a reasonable
estimate of the actual chlorophyll concentrations for the next 5 days, but thereafter the
chlorophyll concentrations have definitely changed. A shorter sampling interval is even
better to investigate how the tides and weather affect phytoplankton variability and gain
understanding of the underlying mechanisms (chapters 6 and 7).

Figure 8.3: Chlorophyll time series at the Smartbuoy mooring at Noordwijk 10 km in 2001:
daily averages (black line), the daily averages subsampled every 5 days (blue solid line) and
subsampled every 30 days (blue dashed line). For comparison the monthly mean for 1997 – 2006
is shown of chlorophyll-a data from the BIOMON monitoring program (green line).
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With the help of advanced statistical models that take into account how environmental
drivers affect the phytoplankton fluctuations, chlorophyll concentrations can be predicted
reliably for more than 5 days ahead, but after several weeks also the model predictions
start to diverge from the measurements. Hence, like the weather forecast, we can indicate
a time horizon for the predictability of marine phytoplankton dynamics. According to our
analysis, the time horizon for reliable model prediction of the chlorophyll concentration
in the North Sea ranged from 2 to 4 weeks depending on the site (chapter 7).
The value of time series for ecosystem assessments not only depends on their
sampling interval but also on the length of the time series. Long-term trends and shifts
in phytoplankton abundance and community composition in response to, e.g., climate
change and changes in nutrient inputs have been extensively investigated (e.g., Bot
and Colijn, 1996; Laane et al., 1996; de Vries et al., 1998; Beaugrand, 2004; Philippart et
al., 2010). The detection of significant trends and shifts generally requires time series of
several decades. As such, the mooring data sets we have used for our analyses were still
too short to detect long-term changes. However, continued high-resolution monitoring
is likely to become very valuable for future assessments of long-term ecosystem change.
One important question with respect to the phytoplankton monitoring strategy is: “What
is the relation between sampling frequency and the power of the resulting time series to
detect significant changes in phytoplankton abundance?” This would be an interesting
subject for further research. The natural variability of phytoplankton abundance per site
and the choice of statistical measure are important issues in such research. Large natural
variability of phytoplankton concentrations reduces the power to detect significant

Spatial resolution
The North Sea harbors a variety of different environments such as macro-tidal waters in
the south, regions of freshwater influence near river outlets and along the continental
coasts, the shallow Wadden Sea, and the seasonally stratified waters in the central
North Sea. Our analysis at four mooring stations showed major regional differences in
phytoplankton response to environmental conditions (chapter 7). Satellite remote sensing
images also show clear regional differences in seasonal patterns and levels of chlorophyll
throughout the North Sea. Therefore, measurements at a single location cannot be
assumed to be representative for the whole North Sea. Yet, the timing and duration of
the phytoplankton spring bloom was similar at different stations near the Eastern Scheldt
(chapter 3) and at two stations 8 kilometer apart along the Noordwijk transect (chapter
4). So, measurements at one location can be assumed to be representative of some
area around it. At this moment, we do not yet have a good quantitative understanding
of the spatial scales of phytoplankton variability in the North Sea, and to what extent
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changes.
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the spatial autocorrelation function decays with distance from a measurement point.
This autocorrelation function may differ per time scale and site, just like the dominant
processes driving temporal variability.
Since phytoplankton concentrations show strong spatial variability, both horizontally
and vertically, measurements should ideally capture both. Unfortunately, there are no
monitoring methods available that can provide this. Satellite remote sensing and ships
of opportunity can capture horizontal phytoplankton variability at a reasonable temporal
resolution. To capture vertical variability at a high temporal resolution, fixed monitoring
stations are required.
Important aspects for the choice of monitoring locations are:
1. Relevance: The monitoring location should be in an area where there is an interest
in phytoplankton dynamics. This may be because of, e.g., special natural, economic
or recreational values or severe eutrophication or climate impacts.
2. Accessibility: The monitoring location should be practical in terms of accessibility
and easy maintenance. Experiences with moorings in the North Sea show that
fouling and technical failure due to rough weather leads to many data gaps in
time series, especially during the growing season of phytoplankton. Monitoring
stations along the shore, like the one in the Marsdiep, from the pier of the NIOZ
research station can provide time series with less data gaps. Also monitoring from
ferries allows for regular maintenance of the sensors to reduce data gaps.
3. Continuity: Since sufficient length of time series is crucial for trend detection,
continuation of existing time series is essential.
4. Limited variability: Detection of significant trends and cause-effect relations
between environmental variables and phytoplankton responses is facilitated if
natural variability is limited. When effects of changes in river inputs are the object
of study the choice of location needs to optimize between expected impact and
detectability of this impact. So the location should be strongly affected by river
inputs, yet far enough downstream to reduce excessive salinity fluctuations.
Although the effect of salinity (as an indicator for transport and mixing processes)
could be clearly identified in cross correlations at a Smartbuoy station in the river
Rhine plume, the predictability of short-term phytoplankton fluctuations based
on salinity data was only limited. Therefore, we expect that it will not be feasible to
correct measured phytoplankton fluctuations for salinity fluctuations during data
analysis.
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Sampling methodology for total phytoplankton
Each of the available sampling methods for phytoplankton has its strengths and
weaknesses. High spatial coverage can be provided by satellite remote sensing data, but
only for chlorophyll and a few other photosynthetic pigments (e.g., phycocyanin; Simis et
al., 2005). High temporal resolution can be obtained by moorings or automated sampling
from piers, but only for a limited number of locations. A combination of relatively high
spatial and temporal resolution can be provided by automated measurements from
ferries. Coverage back in time and ground truth for automated measurements can be
provided by continuation of existing time series of chlorophyll measurements in water
samples. The pieces of the puzzle from different monitoring platforms can be combined
by smart interpolation with statistical models or mechanistic models such as GEM. This
approach has been applied in chapter 3 of this thesis, and seems promising. Yet, so far
coupling of automated moorings with satellite remote sensing is still in its infancy, and
further development of such coupled spatio-temporal monitoring programs will be a
major challenge for the next decades.
Our experience with the analysis of automated monitoring data has revealed two practical
issues that are relevant for the implementation of high-resolution monitoring strategies:
–– Non-photochemical quenching: Fluorescence measurements showed strong
diurnal fluctuations, which were strongly correlated with the intensity of solar
irradiance. Due to this non-photochemical quenching, reliable information about
phytoplankton abundance during the day was lacking. CEFAS uses 100 µmol.m-2s-1
as a threshold for irradiance (PAR) during the quality assurance of fluorescence data.
Above this threshold fluorescence data are flagged as unreliable. In the mooring
time series of the Oystergrounds we found strong decreases of fluorescence
already for PAR exceeding 50 µmol.m-2s-1. In practice, the PAR-threshold above
which non-photochemical quenching effects occur depend on the species and is
affected by the exposure time of phytoplankton to high light intensity, which in
turn depends on vertical mixing intensity (Brunet et al., 2008). Non-photochemical
quenching is especially problematic for vertical profiles of fluorescence, which are
usually taken during daytime. Figure 8.1B shows vertical profiles of fluorescence
measured at station Oystergrounds in 2007. Data near the surface (sometimes
indicated by shading in the figure. The only vertical profile measured during the
night (in mid May) shows much higher fluorescence than the profiles measured
during the day, even though the time series in Figure 8.1A does not indicate a
conspicuous peak in chlorophyll concentration at that time.
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down to 15 m) are unreliable due to non-photochemical quenching, which is
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–– Fouling: The sensors of automated moorings can provide an attractive habitat for
benthic algae and bacteria. Therefore, the sensors were cleaned or replaced during
monthly services. Furthermore, the mooring data of the Smartbuoys that we used
in this thesis have been screened for fouling effects by the quality assessment
procedure at CEFAS. In this procedure data that were possibly affected by fouling
were detected by visual inspection of the time series. In our analysis we did not
use data that were suspected of fouling effects. However, this resulted in many
data gaps, particularly in summer. Therefore, there were relatively many data from
those times of the year when phytoplankton is not growing fast and relatively few
data after the peak of the phytoplankton spring bloom (chapters 6 and 7).

Sampling methodology for species composition
Moorings, ferryboxes and satellites can provide information on total phytoplankton
biomass with high temporal and spatial resolution. Automated methods for measurements on species composition are not readily available yet. Since species differ in their
response to environmental conditions, changes in eutrophication and climate are likely
to affect species composition. For example, if the intensity of turbulent mixing decreases,
due to global climate change, diatom abundance is likely to decrease but picoplankton
abundance may increase (Huisman et al., 2004). These changes in species composition
may affect higher trophic levels in the food web, the efficiency of carbon cycling, and the
frequency and intensity of harmful algal blooms. Harmful algal blooms are often caused
by specific toxic species, which cannot be detected as a peak in total phytoplankton
abundance. For these reasons, it is often desirable to monitor not only total phytoplankton
biomass but also changes in species composition.
Fluorometers can roughly distinguish between the major taxonomic groups (e.g.,
diatoms versus cyanobacteria) based on the fluorescence signal at different wavelengths.
In this way the abundance of the different phytoplankton groups can be quantified
(Jacob et al., 2005). Flow cytometers with high-resolution cameras are being developed
for use on fixed stations or on ferries (Thyssen et al., 2009). A fine example is the Imaging
FlowCytobot that collects images of phytoplankton particles at a daily basis since 2006
near Martha’s Vineyard on the Atlantic coast of the USA (Figure 8.4 ; Sosik and Olson,
2007). Algorithms are also being developed for satellite remote sensing to identify specific
phytoplankton groups, such as cyanobacteria (Simis et al., 2005; 2007), or to distinguish
blooms of the dinoflagellate Karenia and the haptophyte Phaeocystis (Kurekin et al.,
2014). Once time series of different phytoplankton species or taxonomic groups become
available, drivers of changes in species composition can be analyzed with similar methods
as used in this thesis. Such data would also facilitate the calibration and validation of
mechanistic models, such as GEM, that include variation in species composition.
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Data processing and analysis
Raw data do not directly provide insight in ecosystem functioning, trends and compliance
with regulations by themselves. The data need to be processed first. This means that
the data should be stored, quality checked and made accessible for further analysis.
Furthermore, the statistical analyses should be done, documented in a transparent way
and the results should be accessible to people with an interest in ecosystem functioning,
such as water managers and researchers. This all sounds very obvious, but in practice
often not all of these steps are taken and the measured data do not provide the insight
that they were collected for. The European Commission is now pressing open and
transparent data management in Europe through several initiatives (e.g. SeaDataNet,
EMODNET, INSPIRE).

Figure 8.4: Example of phytoplankton images collected by the FlowCytobot at 25 February 2014
at Martha’s Vineyard Coastal Observatory (USA) from: http://ifcb-data.whoi.edu/mvco

The research in this thesis has demonstrated that the analysis of phytoplankton data is
often not straightforward. Much time is needed to find approaches to cope with problems
Automated sampling methods, like remote sensing, moorings and ferryboxes yield large
amounts of data. Therefore, data processing methods should also be automated, and
automatically run on databases with monitoring data. This helps to give efficient feedback
on the results of measurement methods and to show their benefits to all stakeholders.
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like measurement artifacts, data gaps, autocorrelation and collinearity between variables.
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Appendix A

Figure A1: Contour plots of water density. The contour plots are based on CTD profiles taken
during service visits to the Smartbuoy from August 2004 to July 2006.
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Figure A2: Time series measured in 2001. A) Water level (red line) and tidal range (blue solid line)
at station Sheerness. When tidal data at station Sheerness were missing, we show the tidal range
at station K13A (blue dashed line) rescaled to match the tidal range at Sheerness. B) Chlorophyll
concentration (green) and SPM concentration (black). C) Nitrate concentration (dark purple) and
light intensity at 1 m depth (pink). D) Salinity (blue) and water temperature (red). In B-D), dots
show the hourly averages and lines the daily averages.
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Figure A3: Time series measured in 2002. A) Water level (red line) and tidal range (blue solid line)
at station Sheerness. When tidal data at station Sheerness were missing, we show the tidal range
at station K13A (blue dashed line) rescaled to match the tidal range at Sheerness. B) Chlorophyll
concentration (green) and SPM concentration (black). C) Nitrate concentration (dark purple) and
light intensity at 1 m depth (pink). D) Salinity (blue) and water temperature (red). In B-D), dots
show the hourly averages and lines the daily averages.
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Figure A4: Time series measured in 2003. A) Water level (red line) and tidal range (blue solid
line) at station Sheerness. B) Chlorophyll concentration (green) and SPM concentration (black).
C) Nitrate concentration (dark purple) and light intensity at 1 m depth (pink). D) Salinity (blue)
and water temperature (red). In B-D), dots show the hourly averages and lines the daily averages.
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Figure A5: Time series measured in 2004. A) Water level (red line) and tidal range (blue solid
line) at station Sheerness. B) Chlorophyll concentration (green) and SPM concentration (black).
C) Nitrate concentration (dark purple) and light intensity at 1 m depth (pink). D) Salinity (blue)
and water temperature (red). In B-D), dots show the hourly averages and lines the daily averages.
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Figure A6: Time series measured in 2005. A) Water level (red line) and tidal range (blue solid
line) at station Sheerness. B) Chlorophyll concentration (green) and SPM concentration (black).
C) Nitrate concentration (dark purple) and light intensity at 1 m depth (pink). D) Salinity (blue)
and water temperature (red). In B-D), dots show the hourly averages and lines the daily averages.
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Figure A7: Time series measured in 2006. A) Water level (red line) and tidal range (blue solid line)
at station Sheerness. When tidal data at station Sheerness were missing, we show the tidal range
at station K13A (blue dashed line) rescaled to match the tidal range at Sheerness. B) Chlorophyll
concentration (green) and SPM concentration (black). C) Nitrate concentration (dark purple) and
light intensity at 1 m depth (pink). D) Salinity (blue) and water temperature (red). In B-D), dots
show the hourly averages and lines the daily averages.
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Figure A8: Time series measured in 2008. A) Water level (red line) and tidal range (blue solid line)
at station Sheerness. When tidal data at station Sheerness were missing, we show the tidal range
at station K13A (blue dashed line) rescaled to match the tidal range at Sheerness. B) Chlorophyll
concentration (green) and SPM concentration (black). C) Nitrate concentration (dark purple) and
light intensity at 1 m depth (pink). D) Salinity (blue) and water temperature (red). In B-D), dots
show the hourly averages and lines the daily averages.
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Figure A9: Time series measured in 2009. A) Water level (red line) and tidal range (blue solid line)
at station Sheerness. When tidal data at station Sheerness were missing, we show the tidal range
at station K13A (blue dashed line) rescaled to match the tidal range at Sheerness. B) Chlorophyll
concentration (green) and SPM concentration (black). C) Nitrate concentration (dark purple) and
light intensity at 1 m depth (pink). D) Salinity (blue) and water temperature (red). In B-D), dots
show the hourly averages and lines the daily averages.
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Figure A10: Coherence between fluctuations in light attenuation and SPM on a daily time scale.
A) Time series of the light attenuation coefficient Kd (pink line) and SPM concentration (black line)
using daily averaged data of spring 2005. Kd is calculated from PAR measurements at 1 m and 2 m
depth. B) Wavelet coherence spectrum of the two time series in panel A. Color coding indicates
the coherence of the two time series. Arrows indicate the phase angle between fluctuations of
the two time series. See the legend of Figure 6.3 for further explanation of wavelet spectra. C)
Relative distribution of phase angles between fluctuations in Kd and SPM concentration, based
on the complete time series (2001 – 2009).
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Figure A11: Coherence between fluctuations in water level, salinity and nitrate on an hourly time
scale. A) Time series of water level (red line) and salinity (blue line) on an hourly time scale during
8 days in winter 2007. B) Wavelet coherence spectrum of the two time series in panel A. Color
coding indicates the coherence of the two time series. Arrows indicate the phase angle between
fluctuations of the two time series. See the legend of Figure 6.3 for further explanation of wavelet
spectra. C) Relative distribution of phase angles between fluctuations in water level and salinity.
D) Time series of water level (red line) and nitrate concentration (purple line) on an hourly time
scale. E) Wavelet coherence spectrum of the two time series in panel D. F) Relative distribution
of phase angles between fluctuations in water level and nitrate concentration. The phase angle
distributions in C) and F) are based on the complete time series (2001 – 2009).
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Figure A12: Coherence between fluctuations in nitrate concentration, tidal range and salinity
on a daily time scale. A) Time series of nitrate concentration (thick purple line) and tidal range
(thin blue line) on a daily time scale during spring of 2007. B) Wavelet coherence spectrum of the
two time series in panel A. Color coding indicates the coherence of the two time series. Arrows
indicate the phase angle between fluctuations of the two time series. See the legend of Figure
6.3 for further explanation of wavelet spectra. C) Relative distribution of phase angles between
fluctuations in nitrate concentration and tidal range. D) Time series of nitrate concentration (thick
purple line) and salinity (thin blue line) on a daily time scale. E) Wavelet coherence spectrum of
the two time series in panel D. F) Relative distribution of phase angles between fluctuations in
nitrate concentration and salinity. The phase angle distributions in C) and F) are based on the
complete time series (2001 – 2009).
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Summary
The North Sea is a coastal shelf sea receiving water from many large rivers. Therefore the
North Sea is rich in nutrients and phytoplankton. Phytoplankton forms the base of the
marine food web and produces approximately 50% of total global primary production.
Through the uptake of carbon dioxide for growth phytoplankton strongly affects the
global climate. However, too high concentrations phytoplankton can also have negative
impacts on ecosystems, such as oxygen depletion and shellfish mortality. To reduce
negative impacts of algal blooms, countries bordering the North Sea agreed to reduce
nutrient inputs from rivers with 50% compared to peak levels in 1985. They also agreed
to regularly monitor concentrations of nutrients, phytoplankton and oxygen to check
if eutrophication problems were reduced. Since then, measurements show a strong
reduction of phosphate concentrations and a modest reduction of nitrate concentrations.
A significant decrease of phytoplankton concentrations has not been observed. The
absence of a significant trend may imply that nutrient reduction has not affected
phytoplankton concentrations. Alternatively, phytoplankton concentrations may have
decreased but this was not detected because the natural variability of phytoplankton
concentrations masked this trend or because the monitoring frequency was too low to
detect a significant trend.
During recent years, monitoring vessels of Rijkswaterstaat have collected water
samples at fixed locations at sea to measure concentrations of phytoplankton and other
variables. The monitoring frequency and the number of monitoring stations have been
reduced in several phases to reduce costs. Yet, phytoplankton concentrations are strongly
variable in space and time. Therefore, a high monitoring frequency at many locations
is required to capture the natural variability of phytoplankton and detect trends. Novel
automated monitoring methods are being developed that can acquire information on
phytoplankton abundance at a high resolution in space and time, such as satellite remote
sensing, moorings and automated measurements from ferries. The resulting highresolution data sets enable characterization of phytoplankton variability at different time
scales and identification of the mechanisms driving phytoplankton variability.
In this thesis phytoplankton variability in the North Sea is investigated with a range
of traditional and novel monitoring methods. We characterized the variability in space
and time and analysed the drivers of this variability at different time scales with various
methods for data analysis and modeling. In this way we gained experience with the
analysis and interpretation of data from automated monitoring methods. Our results
demonstrate the potential power of these novel techniques, providing a much improved
understanding of population fluctuations at several different time scales. Based on this
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understanding appropriate monitoring strategies can be designed to assess the response
of phytoplankton to changes in nutrient inputs and global climate change.
Phytoplankton requires nutrients and light to maintain growth. Based on the
availability of nutrients and light and current patterns we could reproduce observed
spatial and seasonal patterns of phytoplankton in the southern North Sea with the
Generic Ecological Model (GEM). Algal blooms of the species Phaeocystis can cause large
economic losses for mussel farmers in the Eastern Scheldt and foam accumulation on
beaches. We tested the feasibility of an early-warning system for Phaeocystis blooms
in the Eastern Scheldt area combining satellite remote sensing, field measurements
and the GEM model. For this purpose, we checked to what extent information on total
phytoplankton and Phaeocystis in spring 2003 agreed between these different data
sources. The bloom period of total phytoplankton was similar in the different data sources.
Available field data for Phaeocystis had too low temporal and spatial resolution to assess if
model results for Phaeocystis and satellite data of chlorophyll were a good approximation
of actual Phaeocystis concentrations.
As alternative approach to predict nuisance Phaeocystis bloom events we developed a
fuzzy logic model. Fuzzy logic models use knowledge rules based on patterns in observed
data and understanding of relevant processes. With this model the initiation of Phaeocystis
blooms in Dutch coastal waters could be reproduced. Differences in long-term averaged
Phaeocystis concentrations between stations were strongly associated with differences
in local nutrient concentrations. Interannual variation in Phaeocystis concentrations
could not be reliably assessed with the available data series, due to the low sampling
frequency of once or twice per month. Video images of the beach with ARGUS camera’s
from a light house provided information on foam presence on the beach with an hourly
resolution. These data showed a strong dependence of foam accumulation on wind
conditions: foam was only visible during moderate to strong landward winds. Within the
European research project HABES (Harmful Algal Blooms Expert Systems) similar fuzzy
logic models have been developed for the 5 dominant harmful algal species in 5 marine
areas throughout Europe. This showed that fuzzy logic models offer a good approach
to synthesize all available knowledge about specific harmful algal blooms and use it for
predictions. The approach enables to include all known aspects of bloom formation, even
if not all underlying processes are understood in detail.
In the previous analyses the temporal resolution of observed data was often limiting
a good assessment of phytoplankton variability. Automated moorings can provide data
series with high temporal resolution. We analysed the data of four mooring stations in
the North Sea to assess the extent and the drivers of phytoplankton variability. In coastal
waters near the Thames estuary the tidal cycle was the dominant driver of short-term
phytoplankton variability. Phytoplankton fluctuations showed strong 6-hour periodicity
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in phase with fluctuations in tidal current speeds, 12-hour periodicity in phase with
ebb and flood and 15-day periodicity in phase with the spring-neap tidal cycle. This
suggests that phytoplankton not only moves back and forth with the tide (with a
12-hour periodicity) but also sinks during decreasing tidal currents and mixes back
to the surface at increasing tidal currents (with a 6-hour and 15-day periodicity); as if
they dance with the tide. In deeper waters in the central North Sea, the tide had little
impact on phytoplankton. Phytoplankton fluctuations in this area were predominantly
controlled by vertical mixing and sinking induced by fluctuations in wind and solar
irradiance. In Dutch coastal waters phytoplankton fluctuations were strongly associated
with fluctuations in salinity due to the influence of fresh water from the river Rhine. At all
four moorings sinking and mixing of phytoplankton particles appeared to be a dominant
driver of fluctuations in phytoplankton concentrations.
The analyses in this thesis have shown that data series of high temporal resolution are
required to detect changes in phytoplankton concentrations and underlying mechanisms.
For accurate assessment of interannual variability in phytoplankton concentrations a
sampling frequency of once or twice per week seems to be sufficient. To detect relations
between phytoplankton change and environmental conditions an hourly to daily
sampling frequency is required. Novel automated monitoring methods such as satellite
remote sensing, moorings and sensors on board of ferries enable data acquisition at such
high resolution.
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Samenvatting
De Noordzee is een relatief ondiepe zee, waarin veel grote rivieren uitmonden. Hierdoor
is de Noordzee rijk aan nutriënten en fytoplankton. Fytoplankton vormt de basis voor het
mariene voedselweb, is verantwoordelijk voor ca. 50% van de totale primaire productie
op aarde, en heeft door de vastlegging van CO2 een belangrijke invloed op het klimaat.
Te hoge concentraties fytoplankton kunnen echter negatieve effecten hebben op het
milieu, zoals zuurstofloosheid van het water en sterfte van schelpdierpopulaties. Om
negatieve effecten door dergelijke algenbloeien te beperken is door de landen rond de
Noordzee afgesproken om de aanvoer van nutriënten door rivieren naar de Noordzee te
halveren ten opzichte van 1985, toen de aanvoer op zijn hoogst was. Ook is afgesproken
om de concentraties van nutriënten, fytoplankton en zuurstof regelmatig te meten om
te controleren of de problemen door overmatige algengroei (eutrofiëring) afnemen.
Sindsdien laten metingen een sterke afname zien van het nutriënt fosfaat en een bescheiden
afname van het nutriënt nitraat. Significante trends in fytoplanktonconcentraties als
gevolg van deze afname in nutriëntenconcentraties zijn nog niet waargenomen. Dit
kan verschillende oorzaken hebben. Het kan zijn dat fytoplanktonconcentraties niet zijn
afgenomen, of dat de natuurlijke variatie in algenconcentraties zo groot is dat de trend
daardoor niet kan worden vastgesteld, of dat de meetfrequentie te laag was om effecten
vast te stellen.
Voor het meten van concentraties fytoplankton en andere variabelen hebben schepen
van Rijkswaterstaat de afgelopen tientallen jaren watermonsters genomen op een netwerk
van vaste meetlokaties op zee. Om kosten te besparen is de frequentie van de metingen
en het aantal meetlokaties in een aantal stappen verlaagd. Fytoplanktonconcentraties
variëren sterk in tijd en ruimte, waardoor eigenlijk een hoge meetfrequentie nodig is op een
groot aantal lokaties om een goed beeld te krijgen van de fytoplanktondynamiek en om
eventuele veranderingen hierin te detecteren. Nieuwe geautomatiseerde meetmethoden
zijn in ontwikkeling om informatie over fytoplanktonconcentraties te verkrijgen met een
grotere resolutie in ruimte en tijd, zoals satellietbeelden, meetboeien en automatische
metingen vanaf veerboten. Hierdoor komen nu meetgegevens beschikbaar waarmee de
mate van variabiliteit in fytoplankton zichtbaar wordt en waarmee de oorzaken van deze
variabiliteit kunnen worden onderzocht.
In dit proefschrift is onderzocht in hoeverre de variabiliteit van fytoplankton in de
Noordzee kan worden verklaard door variabiliteit in milieuomstandigheden. Hierbij is
gebruik gemaakt van gegevens van traditionele en nieuwe geautomatiseerde meetmethoden en van diverse methoden voor analyse en modellering. Op basis hiervan kan

226 | Samenvatting

worden ingeschat wat de mogelijke gevolgen zijn van veranderingen in nutriëntenaanvoer
of klimaat en hoe deze het beste kunnen worden gemeten.
Fytoplankton heeft nutriënten en licht nodig om te kunnen groeien. Op basis van
de beschikbaarheid van nutriënten en licht en stromingspatronen konden we met
het Generiek Ecologisch Model (GEM) de ruimtelijke patronen en seizoensdynamiek
van fytoplankton in de zuidelijke Noordzee goed reproduceren. Algenbloeien van de
soort Phaeocystis globosa kunnen grote schade veroorzaken voor mosselkwekers in
de Oosterschelde en leiden vaak tot schuimophoping op het strand. We hebben een
waarschuwingssysteem ontwikkeld voor Phaeocystis bloeien in de Oosterschelde op
basis van satellietmetingen, veldmetingen en het GEM model. Hiervoor hebben we
gekeken in hoeverre de informatie uit deze verschillende informatiebronnen overeen
kwam voor totaal fytoplankton en Phaeocystis in het voorjaar van 2003. De bloeiperiode
van totaal fytoplankton was vergelijkbaar in de verschillende datasets. De beschikbare
veldmetingen van Phaeocystis hadden een te lage ruimtelijke en temporele resolutie om
te zien of de modelresultaten voor Phaeocystis of de satellietmetingen van chlorofyl goed
overeen kwamen met de werkelijke Phaeocystis concentraties.
Als alternatieve benadering om Phaeocystis bloeien te voorspellen hebben we een
fuzzy logic model gemaakt. In fuzzy logic wordt gebruik gemaakt van kennisregels
op basis van patronen in beschikbare meetgegeven en globale kennis over relevante
processen. Het model kon de start van het bloeiseizoen van Phaeocystis in Nederlandse
kustwateren goed reproduceren. Verschillen tussen stations in het langjarig
gemiddelde van de Phaeocystis concentraties vertoonden een sterk verband met lokale
nutriëntenconcentraties. Verschillen in Phaeocystis concentraties tussen jaren konden
met de beschikbare meetgegevens niet goed worden gekwantificeerd, door de lage
meetfrequentie van 1 tot 2 keer per maand. Videobeelden van het strand met ARGUS
camera’s leverden uurlijkse informatie over het voorkomen van schuim op het strand
bij Noordwijk. Hierdoor kon een sterke relatie met windomstandigheden worden
aangetoond: schuim kwam alleen voor bij sterke aanlandige wind. Binnen het Europese
onderzoeksproject HABES zijn soortgelijke fuzzy logic modellen ontwikkeld voor de
belangrijkste schadelijke algensoorten in Europa. Hieruit bleek dat fuzzy logic modellering
een goede manier is om alle beschikbare informatie over bloeien van een algensoort te
bundelen en toetsbaar te maken. Hierdoor kunnen de meest relevante aspecten worden
meegenomen in de analyse van algenbloeien, voordat alle onderliggende processen tot
in detail bekend zijn.
In de voorgaande analyses was de temporele resolutie van meetgegevens vaak een
beperkende factor om de variabiliteit in fytoplankton concentraties goed in beeld te
krijgen. Met geautomatiseerde meetboeien kunnen meetreeksen met hoge temporele
resolutie worden verkregen. We hebben de meetgegevens van vier meetboeien in de
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Noordzee geanalyseerd om te achterhalen welke processen verantwoordelijk zijn voor
fluctuaties in fytoplankton concentraties. In zuid-Engelse kustwateren bleek het getij
de belangrijkste oorzaak: fytoplankton concentraties vertoonden sterke 6-uurlijkse
fluctuaties in fase met fluctuaties in de stroomsnelheden van het opkomend en
neergaand getij, 12-uurlijkse fluctuaties in fase met eb en vloed, en 15-daagse fluctuaties
in fase met de springtij doodtij cyclus. Dit suggereert dat deze microscopisch kleine algen
niet alleen heen en weer stromen met het getij (met een 12-uurlijkse cyclus), maar ook
zinken tijdens afnemende getijstroming en opwervelen bij toenemende getijstroming
(met een 6-uurlijkse en 15-daagse cyclus). Ze dansen als het ware op het ritme van het
getij op en neer. In de diepe wateren van de centrale Noordzee was de invloed van
het getij gering en waren korte termijn fluctuaties in algenconcentraties voornamelijk
gekoppeld aan vertikale menging onder invloed van wind and zoninstraling. Langs
de Nederlandse Noordzee kust waren korte termijn fluctuaties in algenconcentraties
voornamelijk gerelateerd aan fluctuaties in zoutgehalte veroorzaakt door de menging
met zoet rivierwater van de Rijn. Op alle stations bleek het zinken en opwervelen van
algen een belangrijke oorzaak van de fluctuaties in fytoplankton concentraties.
De analyses in dit proefschrift hebben duidelijk gemaakt dat meetreeksen met hoge
temporele resolutie noodzakelijk zijn om veranderingen in fytoplankton concentraties
en de onderliggende oorzaken in beeld te brengen. Voor het betrouwbaar schatten van
verschillen in algenconcentraties tussen jaren lijkt een wekelijkse frequentie toereikend.
Om relaties met omgevingsfactoren zichtbaar te maken is een uurlijkse tot dagelijkse
meetfrequentie nodig. Dergelijke hoge meetfrequenties worden mogelijk gemaakt door
automatische meetmethoden, zoals meetboeien, sensoren aan boord van veerboten en
satellietbeelden.
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